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Abstract

Data movement between the memory system and computation units is one of the most critical
challenges in designing high performance and energy-efficient computing systems. The high cost
of data movement is forcing architects to rethink the fundamental design of computer systems.
Recent advances in memory design enable the opportunity for architects to avoid unnecessary data
movement by performing processing-in-memory (PIM), also known as near-data processing (NDP).
While PIM can allow many data-intensive applications to avoid moving data from memory to the
CPU, it introduces new challenges for system architects and programmers. Our goal in this thesis
is to make PIM effective and practical in conventional computing systems. Toward this end, this
thesis presents three major directions: (1) examining the suitability of PIM across key workloads,
(2) addressing major system challenges for adopting PIM in computing systems, and (3) redesigning
applications aware of PIM capability. In line with these three major directions, we propose a series
of practical mechanisms to reduce processor—-memory data movement in modern workloads:

First, we comprehensively analyze the energy and performance impact of data movement for
several widely-used Google consumer workloads. We find that PIM can significantly reduce data
movement for all of these workloads, by performing part of the computation close to memory.
Each workload contains simple primitives and functions that contribute to a significant amount
of the overall data movement. We investigate whether these primitives and functions are feasible
to implement using PIM, given the limited area and power constraints of consumer devices. Our
analysis shows that offloading these primitives to PIM logic, consisting of either simple cores or
specialized accelerators, eliminates a large amount of data movement, and significantly reduces
total system energy execution time.

Second, we address one of the key system challenges for communication with PIM logic by
proposing an efficient cache coherence support for near-data accelerators (NDAs). We find that
enforcing coherence with the rest of the system, which is already a major challenge for on-chip
accelerators, becomes more difficult for NDAs. This is because (1) the cost of communication
between NDAs and CPUs is high, and (2) NDA applications generate a large amount of off-chip data
movement. As a result, as we show in this work, existing coherence mechanisms eliminate most of
the benefits of NDAs. Based on our observations, we propose CoNDA, a coherence mechanism
that lets an NDA optimistically execute an NDA kernel, under the assumption that the NDA has all
necessary coherence permissions. This optimistic execution allows CoNDA to gather information
on the memory accesses performed by the NDA and by the rest of the system. CoNDA exploits this

information to avoid performing unnecessary coherence requests, and thus, significantly reduces



data movement for coherence. We show that CoNDA significantly improves performance and
reduces energy consumption compared to prior coherence mechanisms.

Third, we propose a hardware—software co-design approach aware of PIM for edge machine
learning (ML) accelerators to enable energy-efficient and high-performance inference execution.
We analyze a commercial Edge TPU (tensor processing unit) using 24 Google edge neural network
(NN) models (including CNNs, LSTMs, transducers, and RCNNs), and find that the accelerator
suffers from three shortcomings, in terms of computational throughput, energy efficiency, and
memory access handling. We comprehensively study the characteristics of each NN layer in all of
the Google edge models, and find that these shortcomings arise from the one-size-fits-all approach
of the accelerator, as there is a high amount of heterogeneity in key layer characteristics both across
different models and across different layers in the same model. To combat this inefficiency, we
propose a new acceleration framework called Mensa. Mensa incorporates multiple heterogeneous
ML edge accelerators (including both on-chip and near-data accelerators), each of which caters
to the characteristics of a particular subset of models. At runtime, Mensa schedules each layer to
run on the best-suited accelerator, accounting for both efficiency and inter-layer dependencies. We
show that Mensa significantly improves inference energy and throughput, while reducing hardware
cost and improving area efficiency over the Edge TPU and Eyeriss v2, two state-of-the-art edge ML
accelerators.

Lastly, we propose to redesign emerging modern hybrid databases to be aware of PIM capability,
to enable real-time analysis. Hybrid transactional and analytical processing (HTAP) database
systems can support real-time data analysis without the high costs of synchronizing across separate
single-purpose databases. Unfortunately, for many applications that perform a high rate of data
updates, state-of-the-art HTAP systems incur significant drops in transactional and/or analytical
throughput compared to performing only transactions or only analytics in isolation, due to (1) data
movement between the CPU and memory, (2) data update propagation, and (3) consistency costs.
We propose Polynesia, a hardware—software co-designed system for in-memory HTAP databases.
Polynesia (1) divides the HTAP system into transactional and analytical processing islands, (2) im-
plements custom algorithms and hardware to reduce the costs of update propagation and consistency,
and (3) exploits processing-in-memory for the analytical islands to alleviate data movement. We
show that Polynesia significantly outperforms three state-of-the-art HTAP systems and reduces

energy consumption.
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Chapter 1

Introduction

1.1. Problem and Thesis Statement

An exponential growth in data volume, combined with increasing demand for data analysis,
has resulted in the emergence of a wide range of data-intensive application. These modern and
emerging applications must now process very large datasets [14,95,101,102,195,210] and have
become increasingly ubiquitous in recent years. For example, an object classification algorithm
in an augmented reality application typically trains on millions of example images and video
clips and performs classification on real-time high-definition video streams [95, 166]. In order
to process meaningful information from the large amounts of data, applications turn to artificial
intelligence (AI), or machine learning, and data analytics to methodically mine through the data
and extract key properties about the dataset. For instance, Internet-of-Things (IoT) applications
ingest a large volume of data from various sensors and typically have some form of learning model
(e.g., SQL analytics, machine learning, graph analytics) that is applied to the ingested data to make
in-the-field decisions (e.g., navigation for self-driving cars, patient monitoring and response in
healthcare) [7,29, 30, 33].

Due to the increasing reliance on manipulating and mining through large sets of data, these
modern applications greatly overwhelm the data storage and movement resources of a modern
computer. In a contemporary computer, the main memory is not capable of performing any

operations on data. As a result, to perform any operation on data that is stored in memory, the data



needs to be moved from the memory to the CPU via the memory channel, a pin-limited off-chip bus
(e.g., conventional double data rate, or DDR, memories use a 64-bit memory channel [185,187]). To
move the data, the CPU must issue a request to the memory controller, which then issues commands
across the memory channel to the DRAM module containing the data. The DRAM module then
reads and returns the data across the memory channel, and the data moves through the cache
hierarchy before being stored in a CPU cache. The CPU can operate on the data only after the data
is loaded from the cache into a CPU register.

Unfortunately, for these modern and emerging applications, data movement between the memory
system and computation units has become one of the most critical challenges in designing high-
performance and energy-efficient computing systems. The data movement bottleneck incurs a
heavy penalty in terms of both performance and energy consumption [42,202]. For example, our
comprehensive analysis of several popular Google consumer workloads shows that, among the many
sources of energy consumption in consumer devices (e.g., CPUs, GPU, special purpose accelerators,
memory), data movement accounts for 62.7% of the total system energy. The high cost of data
movement is because of three major reasons. First, there is a long latency and significant energy
involved in bringing data from DRAM to computation units. Second, it is difficult to send a large
number of requests to memory in parallel, in part because of the narrow width of the memory
channel. Third, despite the costs of bringing data into memory, much of this data is not reused
by the CPU, rendering the caching either highly inefficient or completely unnecessary [14, 15],
especially for modern workloads with very large datasets and random access patterns. Today, the
total cost of computation, in terms of performance and in terms of energy, is dominated by the
cost of data movement for modern data-intensive workloads such as machine learning and data
analytics [14,77,97,99,202,275,392].

The high cost of data movement is forcing architects to rethink the fundamental design of
computer systems. One potential way to mitigate data movement cost is to execute the data-
movement-heavy portions of our applications close to the data. The idea of performing computation
closer to the data has been proposed for at least four decades [76, 81, 109, 199, 218, 254, 267,
287,293,333,347], but earlier efforts were not widely adopted due to the difficulty of integrating



processing elements for computation with DRAM. Fortunately, recent advances in 3D-stacked
memory technology have enabled cost-effective solutions to realize this idea [174, 186,233,250].
3D-stacked DRAM architectures include a dedicated logic layer, that is capable of providing logic
functionality, with high-bandwidth low-latency connectivity to DRAM layers. Recent works take
advantage of the logic layer to perform processing-in-memory (PIM), also known as near-data
processing (NDP) [14,15,16,44,77,97,99, 139, 144,167,168, 206,210,260, 261,275,294, 356,
380,381,389]. PIM allows the CPU to dispatch parts of the application for execution on compute
units that are close to DRAM. Offloading computation using PIM has two major benefits. First,
it eliminates a significant portion of the data movement between main memory and conventional
processors. Second, it can take advantage of the high-bandwidth and low-latency access to the data
inside 3D-stacked DRAM.

While PIM can allow many data-intensive applications to avoid moving data from memory to the
CPU, it introduces new challenges for system architects and programmers. First, programmers need
to identify primitives that can benefit from PIM and can be implemented given the area and power
constraints of 3D-stacked memory’s logic layer. Whether to execute part or all of an application
in memory depends on: (1) architectural constraints, such as area and energy limitations, and the
type of logic implementable within memory; and (2) application properties, such as the intensities
of computation and memory accesses, and the amount of data shared across different functions.
Second, system architects and programmers must establish efficient interfaces and mechanisms that
allow programs to easily take advantage of the benefits of PIM. In particular, the processing logic
inside memory does not have quick access to important mechanisms required by modern programs
and systems, such as cache coherence, which programmers rely on for software development
productivity. Finally, to fully benefit from PIM, a software—hardware co-design approach is required
to redesign applications aware of PIM capability. In other words, applications can fully benefit from
PIM if both the hardware and software are co-designed to take advantage of PIM.

Our goal in this thesis is to make PIM effective and practical in conventional computing systems.
Our approach can be summarized in the following thesis statement:

Processor—-memory data movement can be significantly reduced using practical mechanisms



that are aware of modern workloads and architectural constraints.

1.2. Our Approach

In line with our thesis statement, we investigate three major directions that enable us to make
PIM effective and practical in computing systems: (1) examining the suitability of PIM across key
workloads, (2) addressing major system challenges for adopting PIM in computing systems, and
(3) redesigning applications to be aware of PIM capability. Toward these three major directions, we

make four key contributions:

1.2.1. Identifying Key Primitives by Examining the Suitability of PIM Across Important

Google Consumer Workloads

Our first work aims to identify important primitives for PIM by investigating the suitability
of PIM across key mobile (consumer) workloads. We are experiencing an explosive growth in
the number of consumer devices, including smartphones, tablets, web-based computers such as
Chromebooks, and wearable devices. For this class of devices, energy efficiency is a first-class
concern due to the limited battery capacity and thermal power budget. We find that data movement
is a major contributor to the total system energy and execution time in consumer devices. The
energy and performance costs of moving data between the memory system and the compute units
are significantly higher than the costs of computation. As a result, addressing data movement is
crucial for consumer devices.

In this work, we comprehensively analyze the energy and performance impact of data movement
for several widely-used Google consumer workloads: (1) the Chrome web browser; (2) TensorFlow
Mobile, Google’s machine learning framework; (3) video playback, and (4) video capture, both of
which are used in many video services such as YouTube and Google Hangouts. our comprehensive
analysis of several popular Google consumer workloads shows that, among the many sources of
energy consumption in consumer devices (e.g., CPUs, GPU, special-purpose accelerators, memory),
data movement accounts for 62.7% of the total system energy. We find that PIM can significantly

reduce data movement for all of these workloads, by performing part of the computation close to



memory. Each workload contains simple primitives and functions that contribute to a significant
amount of the overall data movement. We investigate whether these primitives and functions are
feasible to implement using PIM, given the limited area and power constraints of consumer devices.
Our analysis shows that offloading these primitives to PIM logic, consisting of either simple cores or
specialized accelerators, eliminates a large amount of data movement, and significantly reduces total
system energy (by an average of 55.4% across the workloads) and execution time (by an average of

54.2%). Chapter 4 describes this work in more detail.

1.2.2. Cache Coherence Support for Near-Data Accelerators (CoNDA)

Our second work aims to address the coherence challenge for near-data accelerators (NDAs).
Recent advances in memory technology have enabled NDAs, which reside off-chip close to main
memory and can yield further benefits than on-chip accelerators. Enabling coherence for NDAs
provides two key benefits: (1) programmers can use the well-known traditional shared memory
model to program systems with NDAs, and (2) we can simplify how NDAs communicate and share
data with the rest of the system. However, enforcing coherence between NDAs and the rest of the
system is very challenging. This is because (1) the cost of communication between NDAs and
CPUs is high, and (2) NDA applications generate a lot of off-chip data movement. We find that
existing coherence mechanisms eliminate most of the benefits of NDAs. We extensively analyze
these mechanisms, and observe that (1) the majority of off-chip coherence traffic is unnecessary,
and (2) much of the off-chip traffic can be eliminated if a coherence mechanism has insight into the
memory accesses performed by the NDA.

Based on our observations, we propose CoNDA, a coherence mechanism that lets an NDA
optimistically execute an NDA kernel, under the assumption that the NDA has all necessary
coherence permissions. This optimistic execution allows CoNDA to gather information on the
memory accesses performed by the NDA and by the rest of the system. CoNDA exploits this
information to avoid performing unnecessary coherence requests, and thus, significantly reduces data
movement for coherence. We evaluate CoONDA using state-of-the-art graph processing and hybrid

in-memory database workloads. Averaged across all of our workloads operating on modest data



set sizes, CONDA improves performance by 19.6% over the highest-performance prior coherence
mechanism (66.0%/51.7% over a CPU-only/PIM-only system) and reduces memory system energy
consumption by 18.0% over the most energy-efficient prior coherence mechanism (43.7% over
CPU-only). We find that CoNDA comes within 10.4% and 4.4% of the performance and energy of
an ideal mechanism with no cost for coherence. The benefits of CONDA increase with large data
sets, as CoNDA improves performance over the highest-performance prior coherence mechanism
by 38.3% (8.4x/7.7x over CPU-only/NDA-only), and comes within 10.2% of an ideal no-cost

coherence mechanism. Chapter 5 describes CONDA in more detail.

1.2.3. Mitigating Edge Machine Learning Inference Bottlenecks (Mensa)

Applications can fully benefit from PIM if both the hardware and software are co-designed to
take advantage of PIM. Our third work aims to co-design hardware and software to make use of
PIM for mobile machine learning applications to enable energy efficient and high performance
inference execution. The demands of modern consumer devices are pushing machine learning (ML)
inference to the network edge, with on-device computation. This has resulted in the design of edge
ML accelerators that can compute a wide range of neural network (NN) models while still fitting
within the tight resource constraints of edge devices. We analyze a commercial Edge TPU (tensor
processing unit) using 24 Google edge NN models (including CNNs, LSTMs, transducers, and
RCNNSs), and find that the accelerator suffers from three shortcomings, in terms of computational
throughput, energy efficiency, and memory access handling. We comprehensively study the charac-
teristics of each NN layer in all of the Google edge models, and find that these shortcomings arise
from the one-size-fits-all approach of the accelerator, as there is a high amount of heterogeneity in
key layer characteristics both across different models and across different layers in the same model.

To combat this inefficiency, we propose a new acceleration framework called Mensa. Mensa
incorporates multiple heterogeneous ML edge accelerators (including both on-chip and near-data
accelerators), each of which caters to the characteristics of a particular subset of models. At runtime,
Mensa schedules each layer to run on the best-suited accelerator, accounting for both efficiency

and inter-layer dependencies. As we analyze the Google edge NN models, we discover that all of



the layers naturally group into a small number of clusters, which allows us to design an efficient
implementation of Mensa for these models with only three specialized accelerators. Averaged across
all 24 Google edge models, Mensa improves energy efficiency and throughput by 3.0x and 3.1x
over the Edge TPU, and by 2.4x and 4.3x over Eyeriss v2, a state-of-the-art accelerator. Chapter 6

describes Mensa design.

1.2.4. Enabling Effective Hybrid Transactional/Analytical Databases with Specialized Hard-

ware/Software Co-Design (Polynesia)

Our fourth work aims to redesign emerging modern hybrid databases to be aware of PIM
capability to enable real-time analysis. An exponential growth in data volume, combined with
increasing demand for real-time analysis (i.e., using the most recent data), has resulted in the
emergence of database systems that concurrently support transactions and data analytics. These
hybrid transactional and analytical processing (HTAP) database systems can support real-time
data analysis without the high costs of synchronizing across separate single-purpose databases. To
support both types of workloads with high throughput and minimal energy, an ideal HTAP system
should have three properties [255]. First, it should ensure that transactional and analytical workloads
benefit from their own workload-specific optimizations (e.g., algorithms, data structures). Second,
it should guarantee data freshness (i.e., access to the most recent version of data) for analytical
workloads while ensuring that transactional and analytical workloads have a consistent view of
data across the system. Third, it should ensure that the latency and throughput of transactional and
analytical workloads are the same as if they were run in isolation.

Meeting all three ideal HTAP properties at once is very challenging, as transactional and
analytical workloads have different underlying algorithms and access patterns, and optimizing for
one property can often require a trade-off in another property. We extensively study state-of-the-art
in-memory HTAP systems and find that no system exists that can meet all three properties. We
observe two key problems that prevent state-of-the-art HTAP systems from simultaneously achieving
the three desired properties. First, these systems experience a drastic reduction in transactional

throughput (up to 74.6%) and analytical throughput (up to 49.8%) compared to when we run each



in isolation. This is because the mechanisms used to provide data freshness and consistency induce
a significant amount of data movement between the CPU cores and main memory. Second, HTAP
systems often fail to provide effective performance isolation. These systems suffer from severe
performance interference (up to 31.3% reduction in transactional throughput) because of the high
resource contention between transactional workloads and analytical workloads.

To solve the challenges faced by existing HTAP systems, we propose a novel hardware/software
cooperative design for in-memory HTAP databases called Polynesia. The key idea of Mensa is to
partition the computing resources in a system into two types of isolated, specialized processing
islands (transactional islands and analytical islands). By isolating transactional islands from
analytical islands, we are able to (1) apply workload-specific optimizations to each island; (2) avoid
high resource contention; and (3) design new and efficient mechanisms that propagate data updates
from transactional islands to analytical islands, where we can provide data freshness and consis-
tency without incurring high data movement costs. Polynesia (1) divides the HTAP system into
transactional and analytical processing islands, (2) implements custom algorithms and hardware
to reduce the costs of update propagation and consistency, and (3) exploits processing-in-memory
for the analytical islands to alleviate data movement. Our evaluation shows that Polynesia out-
performs three state-of-the-art HTAP systems, with average transactional/analytical throughput
improvements of 1.7X/3.7X, and reduces energy consumption by 48% over the prior lowest-energy

system. Chapter 7 describes the Polynesia design.

1.3. Contributions

This dissertation makes the following major contributions:

e This dissertation provides the first comprehensive analysis of important Google consumer work-
loads, including the Chrome browser [112], TensorFlow Mobile [128], video playback [134],
and video capture [134], to identify major sources of energy consumption. We observe that data
movement between the main memory and conventional computation units is a major contribu-
tor to the total system energy consumption in consumer devices. On average, data movement

accounts for 62.7% of the total energy consumed by Google consumer workloads. We observe
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that most of the data movement in consumer workloads is generated by simple functions and

primitives.

This dissertation presents the first detailed analysis of the feasibility of PIM for consumer devices,
considering the stringent power and area constraints of such devices. Our evaluation shows that
we can design cost-efficient PIM logic that significantly reduces the total system energy and
execution time of consumer workloads, by 55.4% and 54.2%, respectively, averaged across all of
the consumer workloads we study. These functions and primitives are composed of operations
such as memcopy, memset, basic arithmetic operations, and bitwise operations, all of which can

be implemented in hardware at low cost.

This dissertation provides an extensive design exploration and show that (1) the poor handling of
coherence eliminates much of an NDA’s performance and energy benefits, (2) the majority of off-
chip data movement (i.e., coherence traffic) generated by a coherence mechanism is unnecessary,
and (3) a significant portion of unnecessary coherence traffic can be eliminated by having insight

into which memory accesses actually require a coherence operation.

This dissertation proposes CONDA, a new coherence mechanism that optimistically executes code
on an NDA to gather information on memory accesses. Optimistic execution enables CONDA to
identify and avoid performing unnecessary coherence requests. As our evaluation shows, this
reduces off-chip data movement, allowing NDA execution under CoNDA to always outperform

prior coherence mechanisms (as well as CPU-only and NDA-only execution).

This dissertation presents the first in-depth analysis of how edge ML accelerators operate across a
wide range of state-of-the-art edge NN models (provided by Google). Our analysis reveals three
key shortcomings of state-of-the-art accelerators: (1) significant PE underutilization, (2) poor
energy efficiency, and (3) an inefficient memory system. We comprehensively analyze the key
characteristics of each layer in Google’s edge NN models. We make two observations from our
analysis: (1) layer characteristics vary significantly both across models and across layers within a
single model, and (2) the monolithic design of state-of-the-art accelerators is the root cause of

their shortcomings.



e This dissertation proposes Mensa, a new framework for efficient edge ML acceleration. Mensa
employs a few small, carefully specialized accelerators, and includes a runtime scheduler that
assigns each layer to one of the accelerators based on layer characteristics and inter-layer
communication. We find that Mensa is significantly more efficient and performs better than a
state-of-the-art edge ML accelerator for our Google edge models, while using significantly less

area.

o This dissertation provides the first comprehensive analysis of how major system- and architecture-

level challenges limit throughput and efficiency in state-of-the-art HTAP systems.

e This dissertation proposes Polynesia, a new hardware/software cooperative design for HTAP
databases. We isolate hardware resources into transactional and analytical islands, and design
new algorithms and specialized hardware for running analytical workloads and for conveying
transactional updates to analytical workloads. Polynesia is the first work to achieve all three
desired properties of an HTAP system. We propose new algorithms for update propagation,
consistency, data placement, and task scheduling, which we co-design with new hardware to take
advantage of the underlying characteristics of HTAP workloads. To our knowledge, this is the

first specialized hardware for HTAP databases.

1.4. Dissertation Outline

This dissertation is organized into 8 chapters. Chapter 2 presents background on 3D-stacked
memory and discusses early PIM proposals. Chapter 3 discusses related prior work on PIM. Chap-
ter 4 presents our comprehensive analysis of Google consumer workloads and detailed analysis
of the feasibility of PIM for consumer devices. Chapter 5 presents the design of CoNDA, our
cache coherence mechanism for PIM. Chapter 6 presents our comprehensive analysis of edge ML
accelerators and Google NN models, and discusses the design of Mensa, our proposed framework
for efficient edge ML acceleration. Chapter 7 discusses the major system- and architecture-level
challenges of state-of-the-art HTAP systems and presents Polynesia, our hardware/software coop-

erative design for HTAP databases. Finally, Chapter 8 presents conclusions and future research
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directions that are enabled by this dissertation.
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Chapter 2

Background

2.1. Early PIM Proposals

The origins of PIM go back to proposals from the 1970s, where small processing elements
were combined with small amounts of RAM to provide a distributed array of memories that
perform computation [333, 347]. Starting in the 1990s, many different groups of researchers
explored the integration of logic close to the memory subsystem. Some of the early works on
PIM [81,109,218,293] add logic within DRAM to perform vector operations. Execube is among very
early PIM implementation which targets massively parallel workloads. It integrates 8 processing
cores (16-bit SIMD/MIMD) with a memory bank (4 Mbits of DRAM), and connect all processing
elementrs together to provide direct memory access transfers between them. IRAM [293] is another
early PIM implementation which propose to combine 13 MB of DRAM with a vector processor on
a single chip, primarily targeting multimedia workload. Computation]l-RAM [81] and Terasys [109]
propose to integrate a large array of simple computation directly into DRAM arrays to exploit the
massive internal bandwidth of DRAM.

Later works [76,199,254,267,287] propose more versatile substrates that increase the flexibility
and computational capability available within the DRAM chip. FlexRAM [199] serves as a
replacement for the main DRAM system, with logic and memory chips integrated together to work
as a coprocessor. DIVA [76] and Smart Memories [254] are alternative architectures that combine

memory chips with sophisticated processor components (e.g., functional units, full caches) to act
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as independent processors. The Active Pages proposal [287] uses a reconfigurable architecture to
make memory more flexible, and issues computations to memory that can be performed across all
of the data within a large page. Unfortunately, many of these works were hindered by the limitations
of existing memory technologies and costly DRAM-logic integration, which prevented the practical

integration of logic in or near the memory.

2.2. New Opportunities in Modern Memory Systems

Due to the increasing need for large memory systems by modern applications, DRAM scal-
ing is being pushed to its practical limits [197]. It is becoming more difficult to increase the
density citedram-scaling, drame-latency, reduce the latency [211,273], and decrease the energy
consumption of conventional DRAM architectures. In response, memory manufacturers are actively
developing two new approaches for main memory system design, both of which can be exploited to
overcome prior barriers to implementing PIM architectures.

The first major innovation is 3D-stacked memory [233,250]. The emergence of 3D-stacked
DRAM architectures [174, 186,233,250] offers a promising solution to enable PIM. These architec-
tures stack multiple layers of DRAM arrays within a single chip, as shown in Figure 2.1. These
3D-stacked memory use through-silicon vias (TSVs), which are vertical wires that connect all
stack layers together. With current manufacturing process technologies, thousands of TSVs can be
placed within a single 3D-stacked memory chip. Due to the available density of TSVs, 3D-stacked
memories are able to provide much greater bandwidth between stack layers than they can provide
off-chip. Examples of 3D-stacked DRAM available commercially include High-Bandwidth Memory
(HBM) [186], Wide I/0O [189], and the Hybrid Memory Cube (HMC) [174].

Several 3D-stacked DRAM architectures (e.g., HBM [186], HMC [174]) provide a dedicated
logic layer within the stack that can have low-complexity (due to thermal constraints) logic. The
logic layer is typically the bottommost layer of the chip, and is connected to the same TSVs as
the memory layers. The logic layer provides a space inside the DRAM chip where architects can
implement functionality that interacts with both the processor and the DRAM cells. Currently,

manufacturers make limited use of the logic layer, presenting an opportunity for architects to
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Figure 2.1. High-level organization of a 3D-stacked DRAM archiecture.

implement new PIM logic in the available area of the logic layer. We can potentially add a wide
range of computational logic (e.g., general-purpose cores, accelerators, reconfigurable architectures)
in the logic layer, as long as the added logic meets area, energy, and thermal dissipation constraints.

Recent PIM proposals [13,14,15,42,77,93,97,99,139,167,169,207,248,275,319,320,321,342,
356,381,389,392] add processing logic to the logic layer to exploit the high bandwidth available
between the logic layer and the DRAM cell arrays. The proposed PIM processing logic design
varies based on the specific architecture, and can range from fixed-function accelerators to simple
in-order cores, and reconfigurable logic. The complexity of the processing logic that can be added
to the logic layer is currently limited by the manufacturing process technology and thermal design
points, which may prevent highly-sophisticated processors (e.g., out-of-order processor cores with
large caches and sophisticated instruction-level parallelism techniques) from being implemented
within the logic layer at this time.

The second major innovation is the use of byte addressable resistive nonvolatile memory
(NVM) for the main memory subsystem. In order to avoid DRAM scaling limitations entirely,
researchers and manufacturers are developing new memory devices that can store data at much higher
densities than the typical density available in existing DRAM manufacturing process technologies.
Manufacturers are exploring at least three types of emerging NVMs to augment or replace DRAM
at the main memory layer: (1) phase-change memory (PCM), (2) magnetic RAM (MRAM) and
(3) metal-oxide resistive RAM (RRAM) or memristors. All three of these NVM types are expected

to provide memory access latencies and energy usage that are competitive with or close enough to
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DRAM, while enabling much larger capacities per chip and nonvolatility in main memory

NVMs present architects with an opportunity to redesign how the memory subsystem operates.
While it can be difficult to modify the design of DRAM arrays due to the delicacy of DRAM
manufacturing process technologies as we approach scaling limitations, NVMs have yet to approach
such scaling limitations. As a result, architects can potentially design NVM memory arrays that
integrate PIM functionality. A promising direction for this functionality is the ability to manipulate
NVM cells at the circuit level in order to perform logic operations using the memory cells themselves.
A number of recent works have demonstrated that NVM cells can be used to perform a complete
family of Boolean logic operations [24,242]. similar to such operations that can be performed in

DRAM cells [319,321,369].

2.3. Processing-Near-Memory vs. Processing-Using-Memory

Many recent works take advantage of the memory technology innovations that we discuss
in Section 2.2 to enable PIM. We find that these works generally take one of two approaches:
(1) processing-near-memory, and (2) processing-using-memory. Processing-near-memory involves
adding or integrating PIM logic (e.g., accelerators, very small in-order cores, reconfigurable logic)
close to or inside the memory ( [14, 15, 16,44,77,97,99, 139, 144,167, 168,206,210, 260, 261,
275,294,356, 380, 381, 389]). Many of these works place PIM logic inside the logic layer of
3D-stacked memories or at the memory controller. In contrast, processing-using-memory makes use
of intrinsic properties and operational principles of the memory cells and cell arrays themselves, by
inducing interactions between cells such that the cells and/or cell arrays can perform computation.
Prior works show that processing-using-memory is possible using static RAM (SRAM) [12, 80],
DRAM [71,96,241,319,320,321,322,323,324], or NVM technology [24, 35,59, 145, 183,242,326,
355].
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Chapter 3

Related Work

Many previous works have proposed to use PIM to mitigate data movement bottlenecks. We

will describe the relevant works by dividing them into different categories based on their similarity.

3.1. Early Approaches to PIM

The origins of PIM go back to proposals from the 1970s, where small processing elements were
combined with small amounts of RAM to provide a distributed array of memories that perform
computation [333,347]. Starting in the 1990s, many different groups of researchers explored the
integration of logic close to the memory subsystem [81, 109, 218,293]. Later works [76, 199,
254,267, 287] propose more versatile substrates that increase the flexibility and computational
capability available within the DRAM chip. Unfortunately, many of these works were hindered
by the limitations of existing memory technologies and costly DRAM-logic integration, which
prevented the practical integration of logic in or near the memory. We provide more details on these

early works in Chapter 2.

3.2. PIM Using 3D-Stacked Memories

With the advent of 3D-stacked memories, we have seen a resurgence of PIM proposals [14,
15,16,31,44,48,77,94,97,98,99, 137,139, 144,152,154, 167, 168,206, 210, 236, 260, 261, 275,
294,310,341,356,380,381,389,395,400]. Recent PIM proposals add compute units within the
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logic layer to exploit the high bandwidth available. These works primarily focus on the design
of the underlying logic that is placed within memory, and in many cases propose special-purpose
PIM architectures that cater only to a limited set of applications. These works include accelerators
for data reorganization [16], graph processing [14,275,392], databases [77,261,380], in-memory
analytics [97], MapReduce [302], genome sequencing [210], graphics [381], machine learning
workloads [99, 206], and concurrent data structures [249]. Some works propose more generic
architectures by adding PIM-enabled instructions [15], GPGPUs [167,294,389], or reconfigurable
hardware [93, 139] to the logic layer in 3D-stacked memory. More work in the area can be found in

the following four major overview papers [103,271,272,325].

3.3. PIM Architectures for Consumer Workloads

Recent works on PIM embed computation units within the logic layer (e.g., [14, 15, 16, 44,
77,97,99,139, 144,167, 168, 2006, 210, 260, 261, 275, 294, 356, 380, 381, 389]). However, these
previous proposals are not designed for the highly-stringent area, power, and thermal constraints of
modern commercial consumer devices. To our knowledge, this dissertation presents the first work
(Chapter 4) to (1) conduct a comprehensive analysis of Google’s consumer device workloads to
identify major sources of energy consumption, with a focus on data movement; and (2) analyze and
evaluate how PIM benefits consumer devices, given the stringent power and area constraints of such
devices.

Prior works [50, 142,171,289,309] study the general performance and energy profile of mobile
applications. Narancic et al. [276] study the memory system behavior of a mobile device. Shingari
et al. [335] characterize memory interference for mobile workloads. None of these works analyze
(1) the sources of energy consumption and data movement in consumer workloads, or (2) the benefits
of PIM for modern consumer workloads. One prior work [290] measures the data movement cost of
emerging mobile workloads. However, the work does not identify or analyze the sources of data
movement in consumer workloads, and does not propose any mechanism to reduce data movement.

A number of prior works select a single consumer application and propose techniques to

improve the application. Many prior works [53,54,397,399] use a variety of techniques, such as
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microarchitecture support and language extensions, to improve browsing energy and performance.
None of these works (1) conduct a detailed analysis of important user interactions (page scrolling and
tab switching) when browsing real-world web pages, or (2) identify sources of energy consumption
and data movement during these interactions. Other works [45,61,70,192,229,232,390] attempt
to improve the efficiency of motion compensation, motion estimation, and the deblocking filter
in different video codec formats using various techniques, ranging from software optimization to
hardware acceleration. None of these works (1) thoroughly analyze the data movement cost for a
video codec, or (2) use PIM to improve the energy and performance of the video codec. Several
works [58,99,151,206,307] focus on accelerating inference. While these mechanisms can speed up
inference on mobile TensorFlow, they do not address the data movement issues related to packing
and quantization. Tetris [99] and Neurocube [206] attempt to push the entire inference execution
into PIM. While Tetris and Neurocube eliminate data movement during inference, their PIM logic
incurs high area and energy overheads, which may not be practical to implement in consumer
devices given the limited area and power budgets. In contrast, our approach identifies the minimal
functions of inference that benefit from PIM, allowing us to greatly reduce data movement without
requiring a large area or energy overhead, and making our PIM logic feasible to implement in

consumer devices.

3.4. Cache Coherence Support for PIM

Most recent PIM proposals assume that there is only a limited amount of data sharing between
PIM kernels and the CPU threads, and employ naive solutions for coherence, such as (1) assuming
that data is never accessed concurrently [14, 169], (2) making PIM data non-cacheable in the
CPU [14,77,93,99,275,302], (3) flushing all dirty cache lines from CPU caches before starting
an PIM kernel [97, 235, 361, 389], (4) using coarse-grained coherence [93, 380], or (5) using
traditional fine-grained coherence protocols [42]. We showe in this dissertation (Chapter 5) that
these approaches are not effective for several important application domains. To our knowledge,
this dissertation presents the first work (Chapter 5) to (1) perform an extensive design exploration

of state-of-the-art mechanisms for PIM—CPU coherence, and (2) propose an efficient mechanism
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for coherence at a fine granularity between PIM kernels and CPU threads.

Other works aim to provide efficient coherence support for accelerators in non-PIM systems.
HSC [298] reduces coherence traffic between the CPU and GPU. However, HSC assumes that both
the CPU and GPU are on the same chip, and thus can benefit from CG, unlike many PIM systems.
FUSION [222] employs MESI (fine-grained, or FG) coherence between on-chip accelerators and
the CPU. As we show in this dissertation, FG eliminates the majority of the benefits of an PIM due
to the high cost of off-chip traffic.

Several works [20, 204, 286, 340] reduce on-chip communication between GPU cores, and
are also not well-suited for PIM—CPU coherence. For example, the DeNovo protocol [340]
communicates at a fine granularity when (1) a cache miss occurs, (2) the protocol registers a
write (i.e., informs the directory of the core that holds the modified data), or (3) a cache line is
evicted. Since PIM kernels often have poor cache locality, this would cause DeNovo to generate a
large amount of off-chip traffic. Furthermore, protocols like DeNovo are not readily compatible
with existing coherence protocols, and require us to implement the new protocol across the entire
system [340], which is a barrier to adoption. In contrast, CONDA is designed with the poor cache
locality of PIM kernels in mind, and does not require the modification of existing coherence
protocols elsewhere in the system. We believe these works [20, 204, 286, 340] can be used to

optimize intra-PIM coherence.

3.5. Software-Hardware Co-design for PIM

Many recent works propose to use PIM to mitigate data movement costs. In particular, serveral
prior works propose PIM architectures for certain application domain such as data analytic system
(e.g., [77,261,302,380]), deep learning application (e.g, [97,99,206]) and graph processing systems
(e.g., [14,97,275,392]). Only a few of these works propose software-hardware co-design techniques
aware of PIM capability. Mondrian [77] proposes to modify the partitioning algorithm in the
partitioning phase of data analytics operators to improve the efficiency of memory access patterns
for PIM. GraphP [392] proposes a software-hardware co-designed graph processing system which

features a new partitioning algorithm, programming model, and synchronization algorithm that
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make use of HMC and PIM architecture. However, no prior work proposes software-hardware

co-design techniques for HTAP or mobile ML applications.

3.6. HTAP Systems

Several works from industry (e.g., [92,107,227,230,231]) and academia (e.g., [25, 30, 136,
205,215,234,255,266,314]) propose various techniques to support HTAP. Many of them use a
single-instance design [25,30,92,136,205,314], For example, Hyper [205] proposes a single replica
with NSM data layout, and uses virtual memory system to provide analytics with snapshots of the
most recent version of data, while transactions update the main replica. SAP HANA [92] stores data
in a main—delta structure, where updates are stored in a delta structure and are periodically merged
back into the main partition. Peloton [30] proposes a hybrid data layout and periodically converts
data between different formats to benefit both analytical and transactional workloads. H2TAP [25]
proposes to move the analytical workload from the CPU to a GPU, and uses shared memory and
message passing to provide data freshness and consistency. Many other works use a multiple-
instance design [5, 107,255]. Batch-DB [255] uses two replicas, one for transactions and the other
for analytics, and propagates updates between them. Both Oracle [5] and the scale-out extension
of SAP-HANA [107] use a delta structure and periodically merge updates from the transactional
replica into the analytical replica. All of these proposals suffer from the drawbacks we highlight in
Chapter 1.2.4 (and provides more detail in Chapter 7), and none can fully meet the desired HTAP
properties. Other prior works focus solely on analytical workloads [77,217,261,377,378,380].
Some of these works propose to use specialized on-chip accelerators [217,377,378] while others
propose to use PIM to speed up analytical operators [77,261,380]. However, none of these works
study the effect of data placement or task scheduling for the analytical workload in the context of
PIM or HTAP systems.

To our knowledge, this dissertation presents the first work (Chapter 7) that (1) comprehensively
examines HTAP systems and their major challenges, (2) proposes a hardware—software co-designed

HTAP system, and (3) describes an HTAP system that meets all desired HTAP properties.
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3.7. Edge ML Inference

Many prior works look at a specific model type (predominantly CNNs) [18,21,56,57,58,78,
99,138,141,201,251,292,328,334,338,362,365,394]. None of these works perform an analysis
across different classes of edge models (e.g., Transducers, LSTMs, RCNNs). In fact, many of
these works (e.g., [58,78,99,292,328]) analyze traditional models (e.g., AlexNet, VGG), and their
proposals are not tailored toward state-of-the-art edge models (which we show are different) or
resource-limited edge devices. The proposed accelerators are tailored toward a particular model
type (e.g., CNNs [58,99,292,334,362], LSTMs [338,394]), and they are not optimized to serve
multiple edge model types. As a result, these accelerators all suffer from the issues we discuss in
Chapter 6.

Among those works that focus on CNN models, a few observe diversity across CNN layers [57,
198, 224,225,328, 365]. Maeri [225] and EyerissV2 [57] use reconfigurable logic to provide
flexible dataflows and networks for different layers. However, those solutions (1) are very costly for
area- and power-constraint edge devices, and (2) do not address memory system issues for edge
accelerators. ScaleDeep [365] proposes customized processing tiles to address diversity in CNN
layers. While the idea shares some similarities with our proposed approach (Mensa in Chaptern 6)
in this dissertation (exploiting heterogeneity in hardware), ScaleDeep (1) targets traditional cloud-
based training instead of edge inference, resulting in significantly different support for diversity
(e.g., CNN layers in edge models have significantly greater diversity than traditional models); and
(2) does not address the larger diversity that exists between CNN layers and layers in other model
types (e.g., LSTM layers). Neurosurgeon [198] looks at both vision and speech models. However,
their analysis is done on old/traditional vision/speech models (which do not reflect state-of-the-art
edge model properties), and their solution relies on offloading some layers to the cloud, which
undermines the goal of running inference locally.

To the best of our knowledge, this dissertation presents the first work (mensa in Chapter 6) that
(1) extensively analyzes a wide range of state-of-the-art Google edge models and how a state-of-the-

art edge accelerator operates across these models, (2) quantify the large degree of layer variation
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both across edge models and within a model, and (3) proposes a framework to efficiently manage

multiple heterogeneous edge ML accelerators that exploit layer variation.

3.8. Addressing Challenges to PIM Adoption

Recent work has examined design challenges for systems with PIM support that can affect
PIM adoption. These challenges are being worked on by the research community and industry to
facilitate PIM adoption into conventional computing systems [103,271,272,325]. A number of
these works improve PIM programmability, such as the study by Sura et al. [352], which optimizes
how programs access PIM data; PEI [15], which introduces an instruction-level interface for PIM
that preserves the existing sequential programming models and abstractions for virtual memory and
coherence; TOM [167], which automates the identification of basic blocks that should be offloaded
to PIM and the data mapping for such blocks; work by Pattnaik et al. [294], which automates
whether portions of GPU applications should be scheduled to run on GPU cores or PIM cores;
and work by Liu et al. [249], which designs PIM-specific concurrent data structures to improve
PIM performance. Other works tackle hardware-level design challenges, including IMPICA [168],
which introduces in-memory support for address translation and pointer chasing; and work by Kim
et al. [208] that enables PIM logic to efficiently access data across multiple memory stacks. There is
a recent work on modeling and understanding the interaction between programs and PIM hardware,
such as NAPEL [342], a framework that predicts the potential performance and energy benefits of

using PIM.
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Chapter 4

Google Workloads for Consumer Devices:

Mitigating Data Movement Bottlenecks

Consumer devices, which include smartphones, tablets, web-based computers such as Chrome-
book [113], and wearable devices, have become increasingly ubiquitous in recent years. There
were 2.3 billion smartphone users worldwide in 2017 [83]. Tablets have witnessed similar growth,
as 51% of the U.S. population owns a tablet as of 2016, and 1.2 billion people in the world use
tablets [83]. There is similar demand for web-based computers like Chromebooks [113], which
now account for 58% of all computer shipments to schools in the U.S. [159].

Energy consumption is a first-class concern for consumer devices. The performance require-
ments of these consumer devices have increased dramatically every year to support emerging
applications such as 4K video streaming and recording [391], virtual reality (VR) [228], and
augmented reality (AR) [17, 55, 146,247]. A consumer device integrates many power-hungry
components such as powerful CPUs, a GPU, special-purpose accelerators, sensors, and a high-
resolution screen. Despite the rapid growth in processing capability, two trends greatly limit the
performance of consumer devices. First, lithium-ion battery capacity has only doubled in the last
20 years [69,312]. Second, the thermal power dissipation of consumer devices has become a
severe performance constraint [146]. Therefore, fundamentally energy-efficient design of consumer

devices is critical to keep up with increasing user demands and to support a wide range of emerging
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applications [55,210,228,262,264,265,280,391].

Our goal is to (1) understand the data movement related bottlenecks in modern consumer
workloads, (2) comprehensively analyze the benefits that PIM can provide for such workloads, and
(3) investigate the PIM logic that can benefit these workloads while still being feasible to implement

given the limited area, power, and thermal budgets of consumer devices.

4.1. Summary of Key Insights and Observations

To identify the major sources of energy consumption in consumer devices, we conduct an
in-depth analysis of several popular Google consumer workloads, as they account for a significant
portion of the applications executed on consumer devices. We analyze (1) Chrome [112], the most
commonly-used web browser [277]; (2) TensorFlow Mobile [128], Google’s machine learning
framework that is used in various services such as Google Translate [124], Google Now [123], and
Google Photos [121]; (3) video playback [134] and (4) video capture using the VP9 codec [134],
which is used by many video services such as YouTube [130], Skype [259], and Google Hang-
outs [120]. These workloads are among the most commonly-used applications by consumer device
users [68,73,85,171,289], and they form the core of many Google services (e.g., Gmail [117],
YouTube [130], the Android OS [111], Google Search [122]) that each have over a billion monthly
active users [131,297].

We make a key observation based on our comprehensive workload analysis: among the many
sources of energy consumption in consumer devices (e.g., CPUs, GPU, special purpose accelerators,
memory), data movement between the main memory system and computation units (e.g., CPUs,
GPU, special-purpose accelerators) is a major contributor to the total system energy. For example,
when the user scrolls through a Google Docs [119] web page, moving data between memory and
computation units causes 77% of the total system energy consumption (Section 4.3.2.1). This is due
to the fact that the energy cost of moving data is orders of magnitude higher than the energy cost of
computation [202]. We find that across all of the applications we study, 62.7% of the total system
energy, on average, is spent on data movement between main memory and the compute units.

Based on our key observation, we find that we can substantially reduce the total system energy
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if we greatly mitigate the cost of data movement. One potential way to do so is to execute the
data-movement-heavy portions of our applications close to the data. Recent advances in 3D-stacked
memory technology have enabled cost-effective solutions to realize this idea [174, 186,233,250].
3D-stacked DRAM architectures include a dedicated logic layer, that is capable of providing logic
functionality, with high-bandwidth low-latency connectivity to DRAM layers. Recent works [14, 15,
16,44,77,97,99,139,144,167,168,206,210,260,261,275,294,356,380,381,389] take advantage of
the logic layer [174,186,233,250] to perform processing-in-memory (PIM), also known as near-data
processing. PIM allows the CPU to dispatch parts of the application for execution on compute
units that are close to DRAM. Offloading computation using PIM has two major benefits. First,
it eliminates a significant portion of the data movement between main memory and conventional
processors. Second, it can take advantage of the high-bandwidth and low-latency access to the data
inside 3D-stacked DRAM.

However, there are challenges against introducing PIM in consumer devices. Consumer devices
are extremely stringent in terms of the area and energy budget they can accommodate for any new
hardware enhancement. Regardless of the memory technology used to enable PIM (whether it is
HMC [174], HBM [186], or some other form of 3D-stacked or compute-capable memory [214,
233,319,321]), any additional logic can potentially translate into a significant cost in consumer
devices. In fact, unlike prior proposals for PIM in server or desktop environments, consumer devices
may not be able to afford the addition of full-blown general-purpose PIM cores [44,77,97], GPU
PIM cores [167,294,389], or sophisticated PIM accelerators [14,99, 168] to 3D-stacked memory.
As a result, a major challenge for enabling PIM in consumer devices is to identify what kind of
in-memory logic can both (1) maximize energy efficiency and (2) be implemented at minimum
possible cost.

To investigate the potential benefits of PIM, given the area and energy constraints of consumer
devices, we delve further into each consumer workload to understand what underlying functions and
characteristics contribute most to data movement. Our analysis leads to a second key observation:
across all of the consumer workloads we examine, there are often simple functions and primitives

(which we refer to as PIM targets) that are responsible for a significant fraction of the total data
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movement. These PIM targets range from simple data reorganization operations, such as tiling
and packing, to value interpolation and quantization. For example, as we show in Sections 4.3
and 4.4, the data movement cost of data reorganization operations in Chrome and TensorFlow
Mobile account for up to 25.7% and 35.3% of the total system energy, respectively.

We find that many of these PIM targets are comprised of simple operations such as memcopy,
memset, and basic arithmetic and bitwise operations. Such PIM targets are mostly data-intensive
and require relatively little and simple computation. For example, texture tiling in Chrome is
comprised of memcopy, basic arithmetic, and bitwise operations. We find that the PIM targets
can be implemented as PIM logic using either (1) a small low-power general-purpose embedded
core (which we refer to as a PIM core) or (2) a group of small fixed-function accelerators (PIM
accelerators). Our analysis shows that the area of a PIM core and a PIM accelerator take up no
more than 9.4% and 35.4%, respectively, of the area available for PIM logic in an HMC-like [174]
3D-stacked memory architecture (Section 4.2.2). Thus, the PIM core and PIM accelerator are
cost-effective to use in consumer devices.

Our comprehensive experimental evaluation shows that PIM cores are sufficient to eliminate a
majority of data movement, due to the computational simplicity and high memory intensity of the
PIM targets. On average across all of the consumer workloads that we examine, PIM cores provide
a 49.1% energy reduction (up to 59.4%) and a 44.6% performance improvement (up to 2.2x) for
a state-of-the-art consumer device. We find that PIM accelerators provide larger benefits, with an
average energy reduction of 55.4% (up to 73.5%) and performance improvement of 54.2% (up to
2.5x) for a state-of-the-art consumer device. However, PIM accelerators require custom logic to be
implemented for each separate workload. We find that PIM accelerators are especially effective for
workloads such as video playback, which already make use of specialized hardware accelerators in

consumer devices.

4.2. Analyzing and Mitigating Data Movement

We start by identifying those portions of the consumer workloads that cause significant data

movement and that are best suited for PIM execution. We examine four widely-used Google
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consumer workloads: (1) the Chrome web browser [112]; (2) TensorFlow Mobile [128], Google’s
machine learning framework; (3) video playback, and (4) video capture using the VP9 video
codec [134]. These workloads form the core of many Google services (e.g., Gmail [117], YouTube [130],
the Android OS [111], Google Search [122]) that each have over a billion monthly active users [131,
297].

In this section, we discuss our characterization methodology (Section 4.2.1), our approach for
identifying PIM targets in each consumer workload (Section 4.2.2), and the types of PIM logic we

use to implement the PIM targets (Section 4.2.3).

4.2.1. Workload Analysis Methodology

We perform our workload characterization on a Chromebook [113] with an Intel Celeron
(N3060 dual core) SoC [177] and 2GB of DRAM. Our performance and traffic analyses are based
on hardware performance counters within the SoC.

We build our energy model based on prior work [290], which sums up the total energy consumed
by the CPU cores, DRAM, off-chip interconnects, and all caches. We use hardware performance
counters to drive this model. During our characterization, we turn off Wi-Fi and use the lowest
brightness for the display to ensure that the majority of the total energy is spent on the SoC and
the memory system [289,290]. We use CACTI-P 6.5 [270] with a 22nm process technology to
estimate L1 and L2 cache energy. We estimate the CPU energy based on prior works [290,364]
and scale the energy to accurately fit our Celeron processor. We model the 3D-stacked DRAM
energy as the energy consumed per bit, using estimates and models from prior works [184,313].
We conservatively use the energy of the ARM Cortex-R8 to estimate the energy consumed by a
PIM core, and we estimate the PIM accelerator energy based on [9], conservatively assuming that

the accelerator is 20x more energy-efficient than the CPU cores.

Chrome Web Browser. We analyze Chrome [112] using the Telemetry framework [65], which
automates user actions on a set of web pages. We analyze three pages that belong to important
Google web services (Google Docs [119], Gmail [117], Google Calendar [118]), two of the top

25 most-accessed web sites [19] (WordPress [375] and Twitter [363]), and one animation-heavy
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page [65].

TensorFlow Mobile. To analyze TensorFlow Mobile [128], we profile four representative neural net-
works: VGG-19 [339], ResNet-v2-152 [157], Inception-ResNet-v2 [354], and Residual-GRU [360].
The first three networks are for image classification, and Residual-GRU is for image compression.
All four networks have a number of use cases on mobile consumer devices (e.g., grouping similar

images, reducing the size of newly-taken photos on the fly).

Video Playback and Video Capture. We evaluate both hardware and software implementations
of the VP9 codec [134,372]. We use publicly-available video frames [382] as inputs to the VP9
decoder and encoder. For the in-house hardware implementation, we use a bit-level C++ model to
accurately model all traffic between each component of the hardware and DRAM. The RTL for the

commercial VP9 hardware is generated from this C++ model using Calypto Catapult [258].

4.2.2. Identifying PIM Targets

We use hardware performance counters and our energy model to identify candidate functions
that could be PIM targets. A function is a PIM target candidate if (1) it consumes the most energy
out of the all functions in the workload, (2) its data movement consumes a significant fraction
of the total workload energy, (3) it is memory-intensive (i.e., its last-level cache misses per kilo
instruction, or MPKI, is greater than 10 [63,212,213,268]), and (4) data movement is the single
largest component of the function’s energy consumption. We then check if each candidate is
amenable to PIM logic implementation using two criteria. First, we discard any PIM targets that
incur any performance loss when run on simple PIM logic (i.e., PIM core, PIM accelerator). Second,
we discard any PIM targets that require more area than is available in the logic layer of 3D-stacked
memory (see Section 4.2.3). In the rest of this chapter, we study only PIM target candidates that

pass both of these criteria.

4.2.3. Implementing PIM Targets in 3D-Stacked DRAM

For each workload, once we have identified a PIM target, we propose PIM logic that can perform

the PIM target functionality inside the logic layer of 3D-stacked memory. We propose two types
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of PIM logic: (1) a general-purpose PIM core, where a single PIM core can be used by any of our
PIM targets; and (2) a fixed-function PIM accelerator, where we design custom logic for each PIM
target.

For the PIM core, we design a custom 64-bit low-power single-issue core similar in design to
the ARM Cortex-R8 [28] (see Section 4.8 for more details). All of the PIM targets that we evaluate
are data-intensive, and the majority of them perform only simple operations (e.g., memcopy, basic
arithmetic operations, bitwise operations). As a result, we do not implement aggressive instruction-
level parallelism (ILP) techniques (e.g., sophisticated branch predictors, superscalar execution) in
our core. Several of our PIM targets exhibit highly data-parallel behavior, leading us to incorporate
a SIMD unit that can perform a single operation on multiple pieces of data concurrently. We
empirically set the width of our SIMD unit to 4.

For the PIM accelerator for each of our PIM targets, we first design a customized in-memory
logic unit, which is fixed-function logic that performs a single thread of the PIM target in the
logic layer. To exploit the data-parallel nature of the PIM targets, we add multiple copies of the
in-memory logic unit, so that multiple threads of execution can be performed concurrently.

We evaluate the performance and energy consumption of a state-of-the-art consumer device that
contains either PIM cores or PIM accelerators in 3D-stacked memory (Section 4.9). In order to
assess the feasibility of implementing our PIM cores or PIM accelerators in memory, we estimate
the area consumed by both types of PIM logic for a 22 nm process technology. We assume that
the 3D-stacked memory contains multiple vaults (i.e., vertical slices of 3D-stacked DRAM), and
that we add one PIM core or PIM accelerator per vault. Assuming an HMC-like [174] 3D-stacked
memory architecture for PIM, there is around 50-60 mm? of area available for architects to add
new logic into the DRAM logic layer. This translates to an available area of approximately 3.5—
4.4 mm? per vault to implement our PIM logic [77,99, 184].! We find that each PIM core requires
less than 0.33 mm? of area in the logic layer, conservatively based on the footprint of the ARM
Cortex-R8 [28]. This requires no more than 9.4% of the area available per vault to implement PIM

logic. The area required for each PIM accelerator depends on the PIM target being implemented,

'As a comparison, a typical system-on-chip (SoC) used in a consumer device has an area of 50—100 mm? [343,353,
357,373,374].
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and we report these area numbers in Sections 4.3—4.6.

4.3. Chrome Web Browser

A web browser is one of the most commonly-used applications by consumer device users [73],
and is listed as one of the most common applications in many mobile benchmarks [142,171,289].
We study Google Chrome, which has claimed the majority of the mobile browsing market share for
several years [277], and has over a billion active users [297].

The user perception of the browser speed is based on three factors: (1) page load time, (2) smooth
web page scrolling, and (3) quick switching between browser tabs. In our study, we focus on two
user interactions that impact these three factors, and govern a user’s browsing experience: (1) page

scrolling and (2) tab switching. Note that each interaction includes page loading.

4.3.1. Background

When a web page is downloaded, the rendering engine in Chrome, called Blink [64], parses the
HTML to construct a Document Object Model (DOM) tree, which consists of the internal elements
of the web page represented as tree nodes. Blink also parses the style rule data from the Cascading
Style Sheet (CSS). The DOM tree and style rules enable a visual representation of the page, called
the render tree. Each render tree node, called a render object, requires geometric information of the
corresponding element to paint it to the display. The process of calculating the position and size of
each render object is called layout. Once layout is complete, Chrome uses the Skia library [126] to
perform rasterization, where a bitmap is generated for each render object by recursively traversing
the render tree. The rasterized bitmap (also known as a texture) is then sent to the GPU through a
process called texture upload, after which the GPU performs compositing. During compositing, the

GPU paints the pixels corresponding to the texture onto the screen.

4.3.2. Page Scrolling

Scrolling triggers three operations: (1) layout, (2) rasterization, and (3) compositing. All three

operations must happen within the mobile screen refresh time (60 FPS or 16.7 ms [243,274]) to
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avoid frame dropping. Scrolling often forces the browser to recompute the layout for the new
dimensions and position of each web page element, which is highly compute-intensive. However, a
careful design of web pages can mitigate this cost [351,359]. The browser also needs to rasterize
any new objects that were not displayed previously. Depending on the web page contents and scroll
depth, this requires significant computation [239,359]. The updated rasterized bitmap must then be

composited to display the results of the scroll on the screen.

4.3.2.1. Scrolling Energy Analysis

Figure 4.1 shows the energy breakdown for scrolling on different web pages. Across all of
the pages that we test, a significant portion (41.9%) of page scrolling energy is spent on two data-
intensive components: (1) texture tiling, where the graphics driver reorganizes the linear bitmap data
into a tiled format for the GPU; and (2) color blitting, which is invoked by the Skia library [126]
during rasterization. The rest of the energy is spent on a variety of other libraries and functions, each

of which contributes to less than 1% of the total energy consumption (labeled Other in Figure 4.1).
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Figure 4.1. Energy breakdown for page scrolling.

Figure 4.2 (left) gives more insight into where energy is spent in the system when we scroll
through a Google Docs [119] web page. We find that 77% of the total energy consumption is due to
data movement. The data movement energy includes the energy consumed by DRAM, the off-chip
interconnect, and the on-chip caches. The data movement generated by texture tiling and color
blitting alone accounts for 37.7% of the total system energy (right graph in Figure 4.2). We confirm
this by measuring the MPKI issued by the last-level cache (LLC). All of our pages exhibit a high

MPKI (21.4 on average), and the majority of LLC misses are generated by texture tiling and color

31



B Texture Tiling @ Color Blitting Other Data Movement & Compute

)

S 18x10%2 o > 40%

B 1 1 L R 31 o,

o % c g 30% PFF-

“c-’ 9x10%2 {-- e N\ g 20% —%\

S ex102 NN T | B3 / N

= 31012 | NI D l S 10% / ““““ ?

5 oo Bl = o B = F oy (A 2

- CPU L1 LLC Inter- Mem DRAM Texture Color
connect Ctrl Tiling Blitting

Figure 4.2. Energy breakdown when scrolling through a Google Docs web page.

blitting. Texture tiling and color blitting are also the top two contributors to the execution time,
accounting for 27.1% of the cycles executed when scrolling through our Google Docs page.
We conclude that texture tiling and color blitting are responsible for a significant portion of the

data movement that takes place during web page scrolling.

4.3.2.2. Analysis of PIM Effectiveness

In this section, we analyze the suitability of texture tiling and color blitting for PIM execution.

Texture Tiling. Figure 4.3a illustrates the major steps and associated data movement that take
place during the texture tiling process. Texture tiling takes place after rasterization and before
compositing. Rasterization generates a linear rasterized bitmap, which is written using a linear
access pattern to memory (@ in the figure). After rasterization, compositing accesses each texture
in both the horizontal and vertical directions. To minimize cache misses during compositing, the
graphics driver reads the rasterized bitmap (@) and converts the bitmap into a tiled texture layout
(€). For example, the Intel HD Graphics driver breaks down each rasterized bitmap into multiple
4 kB texture tiles [173]. This allows the GPU to perform compositing on only one tile from the
bitmap at a time to improve data locality.

As we observe from Figure 4.2 (right), 25.7% of the total system energy is spent on data
movement generated by texture tiling. In fact, only 18.5% of the total energy consumed by texture
tiling is used for computation, and the rest goes to data movement. The majority of the data
movement comes from (1) the poor data locality during texture tiling; and (2) the large rasterized

bitmap size (e.g., 1024x1024 pixels, which is 4 MB), which typically exceeds the LLC capacity.
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Figure 4.3. Texture tiling on (a) CPU vs. (b) PIM.

Due to the high amount of data movement, texture tiling is a good candidate for PIM execution.
As shown in Figure 4.3b, by moving texture tiling to PIM (@ in the figure), we can free up the
CPU (@) to perform other important compute-intensive tasks in Chrome, such as handling user
interaction, executing JavaScript code, or rasterizing other render objects.

We next determine whether texture tiling can be implemented in a cost-effective manner using
PIM. Our analysis indicates that texture tiling requires only simple primitives: memcopy, bitwise
operations, and simple arithmetic operations (e.g., addition). These operations can be performed
at high performance on our PIM core (see Section 4.2.3), and are amenable to be implemented
as a fixed-function PIM accelerator. Our PIM accelerator for texture tiling consists of multiple
in-memory tiling units. Each in-memory tiling unit consists of only a simple ALU, and operates on
a single 4 kB tile. We empirically decide to use four in-memory tiling units in each PIM accelerator.
Using the area estimation approach proposed in prior work [77], we estimate that the overhead
of each PIM accelerator is less than 0.25 mm?2, which requires no more than 7.1% of the area
available per vault for PIM logic (see Section 4.2.3). We conclude that the area required for texture

tiling PIM logic is small, making the PIM logic feasible to implement in a consumer device with
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3D-stacked memory. We evaluate the energy efficiency and performance of both the PIM core and
PIM accelerator for texture tiling in Section 4.9.1.

An alternate way to reduce the data movement cost of texture tiling is to directly rasterize the
content in the GPU, instead of the CPU, by using OpenGL primitives [66]. While GPU rasterization
eliminates the need to move textures around the system, the GPU’s highly-parallel architecture is not
a good fit for rasterizing fonts and other small shapes [180]. We observe this issue in particular for
text-intensive pages. We find that when Chrome uses the GPU to rasterize text-intensive pages, the
page load time increases by up to 24.9%. This is one of the main reasons that the GPU rasterization
is not enabled by default in Chrome. PIM can significantly reduce the overhead of texture tiling,

while still allowing Chrome to exploit the benefits of CPU-based rasterization.

Color Blitting. During rasterization, the Skia library [126] uses high-level functions to draw basic
primitives (e.g., lines, text) for each render object. Each of these high-level functions uses a color
blitter, which converts the basic primitives into the bitmaps that are sent to the GPU. The primary
operation of a blitter is to copy a block of pixels from one location to another. Blitting has many
uses cases, such as drawing lines and filling paths, performing double buffering, alpha compositing,
and combining two images or primitives together.

Color blitting requires simple computation operations, but generates a large amount of data
movement. As we see in Figure 4.2 (right), color blitting accounts for 19.1% of the total system
energy used during page scrolling. 63.9% of the energy consumed by color blitting is due to data
movement (right graph in Figure 4.2), primarily due to its streaming access pattern and the large
sizes of the bitmaps (e.g., 1024x1024 pixels). Similar to texture tiling, color blitting is a good
candidate for PIM execution due to its high amount of data movement.

We next determine whether color blitting can be implemented in a cost-effective manner using
PIM. Our analysis reveals that color blitting requires only low-cost computations such as memset,
simple arithmetic operations to perform alpha blending (e.g., addition and multiplication), and
shift operations. These operations can be performed at high performance on our PIM core (see
Section 4.2.3), or we can use a PIM accelerator that consists of the same four in-memory logic units

that we design for texture tiling, with different control logic specifically designed to perform color
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blitting. Thus, we conclude that the area required for color blitting PIM logic is small, and that the
PIM logic is feasible to implement in a consumer device with 3D-stacked memory. We evaluate the
energy efficiency and performance of both the PIM core and PIM accelerator for color blitting in

Section 4.9.1.

4.3.3. Tab Switching

Chrome uses a multi-process architecture, where each tab has its own application process for
rendering the page displayed in the tab (see Section 4.3.1), to enhance reliability and security. When
a user switches between browser tabs, this triggers two operations: (1) a context switch to the
process for the selected tab, and (2) a load operation for the new page. There are two primary
concerns during tab switching: (1) how fast a new tab loads and becomes interactive, as this directly
affects user satisfaction; and (2) memory consumption. Memory consumption is a major concern
for three reasons. First, the average memory footprint of a web page has increased significantly in
recent years [170] due to the increased use of images, JavaScript, and video in modern web pages.
Second, users tend to open multiple tabs at a time [79,281], with each tab consuming additional
memory. Third, consumer devices typically have a much lower memory capacity than server or
desktop systems, and without careful memory management, Chrome could run out of memory on
these systems over time.

One potential solution to handle a memory shortage is to kill inactive background tabs, and when
the user accesses those tabs again, reload the tab pages from the disk. There are two downsides
to this mechanism. First, reloading tabs from the disk (which invokes page faults) and rebuilding
the page objects take a relatively long time. Second, such reloading may lead to the loss of some
parts of the page (e.g., active remote connections). To avoid these drawbacks, Chrome uses memory
compression to reduce each tab’s memory footprint. When the available memory is lower than a
predetermined threshold, Chrome compresses pages of an inactive tab, with assistance from the OS,
and places them into a DRAM-based memory pool, called ZRAM [190]. When the user switches to
a previously-inactive tab whose pages were compressed, Chrome loads the data from ZRAM and

decompresses it. This allows the browser to avoid expensive I/O operations to disk, and retrieve the
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web page data much faster, thereby improving overall performance and the browsing experience.

4.3.3.1. Tab Switching Energy Analysis

To study data movement during tab switching, we perform an experiment where a user (1) opens
50 tabs (picked from the top most-accessed websites [19]), (2) scrolls through each tab for a few
seconds, and then (3) switches to the next tab. During this study, we monitor the amount of data that
is swapped in and out of ZRAM per second, which we plot in Figure 4.4. We observe that, in total,
11.7 GB of data is swapped out to ZRAM (left graph in Figure 4.4), at a rate of up to 201 MB/s.
When the CPU performs this swapping, as shown in Figure 4.5a, it incurs significant overhead,
as it must read the inactive page data (€ in the figure), compress the data (@), and write the
compressed data to ZRAM (€)). We observe a similar behavior for decompression (right graph in
Figure 4.4), with as much as 7.8 GB of data swapped in, at a rate of up to 227 MB/s. Note that during
decompression, most of the newly-decompressed page cache lines are not accessed by the CPU,
as the tab rendering process needs to read only a small fraction of the decompressed cache lines
to display the tab’s contents. When switching between 50 tabs, compression and decompression
incur 19.6 GB of data movement, and contribute to 18.1% and 14.2% of the total system energy and

execution time of tab switching, respectively.
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Figure 4.4. Number of bytes per second swapped out to ZRAM (left) and in from ZRAM (right),
while switching between 50 tabs.
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Figure 4.5. Compression on (a) CPU vs. (b) PIM.

4.3.3.2. Analysis of PIM Effectiveness

Compression and decompression are a good fit for PIM execution, as (1) they cause a large
amount of data movement; and (2) compression can be handled in the background, since none of
the active tab processes need the data that is being compressed. Figure 4.5b shows the compression
operation once it has been offloaded to PIM. In this case, the CPU only informs the PIM logic about
the pages that need to be swapped out, and the PIM logic operates on the uncompressed page data
that is already in memory (@ in the figure). This (1) eliminates the off-chip page data movement
that took place during CPU-based compression, and (2) frees up the CPU to perform other tasks
while PIM performs compression in the background (€). We observe a similar behavior for tab
decompression, where the compressed data is kept within DRAM, and only those cache lines used
later by the CPU are sent across the off-chip channel, reducing data movement and improving CPU
cache utilization.

We find that compression and decompression are good candidates for PIM execution. Chrome’s
ZRAM uses the LZO compression algorithm [283] which uses simple operations and favors speed

over compression ratio [194,283]. Thus, LZO can execute without performance loss on our PIM
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core (see Section 4.2.3). Prior work [393] shows that sophisticated compression algorithms (e.g.,
LZ77 compression [401] with Huffman encoding [172]) can be implemented efficiently using an
accelerator. Thus, we expect that the simpler LZO compression algorithm can be implemented as a
PIM accelerator that requires less than 0.25 mm? of area [393]. Thus, both the PIM core and PIM
accelerator are feasible to implement in-memory compression/decompression.

In-memory compression/decompression can benefit a number of other applications and use cases.
For example, many modern operating systems support user-transparent file system compression
(e.g., BTRFS [311] and ZFS [41]). Such compression is not yet widely supported in commercial
mobile operating systems due to energy and performance issues [393]. An in-memory compression
unit can enable efficient user-transparent file system compression by eliminating the off-chip data

movement cost and largely reducing the decompression latency.

4.4. TensorFlow Mobile

Machine learning (ML) is emerging as an important core function for consumer devices. Recent
works from academia and industry are pushing inference to mobile devices [22,49,58,303,307], as
opposed to performing inference on cloud servers. In this work, we study TensorFlow Mobile [128],
a version of Google’s TensorFlow ML library that is specifically tailored for mobile and embedded
platforms. TensorFlow Mobile enables a variety of tasks, such as image classification, face recog-
nition, and Google Translate’s instant visual translation [125], all of which perform inference on

consumer devices using a neural network that was pre-trained on cloud servers.

4.4.1. Background

Inference begins by feeding input data (e.g., an image) to a neural network. A neural network is
a directed acyclic graph consisting of multiple layers. Each layer performs a number of calculations
and forwards the results to the next layer. Depending on the type of the layer, the calculation can
differ for each level. A fully-connected layer performs matrix multiplication (MatMul) on the input
data, to extract high-level features. A 2-D convolution layer applies a convolution filter (Conv2D)

across the input data, to extract low-level features. The last layer of a neural network is the output
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layer, which performs classification to generate a prediction based on the input data.

4.4.2. TensorFlow Mobile Energy Analysis

Figure 4.6 shows the breakdown of the energy consumed by each function in TensorFlow
Mobile, for four different input networks. As convolutional neural networks (CNNs) consist mainly
of 2-D convolution layers and fully-connected layers [11], the majority of energy is spent on these
two types of layers. However, we find that there are two other functions that consume a significant
fraction of the system energy: packing/unpacking and quantization. Packing and unpacking reorder
the elements of matrices to minimize cache misses during matrix multiplication. Quantization
converts 32-bit floating point and integer values into 8-bit integers to improve the execution time
and energy consumption of inference. These two together account for 39.3% of total system energy
on average. The rest of the energy is spent on a variety of other functions such as random sampling,
reductions, and simple arithmetic, and each of which contributes to less than 1% of total energy

consumption (labeled Other in Figure 4.6).
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Figure 4.6. Energy breakdown during inference execution on four input networks.

Further analysis (not shown) reveals that data movement between the CPUs and main memory
accounts for the majority of total system energy consumed by TensorFlow Mobile. While Conv2D
and MatMul dominate CPU energy consumption, 57.3% of the total system energy is spent on data
movement, on average across our four input networks. We find that 54.4% of the data movement
energy comes from packing/unpacking and quantization.

Even though the main goal of packing and quantization is to reduce energy consumption and

inference latency, our analysis shows that they generate a large amount of data movement, and thus,
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lose part of the energy savings they aim to achieve. Furthermore, Figure 4.7 shows a significant
portion (27.4% on average) of the execution time is spent on the packing and quantization process.
Hence, we focus our analysis on these two functions. We exclude Conv2D and MatMul from our
analysis because (1) a majority (67.5%) of their energy is spent on computation; and (2) Conv2D
and MatMul require a relatively large and sophisticated amount of PIM logic [99,206], which may

not be cost-effective for consumer devices.
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Figure 4.7. Execution time breakdown of inference.

4.4.3. Analysis of PIM Effectiveness

Packing. GEneralized Matrix Multiplication (GEMM) is the core building block of neural networks,
and is used by both 2-D convolution and fully-connected layers. These two layers account for the
majority of TensorFlow Mobile execution time. To implement fast and energy-efficient GEMM,
TensorFlow Mobile employs a low-precision, quantized GEMM library called gemmlowp [116].
The gemmlowp library performs GEMM by executing its innermost kernel, an architecture-specific
GEMM code portion for small fixed-size matrix chunks, multiple times. First, gemmlowp fetches
matrix chunks which fit into the LLC from DRAM. Then, it executes the GEMM kernel on the
fetched matrix chunks in a block-wise manner.

To minimize cache misses, gemmlowp employs a process called packing, which reorders the
matrix chunks based on the memory access pattern of the kernel to make the chunks cache-friendly.
After performing GEMM, gemmlowp performs unpacking, which converts the result matrix chunk

back to its original order.



Packing and unpacking account for up to 40% of the total system energy and 31% of the
inference execution time, as shown in Figures 4.6 and 4.7, respectively. Due to their unfriendly
cache access pattern and the large matrix sizes, packing and unpacking generate a significant amount
of data movement. For instance, for VGG-19 [339], 35.3% of the total energy goes to data movement
incurred by packing-related functions. On average, we find that data movement is responsible for
82.1% of the total energy consumed during the packing/unpacking process, indicating that packing
and unpacking are bottlenecked by data movement.

Packing and unpacking are simply pre-processing steps, to prepare data in the right format
for the kernel. Ideally, the CPU should execute only the GEMM kernel, and assume that packing
and unpacking are already taken care of. PIM can enable such a scenario by performing packing
and unpacking without any CPU involvement. Our PIM logic packs matrix chunks, and sends the
packed chunks to the CPU, which executes the GEMM kernel. Once the GEMM kernel completes,
the PIM logic receives the result matrix chunk from the CPU, and unpacks the chunk while the
CPU executes the GEMM kernel on a different matrix chunk.

We next determine whether packing and unpacking can be implemented in a cost-effective
manner using PIM. Our analysis reveals that packing is a simple data reorganization process and
requires simple arithmetic operations to scan over matrices and compute new indices. As a result,
packing and unpacking can be performed at high performance on our PIM core (see Section 4.2.3),
or on a PIM accelerator that consists of the same four in-memory logic units that we design for
texture tiling (see Section 4.3.2.2), with different control logic specifically designed to perform
packing and unpacking. For packing and unpacking, we can assign each in-memory logic unit to
work on one chunk of the matrix. Thus, we conclude that it is feasible to implement packing and

unpacking using PIM in a consumer device with 3D-stacked memory.

Quantization. TensorFlow Mobile performs quantization twice for each Conv2D operation. First,
quantization is performed on the 32-bit input matrix before Conv2D starts. Then, Conv2D runs,

during which gemmlowp generates a 32-bit result matrix.> Quantization is performed for the second

ZEven though gemmlowp reads 8-bit input matrices, its output matrix uses 32-bit integers, because multiplying two
8-bit integers produces a 16-bit result, and gemmlowp uses a 32-bit integer to store each 16-bit result.
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time on this result matrix (this step is referred to as re-quantization). Accordingly, invoking Conv2D
more frequently (which occurs when there are more 2-D convolution layers in a network) leads to
higher quantization overheads. For example, VGG requires only 19 Conv2D operations, incurring
small quantization overheads. On the other hand, ResNet requires 156 Conv2D operations, causing
quantization to consume 16.1% of the total system energy and 16.8% of the execution time. The
quantization overheads are expected to increase as neural networks get deeper.

Figure 4.8a shows how TensorFlow quantizes the result matrix using the CPU. First, the entire
matrix needs to be scanned to identify the minimum and maximum values of the matrix (@ in
the figure). Then, using the minimum and maximum values, the matrix is scanned a second time
to convert each 32-bit element of the matrix into an 8-bit integer (@)). These steps are repeated
for re-quantization of the result matrix (@ and @). The majority of the quantization overhead
comes from data movement. Because both the input matrix quantization and the result matrix
re-quantization need to scan a large matrix twice, they exhibit poor cache locality and incur a large
amount of data movement. For example, for the ResNet network, 73.5% of the energy consumed
during quantization is spent on data movement, indicating that the computation is relatively cheap
(in comparison, only 32.5% of Conv2D/MatMul energy goes to data movement, while the majority
goes to MAC computation). 19.8% of the total data movement energy of inference execution comes
from quantization. As Figure 4.8b shows, we can offload both quantization (@ in the figure) and
re-quantization (@) to PIM to eliminate data movement. This frees up the CPU to focus on GEMM
execution, and allows the next Conv2D operation to be performed in parallel with re-quantization
@)

Quantization itself is a simple data conversion operation that requires shift, addition, and
multiplication operations. As a result, quantization can be performed at high performance on our
PIM core (see Section 4.2.3), or on a PIM accelerator that consists of the same four in-memory logic
units that we design for texture tiling (see Section 4.3.2.2), with different control logic specifically
designed to perform quantization. For quantization, we can assign each in-memory logic unit
to work on a separate Conv2D operation. Thus, we conclude that it is feasible to implement

quantization using PIM in a consumer device with 3D-stacked memory.
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Figure 4.8. Quantization on (a) CPU vs. (b) PIM.

4.5. Video Playback

Video playback is among the most heavily- and commonly-used applications among mobile
users [390]. Recent reports on mobile traffic [68, 85] show that video dominates consumer device
traffic today. Many Google services and products, such as YouTube [130], Google Hangouts [120],
and the Chrome web browser [112] rely heavily on video playback. YouTube alone has over a
billion users, and the majority of video views on YouTube come from mobile devices [131]. Video
playback requires a dedicated decoder, which decompresses and decodes the streaming video data
and renders video on the consumer device. In this work, we focus on the VP9 decoder [134],
which is an open-source codec widely used by video-based applications, and is supported by most

consumer devices [370].
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Figure 4.9. General overview of the VP9 decoder.

4.5.1. Background

Figure 4.9 shows a high-level overview of the VP9 decoder architecture. VP9 processes video
one frame at a time, and uses a reference frame to decode the current frame. For the current frame,
the decoder reads the frame’s compressed content (i.e., the input bitstream) from memory (€ in the
figure) and sends the content to the entropy decoder. The entropy decoder (@) extracts (1) motion
vectors, which predict how objects move relative to the reference frame; and (2) residual data,
which fills in information not predicted by the motion vectors.

The motion vectors are sent to the motion compensation (MC) unit (@), which applies the object
movement predictions to the reference frame (@)). MC predicts movement at a macro-block (i.e.,
16x16-pixel) granularity. Each frame is decomposed into macro-blocks, and each motion vector
points to a macro-block in the reference frame. VP9 allows motion vectors to have a resolution
as small as %th of a pixel, which means that a motion vector may point to a pixel location with a
non-integer value. In such cases, MC performs sub-pixel interpolation to estimate the image at
a non-integer pixel location. In parallel with MC, the residual data is transformed by the inverse
quantization (@) and inverse transform (@) blocks. The resulting information is combined with
the macro-block output by MC (@) to reconstruct the current frame.

Due to block-based prediction, there may be discontinuities at the border between two blocks.
The deblocking filter (€)) attempts to remove such artifacts by (1) identifying edge pixels (i.e., pixels
that lie on the border of two blocks) that are discontinuous with their neighbors, and (2) applying a

low-pass filter to these pixels. Finally, the reconstructed frame (@) is written back to the frame
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buffer in memory.

The VP9 decoder architecture can be implemented in either software or hardware. We provide
an extensive analysis of two decoder implementations in this section: (1) libvpx [371], Google’s
open-source software decoder library, which is used as a reference software implementation for the

VP9 codec; and (2) Google’s VP9 hardware decoder [372].

4.5.2. VP9 Software Decoder

4.5.2.1. Software Decoder Energy Analysis

Figure 4.10 shows the total system energy consumed when libvpx VP9 decoder is used to play a
4K (3840x2160-pixel) video from Netflix [382]. We find that the majority of energy (53.4%) is spent
on MC, which is the most bandwidth-intensive and time-consuming task in the decoder [45, 164].
Prior works [143,229,308] make similar observations for other video codecs. Most of the energy
consumption in MC is due to sub-pixel interpolation, the most memory-intensive component of
MC [45, 164, 192]. We find that sub-pixel interpolation alone consumes 37.5% of the total energy
and 41.2% of the execution time spent by the entire decoder. Aside from MC, the deblocking
filter is another major component of the decoder, consuming 29.7% of the software decoder energy
and 24.3% of the total cycle count. Other components, such as the entropy decoder and inverse
transform, consume a smaller portion of the energy.

Figure 4.11 shows the per-function breakdown of the energy consumption of each hardware
component when the VP9 software decoder is used to play back 4K video. We find that 63.5% of

the total energy is spent on data movement, the majority (80.4%) of which is performed by MC
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Figure 4.10. Energy analysis of VP9 software decoder.
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and the deblocking filter. Sub-pixel interpolation is the dominant function of MC, and on its own
generates 42.6% of the total data movement. We find that the CPU spends the majority of its time
and energy stalling (not shown in Figure 4.11) as it waits for data from memory during MC and
deblocking filter execution. The other functions generate much less data movement because their
working set fits within the CPU caches. For example, the entropy decoder works on the encoded bit
stream and the inverse transform works on the decoded coefficients, and both are small enough to

be captured by the caches.
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Figure 4.11. Energy breakdown of VP9 software decoder.

We conclude that video playback generates a large amount of data movement, the majority of

which comes from sub-pixel interpolation and the deblocking filter.
4.5.2.2. Analysis of PIM Effectiveness

Sub-Pixel Interpolation. During sub-pixel interpolation, VP9 uses a combination of multi-tap
finite infinite response (FIR) and bi-linear filters to interpolate the value of pixels at non-integer
locations [134]. The interpolation process is both compute- and memory-intensive, for two reasons.
First, interpolating each sub-pixel value requires multiple pixels to be fetched from memory. VP9
decomposes each frame into 64x64-pixel superblocks, which are then divided further into smaller
sub-blocks, as small as 4x4-pixel. In the worst case, where the decoder interpolates pixels in

a sub-block at a %—pixel resolution, the decoder fetches 11x11 pixels from the reference frame.
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Second, each motion vector can point to any location in the reference frame. As a result, there is
poor locality, and sub-pixel interpolation does not benefit significantly from caching. We confirm
this in Figure 4.11, where we observe that data movement between main memory and the CPU
accounts for 65.3% of the total energy consumed by sub-pixel interpolation. As a result, sub-pixel
interpolation is a good candidate for PIM execution.

We find that sub-pixel interpolation is amenable for PIM, as it consists mainly of multiplication,
addition, and shift operations [134, 164, 192]. As a result, sub-pixel interpolation can be executed
with high performance on our PIM core (see Section 4.2.3), and can be implemented as a fixed-
function PIM accelerator. Our PIM accelerator for sub-pixel interpolation is similar in design to the
sub-pixel interpolation component of the hardware VP9 decoder. Our analysis shows that our PIM
accelerator occupies an area of 0.21 mm?, which requires no more than 6.0% of the area available
per vault for PIM logic (see Section 4.2.3). Thus, we conclude that it is feasible to implement

sub-pixel interpolation using PIM in a consumer device with 3D-stacked memory.

Deblocking Filter. Recall that the deblocking filter works on the edge pixels in each 64x64-pixel
superblock, to remove blocking artifacts. Deblocking invokes a low-pass filter on neighboring edge
pixels, and iterates through the superblocks in a raster scan order [134]. For each edge between
two superblocks, the filter evaluates up to eight pixels on either side of the edge, and if the filter
condition is triggered, the filter may modify up to seven pixels on either side.

Like sub-pixel interpolation, the deblocking filter is compute- and memory-intensive, and
accounts for a third of the computation complexity of the entire VP9 decoder [61,70]. As the filter
needs to check the vertical and horizontal edges of each 4x4-pixel block in the frame, its memory
access pattern exhibits poor cache locality. Instead, the filter generates a large amount of data
movement and produces strictly less output than input, with 71.1% of the movement taking place
on the off-chip memory channel. Hence, the deblocking filter is a good fit for PIM.

We find that the deblocking filter is amenable for PIM, as it is a simple low-pass filter that
requires only arithmetic and bitwise operations. As a result, the deblocking filter can be executed
with high performance on our PIM core (see Section 4.2.3), and can be implemented as a fixed-

function PIM accelerator that is is similar in design to the deblocking filter component of the
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hardware VP9 decoder. Our analysis shows that our PIM accelerator occupies an area of 0.12 mm?,
which requires no more than 3.4% of the area available per vault for PIM logic (see Section 4.2.3).
Thus, we conclude that it is feasible to implement the deblocking filter using PIM in a consumer

device with 3D-stacked memory.

4.5.3. VP9 Hardware Decoder

For high-resolution (e.g., 4K) video playback, a hardware decoder is essential. It enables fast
video decoding at much lower energy consumption than a software decoder. In this section, we
present our analysis on the VP9 hardware decoder, which is used in a large fraction of consumer
devices [370].

Unlike the software decoder, the VP9 hardware decoder employs several techniques to hide
memory latency, such as prefetching and parallelization. For example, the hardware decoder can
work on a batch of motion vectors simultaneously, which allows the decoder to fetch the reference
pixels for the entire batch at once. In addition, the hardware decoder does not make use of the CPU
caches, and instead sends requests directly to DRAM, which allows the decoder to avoid cache
lookup latencies and cache coherence overheads. Thus, there is little room to improve the memory
latency for the hardware decoder. However, we find that despite these optimizations, there is still a
significant amount of off-chip data movement generated by the hardware decoder, which consumes

significant memory bandwidth and system energy.

4.5.3.1. Hardware Decoder Energy Analysis

Figure 4.12 shows the breakdown of off-chip traffic when decoding one frame of a 4K video
and an HD (720x1280-pixel) video. For each resolution, we show the traffic both with and without
lossless frame compression. We make five key observations from the analysis. First, the majority of
the traffic (up to 75.5% for HD and 59.6% for 4K) comes from reading the reference frame data
from DRAM during MC. This data movement is responsible for 71.3% and 69.2% of total hardware
decoder energy, respectively. Note that while frame compression reduces the reference frame traffic,

reference frame data movement still accounts for a significant portion (62.2% for HD and 48.8%
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Figure 4.12. Off-chip traffic breakdown of VP9 hardware decoder.

for 4K) of the off-chip traffic. Second, similar to our observations for the software decoder, the bulk
of this data movement is due to the extra reference pixels required by sub-pixel interpolation. For
every pixel of the current frame, the decoder reads 2.9 reference frame pixels from DRAM. Third,
data movement increases significantly as the video resolution increases. Our analysis indicates
that decoding one 4K frame requires 4.6x the data movement of a single HD frame. Fourth, the
reconstructed frame data output by the decoder is the second-biggest contributor to the off-chip data
movement, generating 22.2% of the total traffic. Fifth, unlike the software decoder, the deblocking
filter does not generate much off-chip data movement in the hardware decoder, as the hardware
employs large SRAM buffers (875 kB) to cache the reference pixels read during MC, so that the

pixels can be reused during deblocking.

4.5.3.2. Analysis of PIM Effectiveness

Similar to our observations for the software decoder (see Section 4.5.2), the MC unit (sub-pixel
interpolation, in particular) is responsible for the majority of off-chip data movement in the hardware
VP9 decoder. The MC unit is a good fit for PIM execution, because we can eliminate the need
to move reference frames from memory to the on-chip decoder, thus saving significant energy.
Figure 4.13 shows a high-level overview of our proposed architecture, and how a modified hardware
decoder interacts with memory and with the in-memory MC unit. In this architecture, the entropy
decoder (@ in the figure) sends the motion vectors to memory, where the MC unit now resides. The

in-memory MC unit (@) generates macro-blocks using the motion vectors and the reference frame
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(@) fetched from memory. The macro-blocks generated by MC are then combined with residual
data and sent to the deblocking filter (@). To avoid sending the macro-blocks back to the decoder
(which would eliminate part of the energy savings of not moving reference frame data), we also
made the design choice of moving the deblocking filter into memory (@)). While the deblocking
filter itself does not generate significant traffic, by placing it in PIM, we can avoid moving the

reconstructed frame (@) back and forth on the main memory bus unnecessarily.
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Figure 4.13. Modified VP9 decoder with in-memory MC.

Overall, moving the MC unit and deblocking filter reduces data movement significantly, as only
the compressed input bitstream, the motion vectors, and the residual data need to move between the
decoder hardware components and the memory. Another benefit of this approach is that we can use
the same in-memory components for software VP9 decoding as well. In total, the area used by a
PIM accelerator that performs MC and the deblocking filter is 0.33 mm?, which requires no more
than 9.4% of the area available per vault for PIM logic (see Section 4.2.3). We conclude that it is

effective to perform part of VP9 hardware decoding in memory.

4.6. Video Capture

Video capture is used in many consumer applications, such as video conferencing (e.g., Google
Hangouts [120], Skype [259]), video streaming (e.g., YouTube [130], Instagram [88]), and recording
local video from a mobile device camera. Video-capture-based applications account for a significant

portion of mobile traffic [68, 85,390]. It is expected that video will constitute 78% of all mobile
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data traffic by 2021 [68]. To effectively capture, store, and transfer video content over the network,
a video encoder is required. The video encoder handles the majority of the computation for video
capture. In this work, we focus on the VP9 encoder, as it is the main compression technology used
by Google Hangouts [120], YouTube [130], and most web-based video applications in the Chrome
browser [112], and is supported by many mobile devices [370].

4.6.1. Background

Figure 4.14 shows a high-level overview of the VP9 encoder architecture. The encoder fetches
the current frame (@ in the figure) and three reference frames (@) from DRAM. Then, the
current frame is sliced into 16x16-pixel macro-blocks. Each macro-block is passed into the intra-
prediction (€) and motion estimation (ME) (@) units. Intra-prediction predicts the value of an
entire macro-block by measuring its similarity to adjacent blocks within the frame. ME, also known
as inter-prediction, compresses the frame by exploiting temporal redundancy between adjacent
frames. Then, ME finds the motion vector, which encodes the spatial offset of each macro-block
relative to the reference frames. If successful, ME replaces the macro-block with the motion vector.
The mode decision unit (@) examines the outputs of intra-prediction and ME for each macro-block,
and chooses the best prediction for the block. The macro-block prediction is then (1) transformed
into the frequency domain using a discrete cosine (DCT) transform (@), and (2) simultaneously
sent to the motion compensation (MC) unit (@) to reconstruct the currently-encoded frame, which
will be used as a reference frame (@) to encode future frames. The encoder then uses quantization
@) to compress the DCT coefficients of each macro-block. Finally, the entropy coder step (@)
uses run-length coding and variable-length coding to reduce the number of bits required to represent
the DCT coefficients.

As is the case for the VP9 decoder, the encoder can be implemented in either software or
hardware. We analyze both libvpx [371], Google’s open source software encoder library, and

Google’s VP9 hardware encoder [372].
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Figure 4.14. General overview of the VP9 encoder.

4.6.2. VP9 Software Encoder

4.6.2.1. Software Encoder Energy Analysis

Figure 4.15 shows our energy analysis during the real-time encoding of an HD video. We
find that a significant portion of the system energy (39.6%) is spent on ME. ME is the most
memory-intensive unit in the encoder [345], accounting for 43.1% of the total encoding cycles.
The next major contributor to total system energy is the deblocking filter, which we discuss in in
Section 4.5.2. While intra-prediction, transform, and quantization are other major contributors to
the energy consumption, none of them individually account for more than 9% of the total energy.
The remaining energy, labeled Other in the figure, is spent on decoding the encoded frame, and
behaves the same way as the software decoding we discuss in Section 4.5.2.

We find that 59.1% of encoder energy goes to data movement. The majority of this data
movement is generated by ME, and accounts for 21.3% of the total system energy. Other major
contributors to data movement are the MC and deblocking filter used to decode the encoded frames

(see Section 4.5.2).
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4.6.2.2. Analysis of PIM Effectiveness

In libvpx, ME uses the diamond search algorithm [396] to locate matching objects in reference
frames, using the sum of absolute differences (SAD) to evaluate matches. ME is highly memory-
intensive and requires high memory bandwidth. 54.7% of ME’s energy consumption is spent on
data movement (not shown). For each macro-block, ME needs to check for matching objects in
three reference frames, which leads to a large amount of data movement. Hence, ME is a good
candidate for PIM execution.

While ME is more compute- and memory-intensive than the other PIM targets we examine, it
primarily calculates SAD, which requires only simple arithmetic operations. As a result, ME can
be executed with high performance on our PIM core (see Section 4.2.3), and can be implemented
as a fixed-function PIM accelerator that is similar in design to the ME component of the hardware
VP9 decoder. Our analysis shows that our PIM accelerator occupies an area of 1.24 mm?, which
requires no more than 35.4% of the area available per vault for PIM logic (see Section 4.2.3). Thus,
we conclude that it is feasible to implement ME using PIM in a consumer device with 3D-stacked

memory.

4.6.3. VP9 Hardware Encoder

In this section, we present our analysis on the VP9 hardware encoder. While software encoding
offers more flexibility, hardware encoding enables much faster encoding in an energy-efficient
manner. Similar to the hardware video decoder (Section 4.5.3), the hardware video encoder employs
prefetching to hide memory latency. Unlike the decoder, the encoder’s memory access pattern is

highly predictable, as the search window for each reference frame is predefined. As a result, the

53



encoder (specifically the ME unit) successfully hides latency. However, energy consumption and

the cost of data movement remain as major challenges.

4.6.3.1. Hardware Encoder Energy Analysis

Figure 4.16 shows the breakdown of off-chip traffic for encoding a single frame of 4K and HD
video, both with and without lossless frame compression. Similar to our findings for the software
encoder, the majority of the off-chip traffic is due to the reference frame pixels fetched by ME
(shown as Reference Frame in the figure), which accounts for 65.1% of the entire encoder’s data
movement for HD video. The traffic grows significantly when we move to 4K video, as the encoder
requires 4.3x the number of pixels read during HD video encoding. While frame compression can
reduce the amount of data transferred by 59.7%, a significant portion of encoder energy is still spent
on reference frame traffic.

The two other major contributors to off-chip traffic are (1) the current frame after encoding, and
(2) the reconstructed frame, which is used as a future reference frame. The current frame generates
14.2% of the traffic when frame compression is disabled, but since compression cannot be applied
to the encoded version of the current frame, the total data movement for the current frame takes up
to 31.9% of the traffic when compression is enabled. The reconstructed frame consumes on average

12.4% of the traffic across the two resolutions.
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Figure 4.16. Off-chip traffic breakdown of VP9 hardware encoder.
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4.6.3.2. Analysis of PIM Effectiveness

Similar to the software encoder, ME is responsible for the majority of data movement in the
hardware encoder, and is again a good candidate for PIM execution, which would eliminate the need
to move three reference frames to the on-chip encoder. Figure 4.17 shows the high-level architecture
of a modified VP9 encoder with in-memory ME (which is the same as the PIM accelerator in
Section 4.6.2.2). Once in-memory ME (@ in the figure) generates the motion vector for a macro-
block, it sends the vector back to the mode decision unit (@) in the on-chip accelerator. Note that
we also offload MC (€)) and the deblocking filter (@) to PIM, similar to the hardware decoder (see
Section 4.5.3.2), since they use reference frames (@) together with the motion vectors output by
ME to reconstruct the encoded frame. This eliminates data movement during frame reconstruction.
We conclude that data movement can be reduced significantly by implementing the ME, MC, and

deblocking filter components of the VP9 hardware encoder in memory.
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Figure 4.17. Modified VP9 encoder with in-memory ME.
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4.7. System Integration
We briefly discuss two system challenges to implementing PIM in the consumer device context.

4.7.1. Software Interface for Efficient Offloading

We use a simple interface to offload the PIM targets. We identify PIM targets using two macros,
which mark the beginning and end of the code segment that should be offloaded to PIM. The
compiler converts these macros into instructions that we add to the ISA, which trigger and end PIM

kernel execution. Examples are provides in a related work [104].

4.7.2. Coherence Between CPUs and PIM Logic

A major system challenge to implementing PIM is CPU-PIM communication and coherence.
The majority of the PIM targets we identified are minimal functions/primitives that are interleaved
with other parts of the workloads in a fine-grained manner. As a result, to fully benefit from
offloading them to PIM, we need efficient communication between the CPU and PIM logic to
allow coordination, ordering, and synchronization between different parts of the workloads. We
find that coherence is required to (1) enable efficient synchronization, (2) retain programmability,
and (3) retain the benefits’ of using PIM. As a result, we employ a simple fine-grained coherence
technique, which uses a local PIM-side directory in the logic layer to maintain coherence between
PIM cores (or PIM accelerators), and to enable low-overhead fine-grained coherence between PIM
logic and the CPUs. The CPU-side directory acts as the main coherence point for the system,
interfacing with both the processor caches and the PIM-side directory. Our design can benefit

further from other approaches to coherence like LazyPIM [44, 104].

4.8. Methodology

We evaluate our proposed PIM architectures using the gem5 [38] full-system simulator. Table 7.1

lists our system configuration.
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SoC 4 000 cores, 8-wide issue; LI I/D Caches: 64kB
grivate, 4-way assoc.; L2 Cache: 2 MB shared,
-way assoc.; Coherence: MESI

PIM Core 1 core per vault, 1-wide issue, 4-wide SIMD unit,
L1 I/D Caches: 32 kB private, 4-way assoc.

3D-Stacked 2 GB cube, 16 vaults per cube; Internal Bandwidth:

Memory 256 GB/s; Off-Chip Channel Bandwidth: 32 GB/s

Baseline Memory LPDDR3, 2 GB, FR-FCFS scheduler
Table 4.1. Evaluated system configuration.

We organize our PIM architecture such that each vault in 3D-stacked memory has its own
PIM logic. The PIM logic for each vault consists of either a PIM core or a PIM accelerator. We
assume that the PIM core is ISA-compatible with the main processor cores in the SoC, and is
a simple general-purpose core (e.g., 1-wide issue, no prefetcher) that has only a 32KB private
L1 cache. Each PIM accelerator has a small 32kB buffer to hold its working set of data. Like
prior works [14,15,44,97,167, 168], we use the memory bandwidth available to the logic layer
of 3D-stacked memory as the memory bandwidth to the PIM core/accelerator. We model our
3D-stacked memory similar to HBM [186] and use the bandwidth available in the logic layer of
HBM (256GB/s), which is 8x more than the bandwidth available (32GB/s) to the off-chip CPU
cores.

To evaluate how PIM benefits each of the PIM targets that we identified, we study each target in
isolation, by emulating each target separately, constructing a microbenchmark for the component,
and then analyzing the benefit of PIM in our simulator. We use Verilog RTL [258] to estimate the

area overhead of the VP9 hardware encoder and decoder.

Chrome Browser. For texture tiling, we precisely emulate glTextImage2d () for OpenGL from
the Intel 1965 graphics driver, using 512x512-pixel RGBA tiles as the input set. For color blitting,
we construct a microbenchmark that closely follows the color blitting implementation in Skia,
and use randomly-generated bitmaps (ranging from 32x32 to 1024x1024 pixels) as inputs. For
compression and decompression, we use LZO [283] from the latest upstream Linux version. We
generate the input data by starting Chrome on our Chromebook, opening 50 tabs, navigating through

them, and then dumping the entire contents of the Chromebook’s main memory to a file.

TensorFlow Mobile. For packing, we modify the gemmlowp library [116] to perform only matrix
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packing, by disabling the quantized matrix multiplication and result matrix unpacking routines.
We evaluate in-memory quantization using a microbenchmark that invokes TensorFlow Mobile’s
post-Conv2D/MatMul re-quantization routines, and we use the result matrix sizes of GEMMs to

reflect real-world usage.

Video Playback and Capture. For sub-pixel interpolation and the deblocking filter, we construct
microbenchmarks that closely follow their implementations in /ibvpx, and use 100 frames from a
4K Netflix video [382] as an input. For motion estimation, we develop a microbenchmark that uses
the diamond search algorithm [396] to perform block matching using three reference frames, and
use 10 frames from an HD video [382] as an input. For the hardware VP9 evaluation, we use the
off-chip traffic analysis (Figures 4.12 and 4.16) together with in-memory ME and in-memory MC

traffic analysis from our simulator to model the energy cost of data movement.

4.9. Evaluation

In this section, we examine how our four consumer workloads benefit from PIM. We show
results normalized to a processor-only baseline (CPU-Only), and compare to PIM execution using

PIM cores (PIM-Core) or fixed-function PIM accelerators (PIM-Acc).

4.9.1. Chrome Browser

Figure 4.18 shows the energy consumption and runtime of CPU-Only, PIM-Core, and PIM-Acc
across different browser kernels, normalized to CPU-only. We make three key observations on
energy from the left graph in Figure 4.18. First, we find that offloading these kernels to PIM reduces
the energy consumption, on average across all of our evaluated web pages, by 51.3% when we
use PIM-Core, and by 61.0% when we use PIM-Acc. Second, we find that the majority of this
reduction comes from eliminating data movement. For example, eliminating data movement in
texture tiling contributes to 77.7% of the total energy reduction. Third, PIM-Acc provides 18.9%
more energy reduction over PIM-Core, though the energy reduction of PIM-Acc is limited by the
highly-memory-intensive behavior of these browser kernels. This is because while computation

on PIM-Acc is more efficient than computation using PIM-Core, data movement accounts for the
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majority of energy consumption in the kernels, limiting the impact of more efficient computation on

overall energy consumption.
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Figure 4.18. Energy (left) and runtime (right) for all browser kernels, normalized to CPU-Only, for
kernel inputs listed in Section 4.8.

We make five observations on performance from the right graph in Figure 4.18. First, PIM-Core
and PIM-Acc significantly outperform CPU-Only across all kernels, improving performance by
1.6x and 2.0x, on average across all of our evaluated web pages. Second, we observe that the
browser kernels benefit from the higher bandwidth and lower access latency of 3D-stacked memory
(due to their data-intensive nature), leading to performance improvement. Third, this performance
benefit increases as the working set size increases. For example, our analysis (not shown) shows
that the speedup increases by 31.2% when the texture size increases from 256x256 to 512x512
pixels. Fourth, the performance improvement of PIM-Acc over PIM-Core for texture tiling and color
blitting is limited by the low computational complexity of these two kernels. Fifth, compression and
decompression benefit significantly from using PIM-Acc over PIM-Core in terms of performance,
because these kernels are more compute-intensive and less data-intensive compared to texture tiling

and color blitting.
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Figure 4.19. Energy (left) and performance (right) for TensorFlow Mobile kernels, for four neural
networks [157,339, 354, 360].

4.9.2. TensorFlow Mobile

Figure 4.19 (left) shows the energy consumption of CPU-Only, PIM-Core, and PIM-Acc for the
four most time- and energy-consuming GEMM operations for each input neural network in packing
and quantization, normalized to CPU-Only. We make three key observations. First, PIM-Core and
PIM-Acc decrease the total energy consumption by 50.9% and 54.9%, on average across all four
input networks, compared to CPU-Only. Second, the majority of the energy savings comes from
the reduction in data movement, as the computation energy accounts for a negligible portion of the
total energy consumption. For instance, 82.6% of the energy reduction for packing is due to the
reduced data movement. Third, we find that the data-intensive nature of these kernels and their low
computational complexity limit the energy benefits PIM-Acc provides over PIM-Core.

Figure 4.19 (right) shows the total execution time of CPU-Only, PIM-Core and PIM-Acc as
we vary the number of GEMM operations performed. For CPU-Only, we evaluate a scenario
where the CPU performs packing, GEMM operations, quantization, and unpacking. To evaluate
PIM-Core and PIM-Acc, we assume that packing and quantization are handled by the PIM logic,
and the CPU performs GEMM operations. We find that as the number of GEMM operations

increases, PIM-Core and PIM-Acc provide greater performance improvements over CPU-Only.
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For example, for one GEMM operation, PIM-Core and PIM-Acc achieve speedups of 13.1% and
17.2%, respectively. For 16 GEMM operations, the speedups of PIM-Core and PIM-Acc increase to
57.2% and 98.1%, respectively, over CPU-Only. These improvements are the result of PIM logic
(1) exploiting the higher bandwidth and lower latency of 3D-stacked memory, and (2) enabling the
CPU to perform GEMM in parallel while the PIM logic handles packing and quantization. For
example, offloading packing to the PIM core speeds up the operation by 32.1%. Similar to our
observation for the browser kernels (Section 4.9.1), as these kernels are not compute-intensive, the

performance improvement of PIM-Acc over PIM-Core is limited.

4.9.3. Video Playback and Capture

4.9.3.1. VP9 Software

Figure 4.20 (left) shows the energy consumption of CPU-Only, PIM-Core, and PIM-Acc across
different video kernels, normalized to CPU-Only. We make three observations from the figure.
First, all of the kernels significantly benefit from PIM-Core and PIM-Acc, with an average energy
reduction of 46.8% and 66.6%, respectively, across our input videos. Second, the energy reductions
are a result of the memory-bound behavior of these video kernels. Moving the kernels to PIM
logic (1) eliminates a majority of the data movement, and (2) allows the kernels to benefit from the
lower power consumed by PIM logic than by the CPU without losing performance. For example,
offloading sub-pixel interpolation and the deblocking filter to PIM-Core reduces their total energy
consumption by 49.9% and 50.1%, respectively. Of those reductions, 34.6% and 51.9% come
from the reduced energy consumption of PIM-Core compared to the SoC CPU, while the rest of
the reduction comes from decreasing data movement. Third, we find that PIM-Acc provides, on
average, a 42.7% additional energy reduction than PIM-Core across all of the video kernels.

Figure 4.20 (right) shows the runtime of CPU-Only, PIM-Core, and PIM-Acc on our video
kernels. We observe from the figure that PIM-Core and PIM-Acc improve performance over CPU-
Only by 23.6% and 70.2%, respectively, averaged across all input videos. While PIM-Core provides
a modest speed up (12.6%) over CPU-Only for the motion estimation kernel, PIM-Acc significantly

outperforms CPU-Only and improves performance by 2.1x. The reason is that motion estimation
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Figure 4.20. Energy (left) and runtime (right) for all video kernels, normalized to CPU-Only, using
100 4K frames [382] for decoding and 10 HD [382] frames for encoding.

kernel has relatively high computational demand, compared to the other PIM targets we evaluate,

and thus, benefits much more from executing on PIM logic.

4.9.3.2. VP9 Hardware

Figure 4.21 shows the total energy consumption for the decoder (left) and encoder (right), for
three configurations: VP9 only (which uses the baseline VP9 hardware accelerator [372] in the SoC),
VP9 with PIM-Core, and VP9 with PIM-Acc. For each configuration, we show results without and
with lossless frame compression.

We make four key observations from the figure. First, we find that for both the VP9 decoder
and encoder, off-chip data movement is the major source of energy consumption, consuming 69.2%
and 71.5% of the total decoder and encoder energy, respectively. Second, we find that computation
using the VP9 hardware is an order of magnitude more energy-efficient than computation using
PIM-Core. As a result, when compression is enabled, PIM-Core actually consumes 63.4% more
energy than the VP9 baseline. Third, we find that PIM-Acc reduces energy when compared to
the VP9 hardware baseline, by 75.1% for decoding and by 69.8% for encoding. This is because
PIM-Acc embeds parts of the VP9 hardware itself in memory, retaining the computational energy

efficiency of the baseline accelerator while reducing the amount of data movement that takes place.
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Figure 4.21. Total energy for VP9 hardware decoder (left) and VP9 hardware encoder (right), based
on an analysis using 4K and HD video [382].

Fourth, we find that PIM-Acc without compression uses less energy than the VP9 hardware baseline
with compression. This indicates that the PIM logic is more effective at reducing data movement
than compression alone. We achieve the greatest energy reduction by combining PIM-Acc with

compression.

4.10. Summary

Energy is a first-class design constraint in consumer devices. In this chapter, we analyze several
widely-used Google consumer workloads, and find that data movement contributes to a significant
portion (62.7%) of their total energy consumption. Our analysis reveals that the majority of this data
movement comes from a number of simple functions and primitives that are good candidates to be
executed on low-power processing-in-memory (PIM) logic. We comprehensively study the energy
and performance benefit of PIM to address the data movement cost on Google consumer workloads.
Our evaluation shows that offloading simple functions from these consumer workloads to PIM logic,
consisting of either simple cores or specialized accelerators, reduces system energy consumption
by 55.4% and execution time by 54.2%, on average across all of our workloads. We conclude that
reducing data movement via processing-in-memory is a promising approach to improve both the

performance and energy efficiency of modern consumer devices with tight area, power, and energy
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budgets.
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Chapter 5

CoNDA: Efficient Cache Coherence

Support for Near-Data Accelerators

Modern systems increasingly employ specialized accelerators. Accelerators offer a way to
improve system performance and energy efficiency in the face of diminishing returns from process
technology scaling [86,327]. Many recent works (e.g., [91, 108,132, 148,153,155,196,217,246,
252,253,378,398]) propose on-chip customized hardware accelerators. These accelerators aim to
satisfy the demands of emerging workloads.

Recent advances in 3D-stacked memory technology enable the practical implementation of
near-data processing, where computational logic is placed close to memory. In particular, near-data
accelerators (NDAs) can further boost the performance and energy benefits that conventional
accelerators promise, by reducing the amount of data movement between the processor and the main
memory [13,14,15,42,77,93,97,99,139,167,169,207,248,275,319,320,321,342,356,381,389,392].

Despite the significant benefits of accelerators, system challenges remain a main stumbling block
to the mainstream adoption of specialized accelerators. The lack of an efficient communication
mechanism between CPUs and accelerators creates a significant overhead to synchronize data
updates between the two [147,285,298,329,330,350,366]. This inefficiency generates unnecessary
data movement, which can negate the benefits of accelerators. In addition, programmers are often

required to use custom-designed communication mechanisms between CPU cores and accelerators,
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which leads to high programming complexity. These challenges can be largely mitigated by making
the accelerator coherent with the rest of the system, as by doing so: (1) developers can use the
conventional shared memory programming model, allowing them to use well-known synchroniza-
tion mechanisms to coordinate between the accelerators and the CPUs; and (2) accelerators can
efficiently share data with each other and with the rest of the system, instead of relying on bulk data
transfers [222,329, 330].

In contrast to coherence for on-chip accelerators [222,298,350], coherence for NDAs, which
reside off-chip, is significantly more challenging for two reasons. First, the energy and performance
costs of off-chip communication between NDAs and CPUs are very high. For example, for the
Hybrid Memory Cube [174], the off-chip serial links consume as much energy to move data as
the DRAM array consumes to access the data [16, 184,295]. In fact, the energy and performance
costs of off-chip communication between NDAs and CPUs are orders of magnitude greater than the
costs of on-chip communication [203]. Second, target applications for NDAs are fundamentally
different from those for on-chip accelerators, as NDA applications typically have low computational
demand, suffer from poor locality, and generate a large amount of off-chip data movement [14, 15,
16,42,89,163,169,275,392]. These applications incur a large number of coherence misses. Given
these challenges, it is impractical for an NDA to utilize traditional coherence mechanisms (e.g.,
MESI [110,291]), which would need to send off-chip messages for every cache miss to coherence
management hardware (e.g., a coherence directory) that reside on-chip with the CPU. The high cost
and frequency of these messages with a traditional mechanism would eliminate most, if not all, of
the benefits of near-data acceleration.

Our goal is to address the coherence challenge for near-data accelerators (NDAs). Enabling
coherence for NDAs provides two key benefits: (1) programmers can use the well-known traditional
shared memory model to program systems with NDAs, and (2) we can simplify how NDAs

communicate and share data with the rest of the system.
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5.1. Summary of Key Insights and Observations

While some recent NDA proposals acknowledge the need for NDA—CPU coherence [15,93,
97,380], these works largely sidestep the issue by assuming that the NDA and CPU share only a
limited amount of data. While this is true for some NDA applications [93,99,206,302,380], our
application analysis indicates that this is not the case for many other important NDA applications.
We comprehensively analyze two important classes of such applications: graph processing frame-
works and hybrid in-memory databases. We make a key observation that not all portions of these
applications benefit from being executed on the NDA, and the portions that remain on the CPU
(called CPU threads) often concurrently access the same region of data (e.g., graphs, database data
structures) as the portions executed on the NDA (called NDA kernels), leading to significant data
sharing. To understand the characteristics of sharing, we delve further into the memory access
patterns of the CPU threads and NDA kernels, and we make a second key observation: while CPU
threads and NDA kernels share the same data regions, they typically do not collide concurrently
on (i.e., simultaneously access) the same cache lines. Furthermore, in the rare case of collisions,
the CPU threads only read those cache lines, meaning that they rarely update the same data that an
NDA is actively working on.

Using the major insights we obtain from our application analysis, we perform a design space
exploration and examine three existing approaches for coherence: non-cacheable regions [14,77,93,
99,275,302], coarse-grained coherence [93,97,235,361,380,389], and fine-grained coherence [42].
We find that (1) all three approaches eliminate a significant portion of the potential benefits of
NDAs, as they generate a large amount of off-chip coherence traffic, and in some cases prevent
concurrent execution of CPUs and NDAs; and (2) the majority of off-chip data movement (i.e.,
coherence traffic) generated by these approaches is unnecessary, primarily because the approaches
pessimistically assume that every memory access needs to acquire coherence permissions or that
shared data cannot be cached. We find that much of this unnecessary off-chip coherence traffic can
be eliminated if the coherence mechanism has insight into what part of the shared data is actually

accessed by NDA kernels and CPU threads. Unfortunately, this insight is not available before
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execution for many workloads with irregular access patterns. For example, in many pointer chasing
or graph processing workloads, the path taken during pointer or graph traversal is not known prior
to execution [14, 169, 216].

Based on these observations, we find that an optimistic approach to coherence can address
the challenges of NDA coherence. An optimistic execution model for NDA enables us to gain
insight into the memory accesses before any coherence permissions are checked, and thus, enforce
coherence with only the necessary data movement. To this end, we propose Coherence for Near-
Data Accelerators (CONDA), a mechanism that lets the NDA optimistically start execution assuming
that it has coherence permissions, without issuing any coherence messages off-chip. CoNDA
executes NDA kernels in portions to keep hardware overheads low (see Section 5.4.5). While
optimistically executing a portion of an NDA kernel, CONDA records the memory accesses inside
the NDA to gain insight into what part of the shared data is actually accessed by the kernel. During
optimistic execution, CoONDA does not commit any data updates. When CoNDA finishes optimistic
execution for the NDA kernel portion, it exploits the recorded information to check which coherence
operations are necessary, in order to avoid off-chip data movement for unnecessary coherence
operations. If the NDA kernel portion does not need coherence operations for any of its data updates,
CoNDA commits the data updates. If the NDA kernel portion actually requires any coherence
operations, CoONDA invalidates the uncommitted data updates, performs the needed coherence
operations, and re-executes the NDA kernel portion.

Our optimistic execution model is inspired by Optimistic Concurrency Control (OCC) [223],
which was first proposed in the database community and later harnessed for various purposes
(e.g., Transactional Memory [23, 150, 161, 162,263, 332], enforcing sequential consistency [51],
deterministic shared memory [72]). The optimistic execution model fits very well within the context
of NDA coherence for three reasons. First, the optimistic approach makes it possible to identify the
necessary coherence traffic, by gaining insight into the memory accesses performed by the NDA
and by the rest of the system before generating off-chip coherence requests. Second, our application
analysis shows that CPU threads rarely update the same data that an NDA 1is actively working on

(which is also true for other applications that do not have a high degree of data sharing [93,99, 206,
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302,380]). This behavior leads to a very low re-execution rate of NDA kernels, which is one of
our key motivations behind adopting an optimistic execution model for NDA coherence. Third,
NDAs are often relatively simple fixed-function accelerators or small programmable cores that lack
sophisticated ILP techniques [14,15,42,77,97,169,248,275,302,361,380]. As a result, the cost of
kernel re-execution on an NDA is much lower than that on a sophisticated out-of-order CPU core.

We find that CoNDA is highly effective in efficiently enforcing coherence between the CPU
threads and NDAs. Compared to three major existing coherence mechanisms, CONDA improves
performance by 19.6% over the highest performance prior mechanism and reduces memory system
energy by 18.0% over the most energy-efficient prior mechanism, on average across our 16-thread
workloads operating on modest data set sizes. Over a CPU-only system with no NDAs, CoNDA
improves performance by 66.0% and reduces memory system energy consumption by 43.7%. Over
an NDA-only system, CoNDA improves performance by 51.8%. These benefits arise because
CoNDA eliminates the majority of unnecessary coherence traffic, and is able to retain almost all of
the benefits of near-data acceleration. CONDA comes within 10.4% and 4.4% of the performance

and energy, respectively, of an ideal NDA mechanism that incurs no penalty for coherence.

5.2. Motivation

Enabling coherence for near-data accelerators provides two key benefits: (1) programmers
can use the well-known traditional shared memory model to program systems with near-data
accelerators, and (2) we can simplify how accelerators communicate and share data with each
other and with the rest of the system. In this section, we analyze the data sharing characteristics of
several important data-intensive workloads (Section 5.2.2), and then study how existing coherence

mechanisms perform for these workloads (Section 5.2.3).

5.2.1. Baseline Architecture

Figure 5.1 shows the baseline organization of the architecture we assume in this work, which
includes programmable or fixed-function near-data accelerators (NDAs). Each NDA executes an

NDA kernel that is invoked by the CPU threads. In our evaluation, we implement programmable
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NDAs consisting of in-order cores that are ISA-compatible with the CPU cores, but that do not have
large caches or any sophisticated ILP techniques. Each NDA includes small private L1 I/D caches.
While our evaluations use a programmable NDA, CoNDA can be used with any programmable,

fixed-function, or reconfigurable NDA.

( \
Programmable J LNy <—> [ Mem Cirl
Accelerator DRLYERTS <—> (Mem Ctrl

) NDALoic <—> | Mem CtrI)

Figure 5.1. High-level organization of our NDA architecture.

5.2.2. Application Analysis

An application can benefit from near-data acceleration when its memory-intensive parts are
offloaded to NDAs. The memory-intensive parts of an application generate a significant amount
of data movement, and often exhibit poor temporal locality, leading to high execution times and
energy consumption on a CPU. In the NDA, such application parts can benefit from the high-
bandwidth, low latency and low-energy memory access available in 3D-stacked memory. However,
the compute-intensive parts of the application should remain on the CPU cores to maximize
performance [15,42,97,167,275,320], especially if they can exploit the CPU cache hierarchy well

or benefit from sophisticated ILP techniques.

Sharing Data Between NDAs and the CPU. Because many applications have compute-intensive
parts that should be executed on the CPU, NDA kernels and CPU threads may share data with each
other, depending on how an application is partitioned. While some applications [93,99,206,302,380]
can be partitioned to limit this data sharing, we make a key observation that this is not the case for

many important classes of applications.
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A major example is multithreaded graph processing frameworks, such as Ligra [336], where
multiple threads operate in parallel on the same shared in-memory graph [215,336,384]. Each
thread executes a graph algorithm, such as PageRank [46]. We rigorously study a number of these
algorithms [336] and find that when we carefully convert each of them for NDA execution, only
some portions of each algorithm are well-suited for NDA, while the remaining portions perform
better if they stay on the CPU. With this partitioning, the CPU portion of each thread executes on the
CPU cores while the NDA portions (sometimes concurrently) execute on the near-data accelerators,
with all of the threads sharing the graph and other intermediate data structures. For example, we
find that for the Radii and PageRank algorithms running on the arXiv input graph, 60.1% and 71.0%
of last-level cache (LLC) misses generated by the CPU threads access the shared data (e.g., the
graph, intermediate data structures) after we convert these algorithms for NDA execution.

A second major example is modern in-memory databases. Today, analytical and transactional
operations are combined into a single hybrid transactional/analytical processing (HTAP) database
system [25,30,205,226,255,257,317]. The analytical queries of these hybrid databases are well-
suited for NDA execution, as they have long execution times (i.€., the queries run for long enough
to amortize the overhead of dispatching the query to the NDA) and touch a large number of rows,
leading to a large amount of random memory accesses and data movement [217,261,380]. In
contrast, even though transactional queries access the same data, they perform better if they stay on
the CPU, as they have short execution times, are latency-sensitive, and have cache-friendly access
patterns. In such workloads, concurrent accesses from both NDA kernels and CPU threads to shared
data structures are inevitable.

Many NDA workloads exhibit the same characteristics that we find in these applications. In
several workload domains, recent works show that only parts of an application benefit from NDA
execution, while the rest of the application should stay on CPUs [15,42,97,167,275,320]. These
NDA kernels often share many data structures with the CPU threads. For example, in TensorFlow
Mobile [128], prior work shows that two functions (packing and quantization) should be NDA
kernels [42]. These kernels share the neural network data structures (e.g., matrices) with the CPU

threads, which execute functions such as convolution and matrix multiplication.
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Shared Data Access Patterns. To further understand data sharing, we analyze the memory access
patterns of the CPU threads and NDA kernels. We make a second key observation: while CPU
threads and NDA kernels share data structures, they often do not concurrently access the same
elements (e.g., a shared graph node or database row) in these structures. For example, when we
analyze the Connected Components and Radii algorithms from Ligra [336] using the arXiv input
graph, only 5.1% and 7.6%, respectively, of the CPU accesses collide with (i.e., access the same
cache line as) accesses from the NDA. Across all of our applications, only 11.2% of these collisions
(Iess than 1% of all accesses) are writes from a CPU thread, and all other collisions are CPU thread
reads.

The low rate of collisions with data updates (i.e., writes) is intuitive from a programming
perspective, because when programmers offload some of the code to an accelerator, they try to
avoid having the CPU thread update the data that the accelerator is working on. Such behavior is a

common characteristic of many accelerator-centric applications [91,182,196,217,252,306].

5.2.3. Analysis of NDA Coherence Mechanisms

We explore three types of existing mechanisms that can be used to enforce coherence between

CPU threads and NDAs.

Non-Cacheable Approach. One approach to sidestep coherence is to mark any data accessed by
the NDA (i.e., the NDA data region) as non-cacheable by the CPU [14]. This ensures that any
CPU writes are immediately visible to the NDA. While this works well for applications where the
CPU rarely accesses the NDA data region, it performs poorly for many applications where the CPU
accesses the region often. For Ligra [336] applications with a representative input graph (arXiv), we
find that 38.6% of all accesses made by CPU threads to memory are to the NDA data region.
Figures 5.2 and 5.3 show the memory system energy consumption and speedup of different
coherence mechanisms for a system with NDAs, normalized to a CPU-only baseline where the
entire application runs on the CPU. In the figures, we also show a mechanism called Ideal-NDA,
where there is no energy or performance penalty for coherence. We observe from the figures that

the non-cacheable approach (NC) fails to provide any energy savings (and, in fact, greatly increases
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energy consumption), and on average performs 6.0% worse than CPU-only. Therefore, NC is a
poor fit for applications where the NDA and CPU threads share data, as it is unable to realize any

benefit from NDA in our workloads.
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Figure 5.2. Memory system energy with existing coherence mechanisms.
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Figure 5.3. Speedup with existing coherence mechanisms.

Coarse-Grained Coherence. A second approach is coarse-grained coherence, where there is a
single coherence permission that applies to the entire NDA data region. This works well when
there is only a limited amount of data shared between the CPU threads and the NDA kernel, but
incurs high overheads when there is a high amount of data sharing and there is no easy way to find
what part of the data will be accessed by the NDA before execution (e.g., due to irregular access
patterns). The CPU must flush all dirty cache lines in the NDA data region every time an NDA
acquires coherence permissions for the region, even if the NDA does not access most of the data
in the region. This results in a significant amount of unnecessary data movement. For example,
with only four CPU threads, PageRank flushes 227x the number of cache lines actually accessed by

the NDA. While coherence at a smaller granularity (e.g., one entry per page [97]) can reduce this
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overhead in some cases, the overhead remains high for the many applications that have irregular
access patterns. For example, pointer chasing applications [14, 169,216] access only a few cache
lines in each page, but still require all changes to the page to be flushed.

Some instances of coarse-grained coherence use coarse-grained locks to provide the CPU or
NDA with exclusive access to a coarse-grained region. Without exclusive access, data can ping-pong
between the CPU and the NDA when they concurrently access the NDA data region, increasing
data movement. Coarse-grained locks avoid ping-ponging by having the NDA acquire exclusive
access to a region for the duration of the NDA kernel. Our analysis shows that coarse-grained locks
greatly limit performance when any sharing exists, by forcing CPU threads and NDA kernels to
serialize. Averaged across all Ligra applications running on a representative input graph (Gnutella),
coarse-grained locks block 87.9% of the CPU’s memory accesses during NDA execution. As
Figures 5.2 and 5.3 show, the high impact of unnecessary flushes and serialization cause coarse-
grained locks (CG in the figures) to eliminate a large portion of the energy and performance benefits
that Ideal-NDA provides. In fact, CG performs 0.4% worse than CPU-only, on average.

We conclude that while CG works well in some cases, it is not suitable for many important

NDA applications.

Fine-Grained Coherence. Traditional, or fine-grained, coherence protocols (e.g., MESI [110,291])
have two major qualities well suited for applications with irregular memory accesses (e.g., graph
workloads, databases, pointer chasing). First, fine-grained coherence acquires coherence permissions
for only the pointers that are actually traversed during pointer chasing. The path taken during pointer
traversal is not known ahead of time. As a result, even though a thread often accesses only a few
dispersed pieces of the data structure, a coarse-grained mechanism has no choice but to acquire
coherence permissions for the entire data structure. Fine-grained coherence allows the CPU or NDA
to acquire permissions for only the pieces of data in the data structure that are actually accessed.
Second, fine-grained coherence can ease programmer effort when developing applications for NDAs,
as multithreaded programs already use this programming model.

Unfortunately, if an NDA participates in fine-grained coherence with the CPU, it has to exchange

coherence messages for every cache miss with the CPU directory over a narrow pin-limited bus.
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Since NDA kernels are memory-intensive and exhibit poor temporal locality, this fine-grained
message exchange generates large amounts of off-chip data movement. A large amount of those
coherence messages are unnecessary, as our analysis from Section 5.2.2 shows that the vast majority
of NDA accesses do not collide with CPU writes and, thus, do not need coherence.

We apply a number of optimizations to fine-grained coherence to reduce the amount of off-chip
data movement. We enforce exclusive ownership of each cache line by either the NDA or the CPU.
We add a local NDA directory in DRAM to maintain coherence between multiple NDAs. We add a
bit to each entry in both the CPU and NDA directories, to mark the cache lines that are owned by an
NDA. If a coherence miss occurs for a cache line owned by the NDA, this means that the CPU also
does not have a copy of the cache line, and no request needs to be sent to the CPU. Unfortunately,
even with these optimizations, fine-grained coherence using the MESI protocol [110,291] (FG)
eliminates a significant portion of the energy and performance benefits of Ideal-NDA, as shown in
Figures 5.2 and 5.3. This is because the optimized FG (1) still needs to send off-chip coherence
requests to acquire ownership; (2) is unable to avoid the majority of off-chip coherence requests,
as the NDA kernel has a high number of cache misses that generate many coherence requests;
and (3) still causes data to ping-pong between the CPU and the NDA, generating many off-chip
coherence messages for a single cache line.

We conclude that while FG acquires permissions for only cache lines that are actually accessed,

it still causes a lot of unnecessary off-chip data movement.

Limitations of Existing Coherence Mechanisms. The majority of unnecessary off-chip data
movement generated by existing coherence mechanisms is due to a lack of insight into when
coherence requests are actually necessary during NDA kernel execution. Without having any such
insight, existing mechanisms preemptively issue coherence requests, many of which are not needed,
causing significant off-chip data movement to maintain coherence. As a result, none of these

mechanisms can exploit the potential energy and performance benefits of NDAs.
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5.3. Optimistic NDA Execution

As we see in Section 5.2, existing coherence mechanisms can eliminate the benefits of near-
data acceleration for many important application classes. We find that the majority of off-chip
data movement generated by these coherence mechanisms is unnecessary, primarily because the
mechanisms pessimistically assume that (1) every memory operation needs to acquire coherence
permissions or (2) data shared between CPUs and NDAs cannot be cached. Much of this unnecessary
movement can be eliminated if a coherence mechanism has insight on what part of the shared data
is actually accessed. Based on our observations from Section 5.2, we propose to use optimistic
execution for NDAs. When executing in optimistic mode, an NDA gains insight into its memory
accesses by tracking the accesses without issuing any coherence requests. When optimistic execution
is done, the NDA uses the tracking information to perform necessary coherence requests for only the
parts of the shared data that were actually accessed during execution, which minimizes coherence-
related data movement.

In this section, we discuss our optimistic execution model and how it retains existing memory
consistency guarantees (Section 5.3.1), and analyze when coherence messages are necessary in
optimistic mode (Section 5.3.2). We assume a sequentially-consistent memory model in this section,
but our execution model can easily be applied to other common memory consistency models, such
as the x86-TSO model (Section 5.4.8).

In Section 5.4, we propose CoNDA, a coherence mechanism for NDAs that makes use of

optimistic execution.

5.3.1. Execution Model

An application running on the CPU can issue a call to start executing code on an NDA. When
the NDA starts executing, the CPU threads may execute concurrently. The NDA executes in
optimistic mode, where it assumes that it always has coherence permissions on the cache lines that
it uses, without checking the CPU coherence directory. This avoids the need for off-chip coherence

communication during execution. Because the NDA has not actually checked coherence, it ensures
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that none of its data updates are committed to memory during optimistic execution.

When optimistic execution stops, the system must determine whether it can commit the data
updates from optimistic execution. This requires the NDA to determine if any coherence requests
should have been issued to guarantee correctness. To keep the commit mechanism simple, our
execution model makes use of coarse-grained atomicity, where all memory updates by the NDA
are treated as if they all occur at the moment when optimistic execution stops. Thus, for all memory
operations that take place while the CPU threads and the NDA execute concurrently, the CPU
thread memory operations are effectively ordered before the NDA memory operations, which is
a valid ordering for sequential consistency. When the NDA attempts to commit, the system first
checks to see if any coherence violation happened (see Section 5.3.2). If no violation occurred, the
NDA data updates are committed. Otherwise, the NDA must resolve any violations by performing
the necessary coherence operations, and re-execute the optimistically-executed code. Because
CPU threads and NDA kernels rarely access the same cache lines during concurrent execution
(see Section 5.2.2), re-execution happens rarely, as we show in Section 5.6.2, making optimistic
execution efficient.

We do not expose the optimistic execution behavior of the NDA to programmers. Our execution
model ensures that memory consistency is not violated, and thus, the programmer can treat the sys-
tem like a conventional multithreaded system. To make use of near-data acceleration, a programmer
simply needs to insert macros to demarcate portions of the application that should be executed on
the NDA (see Section 5.4.1), and can treat the NDA kernel as just another thread. As is the case
for concurrent CPU threads, the programmer assumes that (1) instructions across multiple threads
can be interleaved in any order acceptable under the memory consistency model of the system, and
(2) they need to use synchronization primitives if they want to enforce a specific ordering. Our

mechanism supports synchronization primitives (see Section 5.4.7).

5.3.2. Identifying Necessary Coherence Requests

In order to maintain coherence, the NDA must perform any necessary coherence operations

before committing its uncommitted memory operations. Coherence requests are necessary only
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Figure 5.4. Example timeline of optimistic NDA execution.

when the NDA and/or a CPU thread update a cache line that both the NDA and the CPU thread
access. Figure 5.4 shows an example of how CPU and NDA operations are ordered. We discuss
three possible interleavings of CPU and NDA memory operations to the same cache line, and show
that only one of the interleavings leads to a violation and requires NDA re-execution to ensure

correct execution.

Case 1: NDA Read and CPU Write (to the Same Cache Line). This case triggers re-execution.
As we discuss in Section 5.3.1, all NDA operations are ordered to take place once optimistic
execution stops. As a result, any CPU memory accesses that take place during optimistic mode are
ordered before any NDA operations. For example, the NDA read (e.g., N1 in Figure 5.4, which
reads cache line Z) should be ordered after the CPU write to the same cache line (e.g., C4). However,
since the NDA did not issue a coherence request before performing the read operation, it did not
read the updated value that was written by the CPU. In order to maintain coherence, the value
written by the CPU must be flushed to DRAM, and the NDA must re-execute to ensure correct
ordering (e.g., N1-N3 are re-executed as N4-N6).

Note that the CPU may perform the write (e.g., C1 to cache line X) before optimistic execution
begins. This can still require re-execution if the updated cache line is not written back to memory

before the NDA performs the read (e.g., N3).
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Case 2: NDA Write and CPU Read (to the Same Cache Line). This case does not trigger
re-execution. In our execution model, any read to a cache line by the CPU during optimistic mode
execution is ordered before the NDA’s write to the same cache line. As a result, the CPU should
not read the value written by the NDA. For example, NDA write N5 to cache line Y in Figure 5.4
is effectively ordered to take place after CPU read C6 to the same cache line. To ensure that the
CPU does not read the value written by the NDA, the NDA maintains the updated value in a data
update buffer until it can confirm that there is no need for it to re-execute instructions. Once this is
confirmed, the NDA commits the write to memory, and invalidates any stale copies of the data in
the CPU cache.

If the programmer wants to guarantee that the CPU read sees the NDA’s write, the program
must use synchronization primitives to enforce this ordering (see Section 5.4.7). This is true in

conventional CPU multithreading as well.

Case 3: NDA Write and CPU Write (to the Same Cache Line). This case does not trigger
re-execution. Similar to Case 1, the NDA write (e.g., N5) takes place after the CPU write (e.g.,
C5), and the NDA holds the update in the data update buffer. However, when the NDA is ready to
commit its updates (i.e., there is no need to re-execute), it cannot simply flush the old cache line in
the CPU. This is because the CPU and the NDA may have written to different words in the same
cache line. To ensure that no updates are lost, the data update buffer must include a per-word dirty
bit mask, as in [235]. When the system commits the NDA write, it first retrieves the latest version
of the cache line from the CPU, and then overwrites only the words in the cache line that were
written to by the NDA using the values of those words that are in the data update buffer. Again, if
the programmer wishes to enforce a specific ordering of the writes, they must use a synchronization

primitive (e.g., a write fence), as in conventional CPU multithreading.

5.4. CoNDA Architecture

In this section, we describe Coherence for Near-Data Accelerators (CoNDA), an efficient
coherence mechanism that makes use of optimistic NDA execution (see Section 5.3) to avoid

unnecessary off-chip coherence traffic. Figure 5.5 shows the high-level operation of CoNDA. In
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CoNDA, when an application wants to launch an NDA kernel (Section 5.4.1), the NDA begins
executing the kernel in optimistic mode (€ in Figure 5.5; Section 5.4.2). While the NDA kernel

executes, all CPU threads continue to execute normally, and never make use of optimistic execution.
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Figure 5.5. High-level operation of CoNDA.

To gain the insight needed to perform only the necessary coherence requests, CONDA efficiently
tracks the addresses of all NDA reads, NDA writes, and CPU writes during optimistic execution
using signatures (@) and @; Section 5.4.3). Once optimistic execution starts, any NDA data updates
are initially flagged as uncommitted (Section 5.4.4). These updates cannot be committed until all
necessary coherence requests are performed. When optimistic execution is done (Section 5.4.5),
CoNDA attempts to resolve coherence (@); Section 5.4.6). The NDA transmits its signatures
to the CPU, and CoNDA compares the NDA signatures with the CPU signatures to identify the
necessary coherence requests. If CoONDA detects any coherence violation (see Section 5.3.2), (1) the
NDA invalidates all of its uncommitted updates; (2) the CPU resolves the coherence requests,
performing only the necessary coherence operations (including any cache line updates); and (3) the
NDA re-executes the uncommitted portion of the kernel. Otherwise, performs the necessary
coherence operations, clears the uncommitted flag for all data updates in the NDA L1 cache (i.e.,
any uncommitted data updates are committed), and resumes optimistic execution if the NDA kernel
is not finished.

To preserve the conventional multithreaded programming interface, CoNDA correctly supports

synchronization primitives (Section 5.4.7). CoNDA enables optimistic execution, ensures correct-
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ness, and reduces unnecessary coherence traffic compared to state-of-the-art coherence mechanisms,

all with a low hardware overhead (Section 5.4.9).

5.4.1. Program Interface

We provide a simple interface for programmers to port applications to CoONDA. The programmer
identifies the portion(s) of the code to execute on an NDA using two macros (NDA_begin and
NDA_end). The compiler converts the macros into instructions that we add to the ISA, which trigger
and end NDA kernel execution, respectively. To reduce tracking overhead, CoNDA needs to know
which pages in memory might be accessed by an NDA, which we call the NDA data region. The
NDA data region can be identified by a compiler, or can be manually annotated by the programmer.
CoNDA stores this information by adding one bit to each page table entry, which when set indicates

that CoONDA needs to track reads from and writes to this page during optimistic execution.

5.4.2. Starting Optimistic NDA Execution

CoNDA starts optimistic execution when an NDA kernel is launched, or after a successful
coherence resolution operation. When an NDA kernel is first launched, the CPU dispatches the
kernel’s starting PC and any live-in registers to a free NDA. Any time optimistic execution starts,
CoNDA takes a checkpoint of the current NDA state, which consists of the NDA’s PC and software-

visible registers. This checkpoint is used in case commit fails and the NDA needs to re-execute.

5.4.3. Signatures

CoNDA uses signatures to track whether any coherence requests are necessary during optimistic
execution. CoNDA uses this information once optimistic execution ends to perform only the

necessary coherence requests.

Implementation. To reduce the amount of storage needed to track coherence requests without
missing any addresses that need to be checked for correct coherence, we implement signatures in
CoNDA using fixed-length parallel Bloom filters [40]. In a parallel Bloom filter, an N-bit signature

is partitioned into M segments. Each segment in the signature employs a unique hash function

81



(H;3 [316]). When an address is added to the signature, each segment’s hash function maps the
address to a single bit in the segment, which we call the hashed value, and the bit is set to 1. Using
a parallel Bloom filter, CONDA can perform three operations. First, it can check if a filter contains a
given memory address, by generating the hashed values for the address and checking if they are set
in all M segments. Second, it can retrieve a list of all addresses in the filter, by using the signature
expansion technique [51,52]. Third, it can quickly compare two filters to see if both filters might
contain one or more of the same addresses, by taking the bitwise AND of the two signatures to
generate the filter intersection and checking that each segment in the intersection has at least one bit
set (indicating at least one matching address that is shared by both filters).

Once a bit is set in a parallel Bloom filter segment, the bit remains set until the filter is reset. As
a result, there are no false negatives. This ensures that CONDA checks all of the addresses that are
added to the signatures during optimistic execution. Due to aliasing of some hashed values, Bloom
filters can introduce a limited number of false positives (see below), which may lead to unnecessary
re-executions without affecting correctness. The parallel Bloom filters in CONDA are reset every

time optimistic execution starts.

Tracking Memory Operations During NDA Execution. CONDA maintains three sets of signa-
tures during optimistic execution, as shown in Figure 5.6. The NDAReadSet records the addresses
of all cache lines read from by the NDA. The NDAWriteSet records the addresses of all cache lines
written to by the NDA. The CPUWriteSet records the addresses of all cache lines in the NDA data
region that (1) a CPU thread writes to during optimistic execution, or (2) have dirty copies in a CPU
cache before an NDA kernel starts. The CPU scans the caches before launching an NDA kernel to
find dirty cache lines that reside in the NDA data region. Our evaluation shows that across the entire
program, the total time spent on scanning accounts for less than 1% of the overall execution time
(Section 5.6), including TLB overheads. This is because the NDA kernels are very data intensive,
and require orders of magnitude more time to execute than scanning the CPU L1 cache tag stores,
which can be done in parallel across caches.

In the unlikely case that scanning becomes a performance bottleneck (which we never observe

in our experiments), we can optimize the scan operation by introducing a Dirty-Block Index [318]
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to track dirty NDA data.
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Figure 5.6. Hardware additions to support CoONDA.

Signature Size. Each Bloom filter is composed of a fixed-length register. The size of the register
determines the maximum number of addresses can be added to the filter without exceeding a
given false positive rate. Once the maximum number of addresses is reached in any signature,
CoNDA stops optimistic execution and begins resolving necessary coherence requests for the NDA
kernel. We size the signatures in CoNDA to balance the storage overhead, the false positive rate (as
false positives can cause unnecessary re-executions), how frequently optimistic execution must be
stopped, and the amount of data movement needed to transfer signatures from the NDA to the CPU
when CoNDA performs any necessary coherence requests.

The NDAReadSet and NDAWriteSet each use one 256 B register that is split into four segments.
The CPUWriteSet uses eight 256 B Bloom filters. This is because the CPUWriteSet does not need
to be transmitted off-chip during coherence resolution, so we can use multiple filters to increase the
addresses that the CPUWriteSet can hold. We use a round robin policy to select which of the filters
an address is added to. We target a 20% false positive rate (worst case) in CoNDA, which allows us
to hold up to 250 addresses in each 256 B filter. Our Bloom filter analysis is based on mathematical

derivations in prior work [316].
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5.4.4. Buffering Uncommitted Values

Each NDA includes a small private L1 data cache. During optimistic execution, when an NDA
performs a write operation, the write value cannot be committed to memory until CoNDA can
perform the necessary coherence operations. As a result, the NDA buffers the updated data value in
the L1 cache, using techniques similar to prior works on speculative execution [23,51, 149, 150,161,
162,219,223,263,346]. We add a per-word dirty bit mask [235] to each cache line, as shown in

Figure 5.6, to mark all uncommitted data updates.

5.4.5. Ending Optimistic NDA Execution

CoNDA dynamically determines when to end optimistic execution. Execution in optimistic
mode stops when one of three events occurs: (1) the NDA reaches the end of the NDA kernel,
(2) the NDA L1 data cache needs to evict a speculative cache line, or (3) one of the signatures
cannot hold more addresses without exceeding the false positive rate. To determine if a signature
cannot hold more addresses, CoNDA maintains a counter for the number of addresses added to each

signature since optimistic execution started.

5.4.6. Identifying Necessary Coherence Requests

Once optimistic execution ends, CoONDA uses the signatures to check for and resolve any
necessary coherence operations, and attempts to commit any uncommitted NDA data updates. The
NDAReadSet and NDAWriteSet are sent from the NDA to coherence resolution logic residing in
the CPU. The coherence resolution logic then calculates the intersection of the NDAReadSet and
the CPUWriteSet. There are two cases, depending on whether the intersection contains a match.

Case 1 (Conflict). If the intersection contains a match, a coherence violation may have occurred
(i.e., an NDA read and a CPU write may have been to the same address; see Section 5.3.2). This
means that the pending NDA data updates cannot be committed, as they may violate correct memory
ordering. Instead, CONDA must perform the necessary coherence operations and then re-execute
the NDA operations. To do so, the CPU flushes any dirty cache lines that match addresses in the

NDAReadSet to DRAM, and places a copy of these cache lines in the NDA L1 cache. The CPU uses
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the signature expansion method [51,52] to decode the CPUWriteSet into corresponding addresses,
and then checks if those addresses are present within the NDAReadSet. Once the dirty cache line
flush completes, the coherence resolution logic sends a message to the NDA that the commit attempt
failed. The NDA invalidates all uncommitted data in its L1 cache, rolls back to its checkpointed
state, and restarts optimistic execution. If the same portion of the NDA kernel fails commit N times
(we empirically set N to three), CONDA guarantees forward progress of the NDA by acquiring a
lock for each cache line in the NDAReadSet(e.g., by temporarily setting the page table read-only bit
for any page that contains a cache line in the NDAReadSet). This ensures that the kernel does not
roll back anymore, and avoids livelock.

Case 2 (No Conflict). If no match is found in the intersection of the NDAReadSet and the
CPUWriteSet, then no memory ordering violation exists, and the commit process starts to perform
any necessary coherence operations. First, the coherence resolution hardware computes the inter-
section of the NDAWriteSet and the CPUWriteSet. If an overlap is found, CoNDA uses signature
expansion (see Section 5.4.3) to identify which cache lines need to be merged (see Section 5.3.2),
and sends these cache lines to the NDA for merging, which ensures write-after-write coherence.
Second, all cache lines in the CPU cache that match an address in the NDAWriteSet are invalidated.
Third, a message is sent to the NDA, which clears the uncommitted flag on all NDA cache lines
and allows the lines to be written to DRAM. Finally, if the NDA kernel is not finished, the NDA
continues executing the kernel by starting optimistic execution from the instruction after the commit.

During coherence resolution, CPU threads continue to execute, but all coherence directory
entries for cache lines in the NDA data region are locked to ensure atomicity. If a thread accesses

any cache line in the NDA region, the thread stalls until the coherence resolution completes.

5.4.7. Support for Synchronization Primitives

CoNDA allows a programmer to use traditional synchronization primitives to manually order
memory operations and provide atomicity. When an NDA reaches a synchronization primitive
(e.g., Acquire, Release), it performs three steps. First, CONDA ends optimistic execution, and

commits any pending speculative updates before the primitive. This ensures that there are no
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remaining memory operations that must be ordered before the synchronization primitive, preserving
the memory ordering expected by the programmer. Second, the NDA executes the primitive non-
speculatively, performing any coherence operations necessary for the primitive. By executing the
primitive non-speculatively, CoONDA guarantees that the primitive cannot be rolled back, allowing
the primitive to work exactly as it does in conventional CPU multithreading. Third, after the

primitive has been performed, the NDA resumes optimistic execution.

5.4.8. Support for Weaker Consistency Models

In Section 5.3.1, we assume a sequentially-consistent memory model, but CONDA can support
other common memory consistency models. We illustrate this using a brief case study on how
CoNDA works with the x86-TSO (total store ordering) consistency model. CoONDA can support
x86-TSO by waiting to add store addresses to signatures until the addresses are issued to the memory
system. To support x86-TSO, each CPU and NDA needs to include a FIFO write buffer that can hold
issued stores until they are written to the memory system. Since the write buffer is architecturally
invisible, CONDA ensures that the CPUWriteSet signatures do not record an address that is in the
write buffer. CONDA records a write address in the CPUWriteSet only when the address leaves
the write buffer and is sent to the memory system. The coherence resolution logic in CoNDA
remains unchanged, as the write must become visible to the entire system when it is completed
by the memory system. For example, if the CPU writes to memory address A, and an NDA reads
from memory address A, there is no conflict as long as the write stays in the write buffer, and the
NDA read can complete, which is an expected memory ordering in x86-TSO. Once the write from
the write buffer is issued to the memory, the address is recorded in the CPUWriteSet and becomes

visible to the entire system.

5.4.9. Hardware Overhead

Each NDA uses 512 B to store signatures, while the CPU uses 2 kB in total. Aside from the
signatures, CONDA’s overhead consists mainly of (1) 1 bit per page in the page table (0.003% of
DRAM capacity) and 1 bit per TLB entry for the page table flag bits (Section 5.4.1); (2) a 1.6%
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increase in NDA L1 data cache size for the per-word uncommitted data bit mask (Section 5.4.4);

and (3) two 8-bit counters per NDA to track the number of addresses stored in each signature.

5.5. Methodology

We implement CoNDA in the gem5 simulator [38]. We perform all simulations in full-system
mode using the x86 ISA, and modify the integrated DRAMSim?2 [75] DRAM timing simulator
to model 3D-stacked HMC DRAM [105, 174] available to the NDAs. To accurately model the
coherence mechanisms, we modify the Ruby memory model in gem5. We include a local coherence
directory for the NDAs, and set the CPU coherence directory as the main point of coherence for the
system. Both the NDA and CPU directories use the MESI protocol. Table 7.1 shows our system

configuration.

Processor 16 cores, 8-wide issue, 2 GHz frequency, out-of-order
L1 I/D Caches: 64kB dprivate, 4-way, 64 B blocks
L2 Cache 4 MB shared, 8-way, 64 B blocks
Coherence: MESI
Near-Data 16 NDAs per stack, 1-wide issue, 2 GHz frequency, in-order
Accelerator LI I/D Caches: 64 kB private, 4-way, 64 B blocks
Coherence: MESI
HMC [174] one 4 GB cube, 16 vaults per cube,
16 banks per vault

Memory DDR3-1600, 4 GB, FR-FCFS scheduler
Table 5.1. Evaluated system configuration for CoNDA.

Our simulation platform models all of the overheads of CoNDA. During coherence resolution,
these overheads include (1) 20 cycles to send each signature from the NDA to the CPU, which is
a conservative estimate given that it takes 3 cycles to transfer a 256 B signature across the HMC
link; (2) 2 cycles to compare a CPU signature to an NDA signature, which is more conservative
than prior work [51,52]; (3) 8 cycles to invalidate a CPU cache line on a matching address; and
(4) 12 cycles to transfer a cache line from the CPU to the NDA to merge writes. We model the full
overhead of NDA kernel re-execution, which involves (1) invalidating uncommitted cache lines
and erasing signatures; (2) rolling back the NDA to a checkpoint, (3) resolving coherence, and
(4) re-running the kernel. We assume that NDA rollback takes 8 cycles, since the NDA 1is a small

core with a small cache, making the rollback significantly cheaper than for large out-of-order CPUs.
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We report memory system energy using an energy model similar to prior work [42], which
accounts for the total energy consumed by the DRAM, on-chip and off-chip interconnects, and all
caches. We use detailed simulator statistics to drive this model. We model the 3D-stacked DRAM
energy as the energy consumed per bit, leveraging estimates and models from prior work [184].
We estimate the energy consumption of all L1 and L2 caches using CACTI-P 6.5 [270], assuming
a 22 nm process. We model the off-chip interconnect using the method used by prior work [97],

which estimates the HMC SerDes energy consumption as 3 pJ/bit for data packets.

Applications. We study two classes of applications that are well-suited for NDA. For these
applications, we use two types of input datasets: (1) a modest size dataset, which we use to perform
the majority of our evaluations; and (2) a large size dataset, which we use in Section 5.6.5 to show
how CoNDA’s benefits scale as the input sizes increase.

We evaluate three graph applications from Ligra [336] (a lightweight multithreaded graph
framework): Connected Components (CC), Radii, and PageRank (PR). The modest size dataset for
our graph applications consists of input graphs from three real-world networks [344]: Enron email
communication network (73384 nodes, 367662 edges), arXiv General Relativity (10484 nodes,
28984 edges), and peer-to-peer Gnutella25 (45374 nodes, 109410 edges). The large size dataset
consists of input graphs from two real-world networks [344], which are on average 14.8x larger
than the graphs used in the modest size dataset: (1) the Amazon product network (334863 nodes,
925872 edges), and (2) the DBLP collaboration network (317080 nodes, 1049866 edges)).

We also evaluate an in-house prototype of an in-memory database (IMDB) that supports HTAP
workloads [257,317,349]. Our IMDB uses a state-of-the-art, highly-optimized hash join kernel [358].
For the modest size dataset, we simulate an IMDB system with 64 tables, 64K tuples per table,
and 32 randomly-populated integer fields per table. Our transactional workload consists of 64K
transactions, where each transaction reads from or writes to 1-3 randomly-chosen database tuples.
Our two analytical workloads consist of 128 or 256 analytical queries (HTAP-128 and HTAP-256)
that use the select and join operations. For the large size dataset, we increase the size of the IMDB
system to 64 tables with 640K tuples per table, with 256K transactions in the transactional workload

and 1024 queries in the analytical workload (HTAP-1024).
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Identifying NDA Kernels in Applications. Similar to prior works [15,42], we identify candidate
NDA kernels that are memory-intensive and not cache friendly. Using hardware performance
counter data, we consider a function to be an NDA kernel candidate when (1) it is memory intensive
(i.e., its LLC misses per kilo instruction, or MPKI, is greater than 20 [212, 213, 269]); (2) the
majority of the function’s execution time is spent on data movement; and (3) it is one of the top three
functions in the workload in terms of execution time. From this set of candidate kernels, we select
kernels for NDA execution such that we minimize the amount of data sharing that occurs between
CPU threads and NDA kernels. A lower amount of data sharing leads to higher performance under
existing coherence mechanisms (i.e., NC, CG, FG), and more modest performance improvements
with CoNDA. We manually annotate the NDA data region, by replacing all malloc calls to data in
the region with a custom memory allocator called nda_alloc, which notifies gemS5 that the data
belongs to the region.

In most Ligra applications, we select the edgeMap function as an NDA kernel. This function
processes and updates a subset of edges for each vertex [336], which generates many random
memory accesses. In our HTAP workloads, we select the analytical queries (i.e., select and join

operations) as NDA kernels.

5.6. Evaluation

We show results normalized to a CPU-only baseline, and compare CoNDA to NDA execution
using fine-grained coherence (FG), coarse-grained locks (CG), non-cacheable NDA data (NC), or

ideal coherence (Ideal-NDA), as described in Section 5.2.3.

5.6.1. Off-Chip Data Movement

Figure 5.7 shows the normalized off-chip data movement (which we measure as bytes transferred
between the NDAs and the CPU) of the NDA coherence mechanisms for a system with 16 CPU
cores and 16 NDAs. We make three observations from the figure. First, CONDA significantly
reduces the overall data movement compared to all prior NDA coherence mechanisms, with an

average reduction of 30.9% over the next best mechanism, CG. Compared to CG, which has to
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flush every dirty cache line in each region acquired by the NDA, CoNDA uses its insight on NDA
memory accesses to greatly reduce the number of lines flushed (e.g., by 92.2% for Radii using
arXiv). Second, NC’s data movement is very high because all processor accesses to the NDA
data region must go to DRAM. Third, CoNDA reduces data movement by 86.3% over CPU-only,

because it successfully allows memory-intensive portions of the applications to no longer consume

off-chip bandwidth.
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Figure 5.7. Normalized off-chip data movement.

5.6.2. Performance

Figure 5.8 shows the performance improvement for our 16-core system. We make four observa-
tions from the figure. First, with no coherence overhead, Ideal-NDA shows that there is significant
potential for speedup (on average 1.84x) in our applications when we use NDAs. Second, we
observe that CG and NC experience drastic performance losses compared to Ideal-NDA, due to the
high costs they have in maintaining coherence. Both CG and NC lead to on average 0.4% and 6.0%
performance loss over CPU-only. Third, while FG provides reasonable performance improvements,
it still falls far short of Ideal-NDA, achieving only 44.9% of Ideal-NDA’s performance benefits.
Fourth, unlike the other mechanisms, CoNDA’s efficient approach to coherence allows it to re-
tain most of the performance benefits of Ideal-NDA, coming within 10.4% on average. CoNDA
improves performance over CPU-only by 66.0%, and over the best previous mechanism, FG, by
19.6%.

We also evaluate the effect of offloading the entire application to NDAs. Running an entire
application on NDAs eliminates the need for coherence between the CPU and NDAs. However, our

analysis shows that executing these applications entirely on NDAs hurts performance significantly,
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eliminating on average 82.2% of Ideal-NDA’s performance improvement. CoNDA performs 51.7%
better than NDA-only, and NDA-only performs only 8.7% better than CPU-only. The reason is that
the NDA cannot afford to incorporate complicated logic and large caches due to power and area
constraints [42,77,99], which, for NDA-only, significantly slows down the parts of the application

that are better suited for CPU execution.
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Figure 5.8. Speedup across existing coherence mechanisms.

CoNDA'’s execution time consists of three major parts: (1) NDA kernel execution, (2) coherence
resolution overhead, and (3) re-execution overhead. Our analysis shows that for our applications,
the coherence resolution and re-execution overheads take 3.3% and 8.4% of the entire execution

time, respectively.

Coherence Resolution Overhead. We find that the coherence resolution overhead is low because
(1) CPU threads do not stall during resolution unless they access the NDA data region; (2) the
NDAWriteSet typically contains only a small number of addresses (6 on average), which limits
the number of CPU-side invalidations and NDA writebacks (see Section 5.4.6); and (3) resolution
mainly involves sending signatures and checking for any necessary coherence operations, which

altogether take less than 50 cycles.

Re-Execution Overhead. We find that the overhead of re-execution is small for two reasons. First,
as we mention in Section 5.2.2, the collision rate (i.e., the fraction of commit attempts that require
re-execution) is low (13.4% on average) for our applications, limiting the number of times an
NDA must re-execute and the number of cache lines that must be flushed to DRAM. Second, the
re-execution of the NDA kernel portion is significantly faster than its original execution. This is

because the majority of data and instructions needed by the NDA during re-execution are already
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in the NDA L1 cache from the previous execution, and CoNDA places a copy of each cache line

flushed from the CPU during coherence resolution into the NDA L1 cache.

5.6.3. Memory System Energy

Figure 5.9 shows the memory system energy consumption of the NDA coherence mechanisms.
We observe that CoNDA reduces energy consumption over all prior mechanisms, by 18.0% on
average over the best mechanism for memory system energy (CG). CoNDA achieves nearly all of the
energy reduction potential of Ideal-NDA, coming within 4.4%, and reduces energy consumption by
43.7% over CPU-only. This is because CoNDA successfully reduces off-chip traffic, and eliminates

much of the unnecessary coherence traffic of existing coherence mechanisms.
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Figure 5.9. Normalized memory system energy.

FG, CG, and NC each introduce coherence overheads that undermine their potential for energy
savings. FG exchanges a very high number of off-chip coherence messages between the CPU and
the NDAs. While CG reduces memory system energy over CPU-only, it induces a large number
of writebacks, which increase DRAM energy consumption by 18.9% CPU-only. The additional
DRAM energy cancels out some of the off-chip interconnect energy savings (a 49.1% reduction
over CPU-only) that CG provides. We find that CG is more energy efficient than FG because it
generates less off-chip coherence traffic. CG performs writebacks only at the beginning of NDA
kernel execution while FG generates off-chip coherence traffic on every single coherence miss. NC
forces all CPU accesses to the NDA data region to bypass the CPU caches and go to DRAM, which

increases the interconnect and DRAM energy over CPU-only by 3.1x and 4.5x, respectively.
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5.6.4. Multiple Memory Stacks

In systems that need a large main memory, there can be multiple memory stacks each with
NDAs. We evaluate how CoNDA’s benefits scale as multiple stacks require coherence, using a
representative workload (PageRank with the arXiv input graph) as a case study. In this study, we
assume that there are four CPU cores and four NDAs per stack, and that stacks are connected
together using the processor-centric topology [209]. We use the local NDA directory in each NDA
stack (Section 5.5) to maintain coherence between different stacks (i.e., similar to the distributed

directory in NUMA machines [10, 160]) using the MESI coherence protocol.

Off-Chip Traffic. Figure 5.10 shows the normalized off-chip traffic for each mechanism as the
number of stacks increases. The NDA and CPU core count increases with stack count, and so
does the off-chip memory traffic. Unlike existing NDA coherence mechanisms, off-chip traffic
under CoNDA scales well and remains significantly lower than CPU-only as we increase the stack
count. FG and CG do not scale as well as CoNDA. For FG, increasing the stack count leads to
a significantly larger number of coherence misses, and thus, generates more off-chip coherence
messages. For CG, the number of writebacks required scales superlinearly with stack count (6.2x
from 1 to 4 stacks; not shown). NC generates more traffic than CPU-only across all stack counts.
In contrast, even with 4 stacks, CoNDA reduces off-chip traffic by 82% over CPU-only, again

significantly reducing the cost of NDA coherence.
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Figure 5.10. Effect of stack count on data movement (lower is better) for PageRank with arXiv
input graph.

Performance. Figure 5.11 shows the normalized speedup for each mechanism as the number of

stacks increases. Across all stack counts, we find that CoNDA consistently outperforms CPU-only,
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FG, CG, and NC. Compared to FG, the best existing mechanism at 4 stacks, CONDA improves
performance by 21.5%. This is because there is more off-chip traffic at higher stack counts, which
CoNDA reduces, as we see in Figure 5.10. Unlike CoNDA, as the stack count increases, CG (at
4 stacks) and NC (at 2 and 4 stacks) actually perform worse than CPU-only. CG performs worse
for two reasons: (1) the high number of flushes; and (2) the increased probability of blocking
CPU threads during concurrent execution, with the threads stalled for up to 73.1% of the execution
time. FG still outperforms CPU-only as the stack count increases, but its high amount of off-chip
coherence requests prevents it from coming close to CoNDA’s performance.
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Figure 5.11. Effect of stack count on speedup for PageRank with arXiv input graph.

5.6.5. Effect of Larger Data Sets

Increasing the data set size significantly increases the benefits of CONDA. This is because the
larger data sets result in a significantly larger number of cache misses than the smaller data sets. As
a result, more coherence traffic is generated, which, thus, provides more opportunities for CoNDA to
eliminate overheads. To demonstrate this, we evaluate three of our applications with larger data sets:
(1) Connected Components and (2) Radii, and (3) HTAP-1024. Figure 5.12 shows the performance
improvement normalized to the CPU-only baseline. We find that Ideal-NDA outperforms CPU-only
by 9.2x, averaged across these three workloads. CoNDA retains most of the performance benefits of
Ideal-NDA, coming within 10.2% on average, and improves performance by 8.4x over CPU-only,
7.7x over NDA-only, and 38.3% over FG (the best prior coherence mechanism). Similar to our
observation for the modest size data sets, executing these applications entirely on NDAs (shown

by NDA-only) hurts performance significantly, eliminating on average 88.7% of Ideal-NDA’s
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performance improvement. We conclude that as we scale to larger data sets, CoNDA retains its
effectiveness at eliminating unnecessary coherence traffic and preserves almost all of the benefits of

NDA execution.
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Figure 5.12. Speedup for larger data sets.

5.6.6. Effect of Optimistic Execution Duration

As we discuss in Section 5.4.3, the duration of optimistic execution is determined by the number
of addresses that can be held in the signatures without exceeding a target false positive rate, for a
fixed signature length. Figure 5.13 shows how varying the number of addresses affects execution
time and off-chip traffic (normalized to CPU-only) for two representative workloads: Connected
Components with the Enron input graph, and HTAP-128. We make two observations from the
figure. First, as the duration increases from 150 addresses to 350 addresses, the total execution
time increases by 5.7% and 10.5% for Connected Components and HTAP-128, respectively. This is
because when the duration is longer, there are more opportunities for the CPU and NDA to collide
on the same cache line. As a result, the conflict rate (i.e., the fraction of coherence resolution
attempts that require re-execution) increases by 18.3% and 41.2%, respectively. Second, as the
duration increases, the off-chip traffic decreases, by 25.7% and 15.5%, respectively. Every time
CoNDA performs coherence resolution, the NDA sends its signatures to the CPU across the off-chip
interconnect, and a longer duration requires less frequent coherence resolution.

Given our signature size (256 B) and target false positive rate (20%), we conclude that a duration

of 250 addresses strikes a good balance between execution time and off-chip traffic.
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Figure 5.13. Effect of optimistic execution duration.

5.6.7. Effect of Signature Size

We repeat the study from Section 5.6.6, but this time hold the duration of optimistic execution
constant at 250 addresses, and instead vary the size of each signature. Figure 5.14 shows how
the signature size affects execution time and off-chip traffic (normalized to CPU-only). We make
two observations from the figure. First, when the signature size increases from 256 B to 1kB,
the execution time decreases by 10.1% for Connected Components and 10.9% for HTAP-128.
Increasing the signature size has a similar effect to decreasing the duration of optimistic execution.
In this case, the conflict rate decreases mainly because the false positive rate is lower, by 31.4% and
40.5% for the respective workloads. Second, when the signature size increases from 256 B to 512 B

and to 1 kB, the off-chip traffic increases, by 32.7% and 31.4%, respectively.
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Figure 5.14. Effect of signature size.

We conclude that for a 250-address duration, using a smaller 256 B signature strikes a good

balance between storage overhead, execution time, and off-chip traffic across all of our workloads.

96



5.6.8. Effect of Data Sharing Characteristics

The amount of data shared by CPU threads and NDA kernels, and the rate at which these
two collide on the same cache lines during concurrent execution, are intrinsic properties of the
application and how it is partitioned. We can group applications into three categories: (1) limited
sharing; (2) high amount of sharing, infrequent collisions; (3) high amount of sharing, frequent
collisions. So far, our work has shown that several important applications fit into Category 2, and
CoNDA is much more effective for these applications than existing coherence mechanisms. In this
section, we explore how CoNDA performs for applications in the other two categories (1 & 3).

Many NDA applications fall under Category 1, and prior works on NDA often assume this
behavior (e.g., [77,93,99,206,302,380]). To show how CoNDA compares to CG, NC, and FG for
such applications, we construct two representative benchmarks inspired by prior works [16,42,320]:
(1) a matrix tiling operation that is offloaded to an NDA, and (2) a kernel where the NDA performs
memcpy () and memset () on a large region of memory. During NDA execution, the CPU is idle.
For these benchmarks, we find that CG, NC, and CoNDA all perform comparably, outperforming
CPU-only by 1.83x, 1.85x, and 1.82x, respectively (not shown). All three achieve near-ideal
performance, with CoNDA coming within 2.8%. In contrast, FG performs relatively poorly, only
coming within 21.1% of Ideal-NDA, due to its high coherence traffic. Even though CG and NC
especially cater to such applications, CONDA still performs competitively, as very few rollbacks
occur when sharing is limited. Unlike CG and NC, CoNDA provides coherence at a fine granularity
(i.e., per cache line) for these applications, making the programming model simpler.

Unlike applications in Categories 1 and 2, applications in Category 3 may not benefit significantly
from the concurrent execution of CPU threads and NDA kernels. For such applications, most
coherence messages are necessary, and the system would have to spend a large fraction of the total
execution time on performing these requests. We develop a representative microbenchmark for this
category, where the NDA performs a tiling operation on a matrix while the CPU threads concurrently
update and read from the matrix. FG, CG, and NC all hurt the performance of the benchmark,
performing 33.4% worse (averaged across the three coherence mechanisms) than CPU-only (not

shown) for the same reasons that we discuss in Section 5.2.3. While CoNDA does significantly
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better, performing only 2.1% worse than CPU-only, it still falls significantly short of Ideal-NDA,
by 51.2%, due to frequent rollbacks. We note, however, that applications where a large portion of
the execution is done on an accelerator [91,178,182,196,217,252,306] rarely exhibit this kind of
behavior where the CPU and the accelerator collide frequently on shared data.

We conclude that for the vast majority of accelerator-centric applications, we expect that
CoNDA (1) either significantly outperforms or performs competitively with existing NDA coherence

mechanisms, and (2) achieves near-ideal performance.

5.7. Summary

Many applications can harness near-data accelerators (NDAs) to gain significant performance
and energy benefits. However, enforcing coherence between an NDA and the rest of the system is a
major challenge. We extensively analyze NDA applications and existing coherence mechanisms, and
observe that (1) a majority of off-chip coherence traffic is unnecessary, and (2) a significant portion of
off-chip data movement can be eliminated if a coherence mechanism has insight into NDA memory
accesses. Based on our observations, we propose CoNDA, a coherence mechanism that lets an
NDA optimistically execute code assuming that it has coherence permissions. Optimistic execution
enables CoNDA to gather information on memory accesses, and exploit the information to minimize
unnecessary off-chip data movement for coherence. Our results show that CoNDA improves
performance and reduces energy consumption compared to existing coherence mechanisms, and
comes close to the energy and performance of a no-cost ideal coherence mechanism. We conclude
that CoNDA is an effective coherence mechanism for NDAs, and hope that this work encourages

the development of other mechanisms for NDA coherence.
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Chapter 6

Mitigating Edge Machine Learning
Inference Bottlenecks: An Empirical Study

on Accelerating Google Edge Models

Modern consumer devices make widespread use of machine learning (ML). The growing
complexity of these devices, combined with increasing demand for privacy, connectivity, and
real-time responses, has spurred significant interest in pushing ML inference computation to the
edge (i.e., into these devices, instead of in the cloud) [57,376,383]. Due to the resource-constrained
nature of edge platforms, they now employ specialized energy-efficient accelerators for on-device
inference (e.g., Google Edge TPU [114], NVIDIA Jetson [282], Intel Movidius [179]). At the same
time, neural network (NN) algorithms are evolving rapidly, which has led to a myriad of NN models
(e.g., CNNs [339], LSTMs [315], GRUs [67], Transducers [135, 158], hybrid models [74,367]),
each targeting various applications (e.g., face detection [339], speech recognition [158,240,315],
translation [379], image captioning [74,367]). Edge ML accelerators are designed to provide a
one-size-fits-all solution across a wide variety of NN models, while being mindful of edge device
area and energy constraints.

Unfortunately, the one-size-fits-all approach has made it very challenging for edge ML acceler-

ators to execute all of these models in a way that simultaneously achieves high energy efficiency
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(TFLOP/J), computational throughput (TFLOP/s), and area efficiency (TFLOP/mm?) for each
workload. Our goal is to revisit the design of edge ML accelerators such that they are aware of
and can exploit the layer variation within and across edge NN models, using a hardware-software

co-design approach aware of PIM.

6.1. Summary of Key Insights and Observations

We conduct an in-depth analysis of inference execution on a commercial Edge TPU [114],
across 24 state-of-the-art Google edge models spanning four popular NN model types: (1) CNNss,
(2) LSTMs [315], (3) Transducers [158, 240, 305], and (4) RCNNs [74, 367]. These models
are used in several Google mobile applications, such as image classification, object detection,
semantic segmentation, automatic speech recognition, and image captioning. Based on our analysis
(Section 6.2), we find that the accelerator suffers from three major shortcomings. First, the
accelerator utilizes only 1/4 of its peak throughput, averaged across all models (and less than 1%
utilization for LSTMs and Transducers, the worst case). Second, despite using specialized logic, the
accelerator provides only 37% of its theoretical peak energy efficiency (TFLOP/J) on average. Third,
the accelerator’s memory system is often a large bottleneck. As an example, while large on-chip
storage buffers (e.g., several megabytes) account for a significant portion of energy consumption
(e.g., 48.1% static and 36.5% dynamic energy during CNN inference), they are often ineffective in
reducing off-chip accesses, and cannot accommodate the parameters of larger NN models.

To identify the root cause of these shortcomings, we perform the first comprehensive per-layer
analysis of the google edge NN models, and make two key observations. First, there is significant
variation in terms of layer type, shape, and characteristics (e.g., FLOP/Byte ratio, footprint, intra-
and inter-layer dependencies) across the models. For example, Transducer layers differ drastically
(by as much as two orders of magnitude) from CNN layers in terms of parameter footprint and
FLOP/B. Second, even within each model, there is high variation in terms of layer types and
shapes (e.g., pointwise, depthwise, fully-connected, standard convolution, recurrent). This leads
to up to two orders of magnitude of variation for layer characteristics within a single model. We

quantify for the first time how intra-model variation is dramatically higher in edge models compared
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to previously-studied traditional models (e.g., [220, 339]) because edge models employ several
techniques (e.g., separable convolutions [165, 175]) to reduce computational complexity and layer
footprint, in order to optimize the models for resource-constrained edge devices.

While our analysis uncovers the significant heterogeneity that exists in edge NN layers, we
find that the key components of edge ML accelerators, including the processing element (PE)
array, dataflow, memory system (on-chip buffers and off-chip memory), and on-chip network, are
completely oblivious to this heterogeneity, which leads to the three accelerator shortcomings that
we observe in Section 6.2. Instead, state-of-the-art edge ML accelerators [58,95, 100, 179, 181,282]
take a monolithic design approach, where they equip the accelerator with a large PE array, large
on-chip buffers, and a fixed dataflow (e.g., output stationary). While this approach might work for
a specific group of layers (e.g., traditional convolutional layers with high compute intensity and
high data reuse), we find that it fails to achieve the desired energy efficiency, throughput, and area
efficiency across the significantly more diverse state-of-the-art edge NN models. One such example
is the memory system, where state-of-the-art accelerators employ highly overprovisioned on-chip
buffers that are unable to effectively reduce off-chip parameter traffic and provide high bandwidth to
PEs, leading to PE underutilization. Another example is the fixed dataflow used by the accelerators
across all layers. Due to the drastic variation across different layers, the fixed dataflow often misses
spatial/temporal reuse opportunities across layers.

A number of recent works [57,225] cater to NN variation by enabling reconfigurability for parts
of the accelerator. For example, Eyeriss v2 [57] provides the ability to reconfigure the on-chip
interconnect and make use of a smaller PE array. Unfortunately, as models become more diverse
and go beyond the structure of more traditional CNNs, reconfigurable accelerators face three issues:
(1) they do not provide the ability to reconfigure a number of essential design parameters (e.g.,
on-chip buffers, memory bandwidth); (2) they can require frequent online reconfiguration to cater
to increasing intra-model heterogeneity, with associated overheads; and (3) they make it difficult to
co-design the dataflow with key components such as the memory system. The key takeaway from
our extensive analysis of Google edge NN models on the Edge TPU is that all key components of an

edge accelerator (i.e., PE array, dataflow, memory system) must be co-designed based on specific
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layer characteristics to achieve high utilization and energy efficiency. Our goal is to revisit the design
of edge ML accelerators such that they are aware of and can fully exploit the growing variation
within and across edge NN models. Our goal is to revisit the design of edge ML accelerators such
that they are aware of and can fully exploit the growing variation within and across edge NN models.

To this end, we propose Mensa, the first general HW/SW composable framework for ML
acceleration in edge devices. The overarching key idea of Mensa is to incorporate multiple
heterogeneous accelerators, each of which is small and tailored to the characteristics of a particular
subset of layers, and to use a runtime scheduler that assigns each layer to the accelerator that is best
suited to the layer’s characteristics and inter-layer dependencies. As we study the characteristics of
different layers in our edge models, we make an important discovery: the layers naturally group
into a small number of clusters. In each cluster, the layers belonging to that cluster have at least one
common characteristic that differs significantly from the layers in other clusters, and that strongly
influences the best hardware design for those layers. As a result, the number of different accelerators
that need to be implemented using Mensa is limited to the number of clusters (five for our Google
edge models), allowing an implementation of Mensa to fit within the tight constraints of edge
devices.

Using our insight about layer clustering, we develop one possible design for Mensa that is
optimized for our Google edge workloads. We identify the key characteristics that lead to the
formation of each cluster, and find that our accelerator designs should center around two of them
(memory boundedness, and activation/parameter reuse opportunities) that have the greatest impact
on hardware efficiency. First, we need separate accelerators for compute-centric clusters and
for data-centric clusters. Layers in compute-centric clusters make heavy use of their multiply-
accumulators (MACs), have small parameter footprints, and high parameter reuse, requiring only
small on-chip buffers and limited memory bandwidth. In contrast, layers in data-centric clusters do
not use MACs heavily, and have high memory bandwidth requirements, requiring very different
hardware resources from compute-centric layers. Second, we need separate accelerators to account
for different types of dataflow across the clusters. We find that an accelerator’s dataflow depends

on the amount and types of data reuse that a layer can make use of, along with whether or not
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inter- and/or intra-layer dependencies are present. The choice of dataflow strongly influences the
entire design of each accelerator. Notably, we find that multiple clusters share common reuse and
dependency behavior. Using this, we consolidate our five clusters of layers down to three distinct
types of layer behavior that our implementation needs to account for.

As aresult, we design three accelerators for our implementation: Pascal (for compute-centric
layers), Pavlov (for LSTM-like data-centric layers), and Jacquard (for other data-centric layers).
We employ a template-based design approach, customizing each accelerator based on layer char-
acteristics while maintaining the tiled architecture of the baseline accelerator. While this limits
the degree of customization, it allows Mensa to seamlessly run models compiled using existing
highly-optimized toolchains (e.g., Edge TPU compiler [115]) and minimizes programmer burden.
Pascal uses a dataflow that enables temporal reduction of output activations and spatial multicasting
of parameters. This dataflow allows us to design a memory system with an on-chip buffer that
is 16x smaller than our baseline state-of-the-art accelerator, and greatly reduces on-chip network
traffic, while still keeping the processing elements (PEs) highly utilized. Pavlov uses a dataflow
that enables temporal reduction of output activations, and identifies opportunities to schedule the
parallel execution of layer operations in a way that improves parameter reuse, reducing off-chip
parameter traffic. Jacquard uses a dataflow that exposes reuse opportunities in parameters and
reduces the size of the parameter buffer. To take advantage of the data-centric nature of both Pavlov
and Jacquard, we implement both accelerators in the logic layer of 3D-stacked memory to provide
high bandwidth and mitigate data movement costs, and use significantly smaller PE arrays for the
accelerators compared to the PE array in Pascal.

Our evaluation shows that compared to our baseline Edge TPU, Mensa reduces total inference
energy by 66.0%, improves energy efficiency (TFLOP/J) by 3.0x, and increases computational
throughput (TFLOP/s) by 3.1x (averaged across all 24 Google edge NN models). Mensa improves
inference energy efficiency and throughput by 2.4x and 4.3x over Eyeriss v2, a state-of-the-art

accelerator.
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6.2. Analysis

We analyze 24 Google edge models (including CNNs, LSTMs, Transducers, and RCNNs) using
a commercial Edge TPU as our baseline accelerator. The Edge TPU has a generic tiled architecture,
similar to other state-of-the-art accelerators [58,99,100, 191]. It includes a 2D array of PEs (64x64),
where each PE has a small register file to hold intermediate results. The accelerator has two large

SRAM-based on-chip buffers to hold model parameters and activations [115].

6.2.1. Google Edge TPU Shortcomings

We analyze inference execution on the accelerator using 24 edge NN models that serve as
internal benchmarks for the Google Edge TPU, (with CNNs, LSTMs, Transducers, and RCNNs),
and find three major shortcomings:

1. The accelerator often suffers from extreme underutilization of the PEs. The Edge TPU
has a theoretical peak throughput of 2 TFLOP/s, which is orders of magnitude higher than CPUs
and GPUs. However, we find that the accelerator operates much lower than peak throughput
during inference execution (75.6% lower on average). Figure 6.1 (left) shows the roofline model
of throughput for the Edge TPU, along with the measured throughput of all of our edge models.
The PE utilization is consistently low across all models. Transducer and LSTM models have the
greatest underutilization, with both achieving less than 1% of peak throughput. While CNN and
RCNN models do somewhat better, they achieve only 40.7% of peak utilization on average (going
as low as 10.2%).

2. Despite using specialized logic, the Edge TPU operates far below its theoretical maxi-
mum energy efficiency. We use a similar approach to prior work [62] to obtain a roofline for energy
efficiency. Figure 6.1 (right) shows the energy roofline for Edge TPU, along with the efficiency
achieved with each model. Note that unlike the throughput roofline model, the energy roofline is a
smooth curve because we cannot hide memory energy (as opposed to memory transfer time, which
can be overlapped with computation time and results in the sharp knee for the throughput roofline).

We find that across all models, the accelerator fails to get close to the maximum energy efficiency,
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Figure 6.1. Throughput roofline (left) and energy roofline (right) for our baseline accelerator across
all models.

falling 62.4% lower on average. The energy efficiency is particularly low (33.8% on average) for
LSTM and Transducer models, but even the best CNN model achieves only 50.7% of the maximum
efficiency.

3. The accelerator’s memory system design is neither effective nor efficient. Figure 6.2
shows the energy breakdown during inference execution across different models. We make three
key observations from this figure. First, on-chip buffers account for a significant portion of both
static and dynamic energy, mostly because of their large size . For example, for CNN models,
48.1% of the static energy and 36.5% of the dynamic energy is spent on accessing and storing
parameters in the on-chip buffers. Second, while the buffers consume a significant amount of area

(79.4% of the total accelerator area) and energy, they often do not reduce off-chip memory accesses.
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Figure 6.2. Energy breakdown during inference execution across all models.

105



For Transducers and LSTMs, only 11.9% of the model parameters can fit into the buffer, and for
CNNs the on-chip buffer can accommodate only 15.0% of the parameters on average. Increasing
the buffer size does not help: if we increase the buffer size to 8x, this provides a latency and energy
reduction of only 37.6% and 40.3%, respectively, for Transducers. This is because (1) even such a
large buffer can cache only 46.5% of the parameters; and (2) the leakage and access energy increase
significantly with a larger buffer size, offsetting other benefits of a larger capacity. Third, both
on-chip (i.e., distributing parameters from the on-chip buffer to the PEs) and off-chip (i.e., accesses
to DRAM) network traffic for model parameters results in high energy and performance costs. On
average, 50.3% of the total Edge TPU energy is spent on off-chip parameter traffic (DRAM accesses
and off-chip interconnect), and 30.9% of the total energy is spent on on-chip parameter traffic. We

conclude that the Edge TPU’s memory system is highly inefficient.

6.2.2. Layer-Level Study of Google Edge Models

To understand where the Edge TPU’s [114] pitfalls come from, we analyze the models them-

selves in significant detail.

6.2.2.1. Analysis of LSTMs and Transducers

We identify three key properties of LSTMs and Transducers in our edge model analysis.

1. Large parameter footprint. Each gate in an LSTM cell has an average of 2.1 million
parameters, which includes parameters for both input (W) and hidden (W},) matrices (as shown in
Figure 6.3, left). The large parameter footprint of LSTM gates results in large footprints for LSTM
layers (up to 70 million parameters), and in turn, LSTM and Transducer models that include such
layers. Figure 6.3 (right) shows the total footprint vs. the FLOP/B ratio (which indicates arithmetic
intensity) across the layers of representative CNNs, LSTMs, and Transducers (the trend is the same
across all models). We observe from the figure that that layers from LSTMs and Transducers have
significantly larger footprints (with an average footprint of 33.4 MB) than layers from CNNs.

2. No data reuse and low computational complexity. For these layers, the FLOP/B of both

W, and W, is one, as shown in Figure 6.3 (right). The accelerator fetches W, and W), for each
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Figure 6.3. Parameter footprint of Wy and Wj, for different LSTM gates for LSTMs and Transducers
(left), and layer parameter footprint vs. FLOP/B (right).

LSTM gate from DRAM, accesses them once to perform the input and hidden MVMs, and then
does not touch the parameters again until the next LSTM cell computation, resulting in no reuse.
Furthermore, these models have much a lower computational complexity than CNNs and RCNN:gs,
with 67% fewer MAC operations on average.

3. Intra- and inter-cell dependencies. Two types of dependencies exist within LSTM layers,
both of which affect how the accelerator schedules gate computations: (1) inter-cell dependencies,
which are due to recurrent connections (4;) across cells; and (2) intra-cell dependencies, which
enforce the following order between gates: all four gate computation need to be done before
the cell state (¢;) gets updated, after which the hidden vector (%;)) is generated. To respect these
dependencies, the accelerator schedules cells computation in a sequential manner (similar to state-of-
the-art accelerators [95, 191]). This means that cell computation cannot start until /,_; is generated
by the previous cell. For each LSTM cell, the accelerator treats each gate as two fully-connected
(FC) layers (corresponding to input MVM and hidden MVM), and runs the gates sequentially.

However, we find that this scheduling is not efficient. Due to the sequential execution of FC
layers, the latency of updating ¢; and generating /#; become significantly higher, which in turn
degrades PE utilization (as the PEs spend more time waiting for cell calculation to be completed).
We find that, despite these dependencies, there are still multiple ways to parallelize computations
within LSTM cells and improve PE utilization. For example, gates within each cell can be scheduled

in any order, since there are no dependencies between the gates, and the input and hidden MVMs
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within each gate are independent. Since the scheduler in the baseline accelerator simply treats each
gate computation as an FC layer (similar to the FC layer in CNN models), it is oblivious of these

opportunities for parallelization.

6.2.2.2. Analysis of CNNs

Our analysis of edge CNN models reveals two interesting insights. First, we find that edge
CNN models unlike layers in traditional CNNs (e.g., AlexNet [220], VGG [339]), which tend to be
relatively homogenous, we find that the layers in edge CNN models exhibit significant heterogeneity
in terms of type (e.g., depthwise, pointwise), shape, and size. We find that this is often because
these models employ several decomposition techniques [165, 175] to reduce the computational
complexity and footprint of layers, in order to make them more friendly for the constrained edge
devices. As an example of layer diversity, Figures 6.4 and 6.5 show the number of MAC operations
and parameter footprint across different layers for four CNN models. We find that the MAC intensity

and parameter footprint vary by a factor of 200x and 20x across different layers.

§3OO ~200 |
=200 = 150 |
Q 100 & 100 1
= 0 s 0
1 11 21 31 41 51 61 71 81 1 M1 21 31 41 51
CNN3 Layers CNN5 Layers
~15 ,.%5
%10 %18
g S <'s
= 0 s 0 "
1 11 21 31 41 51 61 71 1 11 21 31 41 51 61 71
CNN11 Layers CNN13 Layers

Figure 6.4. Analysis of number of MAC operation across different layers for four CNN models.

Second, we find that layers exhibit significant variation in terms of data reuse patterns for
parameters and for input/output activations. For example, a depthwise layer includes only one
channel, which leads to very low activation reuse, while a pointwise layer takes in a 1 x K filter (K
is the depth of the input channel) and convolves it with an input activation across different input

channels, leading to much higher activation reuse. We also observe variation in data reuse across

108



o 075 » %Ig
g_ 05 £ =009
£ 2025 S 08
C - C < V.
5 0 5 O e
o 11 21 31 41 51 o 1 11 21 31 41 51 61 71 81
CNN1 Layers CNN3 Layers
2.8 o 12
] @ =09
5 =13 ESQ 06
g Q €< 03
c= 05— o :
5~ O o 0
o 1 11 21 31 41 51 1 11 21 31 41 51 61 71

CNN11 Layers CNN13 Layers
Figure 6.5. Analysis of parameter footprint across different layers for four CNN models.

layers of the same type. For example, initial/early standard convolution layers in edge CNNs have
a shallow input/output channel depth, large input activation width/height, and very small kernels,
resulting in very high parameter reuse. In comparison, standard convolution layers that are placed
toward the end of the network have a deep input and output channel depth, small input activation
width/height, and a large number of kernels, resulting in very low parameter reuse. This variation in
reuse is illustrated in Figure 6.3 (right), which shows that the FLOP/B ratio varies across different

layers for five representative CNN models by a factor of 244x.

6.2.2.3. Analysis of RCNNs

RCNNSs include layers from both CNNs and LSTMs. As a result, individual layers from RCNN
models exhibit the same characteristics we discussed above for LSTM and CNN layers. We find
that layers from RCNNs exhibit on average significantly higher footprints and lower FLOP/B ratios
than CNNss, as they include both LSTM and CNN layers. Due to the inclusion of both layer types,

we observe significantly more variation across RCNN layers characteristics as well.
6.2.2.4. Sources of Accelerator Pitfalls

PE Underutilization. We identify three reasons why the accelerator falls significantly short of
peak throughput. First, while some layers have high parameter reuse (e.g., pointwise layers, with

a 1200 FLOP/B ratio), other layers exhibit very low reuse (1-64 FLOP/B) while having large
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parameter footprints (0.5-5 MB). As we discuss in Section 6.2.2.1, our LSTM layers perform only
one FLOP for every parameter byte, often leaving the PEs idle. The large footprint makes the
on-chip buffer ineffective at parameter caching, forcing most parameter lookups to go to DRAM.
The bandwidth of modern commercial DRAM (e.g., 32 GB/s for LPDDR4 [188]) is two orders
of magnitude below the 2 TB/s bandwidth needed to sustain peak PE throughput when only one
FLOP/B is performed. Many (but not all) layers end up with a similar bandwidth problem, and PEs
spend the majority of time waiting for parameters to arrive from DRAM. Note that the batch size is
1 for edge inference (to meet real-time latency requirements), further exacerbating the problem.

Second, the accelerator does not provide a custom dataflow optimized for each layer. As we
identified in Section 6.2.2, layers both across and within models exhibit high variation in terms of
data reuse patterns. This variation necessitates the need for different dataflows for different layers,
where each data flow exposes a different set of reuse opportunities for parameters and activations.
However, state-of-the-art edge NN accelerators typically employ a single dataflow that is designed
for high spatial/temporal reuse [224,225]. The missed reuse opportunities in many of the model
layers causes PEs to needlessly wait on retrieving previously-accessed data that was not properly
retained on-chip.

Third, the different shapes and inter-/intra-layer dependencies across different types of layers
(e.g., LSTM cell, standard convolution, depthwise, pointwise, fully-connected) makes it challenging
to fully utilize a PE array with a fixed size, which is the case in state-of-the-art accelerators [57]. To
cater to these differences across layers, there is a need for both better scheduling (e.g., uncovering
parallel computation opportunities as we found in Section 6.2.2.1) and appropriately sizing the PE

arrays in order to maintain efficient utilization.

Poor Energy Efficiency. We find three major sources of energy inefficiencies. First, the accelerator
incurs high static energy costs because (1) it employs a large overprovisioned on-chip buffer, and
(2) it underutilizes PEs. Second, the on-chip buffers consume a high amount of dynamic energy, as
we saw for CNN layers in Section 6.2.1. Third, the accelerator suffers from the high cost of off-chip
parameter traffic. On-chip buffers fail to effectively cache parameters for many layers due to layer

diversity, causing 50.3% of the total inference energy to be spent on off-chip parameter traffic.
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Memory System Issues. We uncover two sources of memory system challenges. First, due to
layer diversity, on-chip buffers are ineffective for a large fraction of layers. As we discuss in
Section 6.2.2.1, LSTM gates have large parameter footprints and zero parameter reuse, rendering
the on-chip buffer useless for a majority of LSTMs and Transducers, and for a significant fraction
of RCNN layers. For CNN layers, we find that those layers with low data reuse account for a
significant portion of the entire model parameters (e.g., 64% for CNN6). This means that the
on-chip buffer fails to cache a large portion of the parameters for CNN models. As a result, despite
being several megabytes in size, the on-chip buffer is effective only for a small fraction of layers,
which have an average parameter footprint of only 0.21 MB.

Second, due to having an unnecessarily large on-chip parameter buffer, accesses from those
layers with high data reuse become very costly. For those layers, even though they have a small
footprint, they perform a large number of buffer accesses. As the on-chip buffer is overprovisioned,
the large capacity leads to a high dynamic energy cost per access, even though the capacity is not

needed.

6.2.3. Key Takeaways

Our analysis provides three key insights: (1) there is significant variation in terms of layer
characteristics across and within state-of-the-art Google edge models, (2) the monolithic design of
the Edge TPU is the root cause of its shortcomings, and (3) to achieve high utilization and energy
efficiency, all key components of an edge accelerator (PE array, dataflow, on-chip memory, off-chip

memory bandwidth) must be customized based on layer characteristics.

6.3. Mensa Framework

As we observe in Section 6.2, the shortcomings of existing edge ML accelerators come from
their monolithic design, which is inefficient across the wide amount of heterogeneity found in the
layers of edge NN models. We propose Mensa, a new framework for edge ML acceleration that can

successfully harness this heterogeneity at high efficiency.
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6.3.1. High-Level Overview

Mensa distributes the layers from an NN model across a collection of smaller hardware acceler-
ators that are carefully specialized towards the properties of different layer types. A drawback of
current monolithic accelerators is that by designing for a wide range of layers, many of their hard-
ware resources are overprovisioned or introduce high inefficiency. By specializing each accelerator
to a subset of layers, Mensa avoids these issues, resulting in an accelerator with a much smaller area
that achieves high throughput and efficiency for those layers. Mensa consists of (1) a collection of
heterogeneous hardware accelerators; and (2) a runtime scheduler that determines which accelerator
each layer in a model should execute on, using a combination of model and hardware characteristics.
As we show in Section 6.4, layers tend to group together into a small number of clusters, allowing
designers to typically keep the number of accelerators low.

Mensa is designed as a framework that can support a wide range of architectural implementations.
This allows Mensa to be optimized to specific system needs, which is critical to keep resource
utilization to a minimum in resource-constrained edge devices, and lets the framework adapt easily
to future types of NN models that we expect will arise in the future. We discuss one example
implementation of Mensa in Section 6.4, which caters to the Google edge models that we analyze,

to illustrate the effectiveness of our framework.

6.3.2. Scheduler

The goal of Mensa’s software runtime scheduler is to identify which accelerator each layer in an
NN model should run on. Each of the accelerators in Mensa caters to a specific cluster of layers,
where the cluster is defined using specific layer characteristics (e.g., type, footprint, data reuse,
dependencies). For a given hardware configuration, the scheduler has two pieces of information:
(1) the characteristics of each cluster; and (2) which hardware accelerator is best suited for each
cluster. Similar to how chipset drivers are configured, this information is generated once during
initial setup of a system, and can be modified with an updated driver version to account for new
clusters.

When an NN model runs on Mensa, the scheduler generates a mapping between layers and
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accelerators in Mensa. The scheduler uses the NN model (including a directed acyclic graph that
represents communication across model layers) and the configuration information in the driver to
determine this mapping. The mapping is generated in two phases.

In the first phase, the scheduler iterates through each layer in the model, and identifies the ideal
hardware accelerator for each layer in isolation (i.e., without considering communication overhead).
The scheduler determines two properties for each layer: (1) the cluster that the layer belongs
to; and (2) the target accelerator for the layer; While this phase works to maximize accelerator
throughput and energy efficiency for each layer, the resulting schedule may be sub-optimal for
efficiency, because it does not consider the overhead of transferring activations or communicating
dependencies (e.g., h; in LSTM cells) between different layers. This can have a large impact on the
overall framework performance and energy if the amount of communication is large.

In the second phase, our scheduler accounts for the communication overhead using a simple
cost analysis algorithm. For each layer, if the following layer (which we call the subsequent layer)
is mapped by the first phase to a different hardware accelerator than the current layer, the algorithm
calculates the total amount of data that needs to be communicated between the two layers, and uses
a simple heuristic to estimate the total cost of (1) using the phase one mapping (i.e., moving data to
the subsequent layer’s accelerator and running that layer on its optimal accelerator), or (2) moving
the subsequent layer (i.e., running the subsequent layer on the current layer’s accelerator, which
eliminates accelerator-to-accelerator communication, but introduces inefficiencies due to running
the subsequent layer on a sub-optimal accelerator). If the cost of moving the subsequent layer is
lower than the cost of using the phase one mapping, the subsequent layer is remapped to the current
layer’s accelerator.

Once the second phase is complete, Mensa begins model execution using the generated mapping.
The scheduler ensures that each layer is executed completely in a single accelerator. Thus, there is
no need for intra-layer data synchronization. On the other hand, due to the dependencies between
layers, different accelerators may need to communicate with each other. Parameters are read-only
and are always fetched from DRAM (i.e., no need for data synchronization). However, activations

need to be transferred if two consecutive layers run on different accelerators. Mensa uses DRAM
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to synchronize activations across accelerators, which avoids the need for sophisticated coherence

mechanisms between on-chip and near-data accelerators [43].

6.4. Implementing Mensa

We now discuss a Mensa implementation for our Google edge models. We start by identifying
layer clustering in these models (Section 6.4.1). Using the unique characteristics for each cluster,
we determine which characteristics have the greatest impact on accelerator design, and use that to

guide the number of accelerators that we need (Section 6.4.2).

6.4.1. Identifying Layer Clusters

We revisit the models that we analyze in Section 6.2. For each layer, we study the correlation
between different characteristics. As an example, Figure 6.6 shows how the parameter footprint and
the number of MAC operations correlate to parameter reuse (FLOP/B) for a representative set of
layers from five CNNs, two LSTMs, and two Transducers, in order to improve figure clarity. Based
on all of the layer characteristics that we analyze, we observe across all layers from all models (not
just the representative layers or correlations plotted) that 97% of the layers group into one of five
clusters, as indicated in Figure 6.6. We discuss each cluster below, and find that there is at least one
identifying characteristic for each cluster that differs significantly from the other clusters.
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Figure 6.6. Parameter footprint vs. parameter FLOP/B ratio (left) and number of MAC operations
(in millions) vs. parameter FLOP/B ratio (right) across layers from representative models.

Cluster 1. Layers in this cluster have (a) a very small parameter footprint (1-100kB), (b) a very

114



high FLOP/B ratio (780-20K), and (c) high MAC intensity (30M—200M). These layers exhibit
high activation footprints and data reuse as well. A majority of layers in this cluster are standard
convolution layers with shallow input/output channels and large input activation width/height. We
find that these layers are mostly found among early layers in models, and typically achieve high PE

utilization (on average 82%).

Cluster 2. Layers in this cluster have (a) a small parameter footprint (100-500 kB; 12x higher on
average vs. Cluster 1), (b) a moderate FLOP/B ratio (81-400; up to 10x lower than Cluster 1), and
(c) high MAC intensity (20M-100M). They exhibit high activation footprints and activation data
reuse as well. Many of the layers belong to pointwise layers, which have high parameter reuse due
to convolving 1xK filters (K is input channel depth) with input activation across different channels.
Other layers in the cluster include standard convolution layers commonly found in the middle of
CNN networks, with deeper input/output channels and smaller activation width/height than the
convolution layers in Cluster 1, We find that Cluster 2 layers have lower PE utilization (64%) than

layers in Cluster 1.

Cluster 3. Layers in this cluster have (a) a very large parameter footprint (0.9—-18 MB), (b) minimal
parameter reuse, and (c¢) low MAC intensity (0.1M—10M). These layers exhibit small activation
footprints but rather high activation reuse. The majority of these layers are from LSTM gates in
LSTMs and Transducers, or are fully-connected layers from CNNs. These layers have very low PE

utilization (0.3% on average).

Cluster 4. Layers in this cluster have (a) a larger parameter footprint (0.5-2.5 MB), (b) low-to-
moderate FLOP/B ratio for parameters (25-64), and (c¢) moderate MAC intensity (SM-25M). The
layers exhibit small activation footprints but rather high activation reuse. A large portion of layers
in this category are standard convolution layers with deep input/output channels and input activation
width/height, along with a large number of kernels. We find that these layers not only have large
parameter footprint, but also include the majority of parameters (up to 64.3%) for their respective

model. Cluster 4 layers average a PE utilization of 32%.

Cluster 5. Layers in this cluster have (a) a very small parameter footprint (1-100kB), (b) a
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moderate FLOP/B ratio for parameters (49-600), and (c) low MAC intensity (0.5M-5M). The
layers exhibit rather high activation footprints but have almost zero activation data reuse. Many of
these layers are depthwise layers, which have only one channel (hence the lack of activation reuse),
but have high parameter reuse because a small number of filters are convolved across a large input
activation (which is the opposite of Cluster 4 layers) Cluster 5 layers achieve a low average PE

utilization of 21%.

6.4.2. Hardware Design Principles

The five clusters that we identify in Section 6.4.1 serve as a starting point for determining the
number of accelerators that we need to implement. As we study the distinguishing characteristics of
each cluster, we find that some characteristics have a strong influence on the hardware design, while
others do not necessitate significant changes to the hardware. We discuss two insights that drive our
hardware design decisions.

First, we find that MAC intensity and parameter footprint/reuse drive a significant divergence in
hardware design, as they impact a number of key accelerator design parameters (e.g., PE array size,
on-chip buffer size, memory bandwidth considerations). Looking at our five clusters, we identify
that (a) layers in Clusters 1 and 2 share a high MAC intensity, smaller parameter footprint, and
moderate-to-high parameter reuse; while (b) layers in Clusters 3 and 4 share a lower MAC intensity,
larger parameter footprint, and low parameter reuse. This means that we need at least two different
accelerator designs: one that caters to the more compute-centric behavior of Clusters 1/2, and
one that caters to the more data-centric behavior of Clusters 3/4. Given our resource-constrained
environment, we look to see if layers in Cluster 5, which have a low MAC intensity (similar to
Clusters 3 and 4) but a smaller parameter footprint (similar to Clusters 1 and 2), can benefit from
one of these two approaches. We find that the low MAC intensity, along with the lower parameter
reuse by many Cluster 5 layers, allow the layers to benefit from many of the non-compute-centric
optimizations that benefit Clusters 3 and 4, so we consider them together.

Second, while there are many different types of accelerators that one can build for both compute-

centric and data-centric layers, the reuse patterns of layers are a key distinguishing factor between
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these designs. The dataflow of a particular accelerator has a very strong impact on PE utilization
and energy efficiency, as the dataflow dictates whether spatial and/or temporal reuse opportunities in
layers are exploited. Prior work [224] analyzes the large dataflow design space, and discusses four
types of data reuse that different dataflows can exploit: spatial multicasting (reading a parameter
once, and spatially distribute it as an input to multiple PEs), temporal multicasting (replicating
a parameter in a small local buffer, and delivering the parameter as multiple inputs at different
times to the same PE), spatial reduction (accumulating activations from multiple PEs at the same
time using multiple compute units), and temporal reduction (accumulating multiple activations
generated at different times using a single accumulator/buffer). The chosen dataflow directly affects
how the memory system and on-chip network of an accelerator should be designed. Thus, for
both our compute-centric and data-centric clusters, we develop different dataflows for clusters with
significantly different reuse patterns.

Both of our compute-centric clusters share high FLOP/B ratios for both parameters and activa-
tions, have a small parameter footprint, and a high activation footprint (relative to layers in other
clusters). As a result, layers from both clusters benefit from a similar accelerator dataflow, which
exposes reuse opportunities for both parameters and activations. Between the compute-centric
optimizations and the shared dataflow affinity, we determine that we can use a single accelerator
(Pascal) to efficiently execute layers from both Cluster 1 and Cluster 2.

Across our three data-centric clusters, we find that Clusters 4 and 5 share common behaviors
related to data reuse: small footprints and low reuse for activation, with large footprints and moderate
reuse for parameters. Thus, these layers benefit from a dataflow that exposes reuse opportunities for
parameters and can share an accelerator (Jacquard). Cluster 3 layers exhibit different data reuse
characteristics compared to the other two. Layers from Cluster 3 have extremely low parameters
FLOP/byte ratio but very large footprint. We find that these layers benefit from a dataflow that
provides temporal reduction opportunities for activations. As a result, we need a separate accelerator
(Pavlov).

We employ a template-based design approach: while we design each accelerator based on

cluster characteristics, we maintain the same generic tiled architecture as the baseline accelerator.
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We do this to ease the integration of our hardware into a real system: from the perspective of
compilers and programs, each of our accelerators appears to be just a different instance (with a
different configuration) of the baseline accelerator. This is a critical design decision, as it allows us
to deploy and run models using existing highly-optimized design/compile toolchains (e.g., Edge
TPU compiler [115]) seamlessly on all of Mensa’s accelerators, with the trade-off of limiting the
degree of customization (and, thus, efficiency) our accelerator designs can achieve. While Mensa
can work with accelerators that do not employ this tiled architecture, we make this design choice to

avoid the need for more complex compilers and multiple libraries for programmers.

6.4.3. Pascal Accelerator Design

Dataflow. As we discuss in Section 6.4.2, Pascal caters to Cluster 1/2 layers, which have opportu-
nities for both parameter and activation reuse. The layers have a small parameter footprint with
high reuse, which can be captured by a very small on-chip buffer. As a result, exposing reuse
opportunities for parameters will likely not provide much additional benefit. The large output
activation footprint would require a relatively large buffer to effectively exploit reuse, which would
consume significant area and static energy. We can avoid these inefficiencies by having the dataflow
provide temporal reduction opportunities for the activations, which would significantly reduce the
required buffer size while still effectively enabling high reuse (first requirement).

We consider a wide range of dataflow designs that can enable temporal reduction. One example is
a dataflow where activations are spatially distributed across PEs, allowing the PEs to collaboratively

calculate each output (by spatially multicasting parameters to each PE every cycle). We illustrate
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Figure 6.7. (a) Simplified pointwise layer, (b) an example dataflow that generates high network
traffic by spatially reducing output activations, (c) our proposed dataflow.

118



how the components of a pointwise layer (Figure 6.7a) would map to such a dataflow in Figure 6.7b.
The accelerator would accumulate partial sums from multiple PEs (four PEs per cycle in the figure),
storing the results in the on-chip buffer. However, this approach actually worsens the impact of
the large footprint of output activations, as each output activation is now split into multiple partial
sums (one per PE), and each partial sum needs to traverse the on-chip network when the sums are
gathered and reduced. For a representative pointwise layer with 512x512 output activations and an
input channel depth (K) of 8, the partial sums alone generate 8 MB of on-chip traffic (K partial sums
per output activation element). This worsens for a standard convolution layer, where there would
be MxNxK partial sums per output activation element (where M and N are the input activation
dimensions). Given the high traffic generated by partial sums, we instead need to use a dataflow
with temporal reduction that avoids spatial reduction for output activations (second requirement).
We use our two design requirements to develop the dataflow for Pascal. Figure 6.7c shows
a toy example of how Pascal’s dataflow works for an accelerator with four PEs. We spatially
distribute output activations, such that each PE calculates one output activation element. This
enables temporal reduction for each output activation, and reduces the on-chip buffer size. We
temporally replicate each parameter across PEs at each time step (i.e., each PE receives the same
parameter), while spatially distributing input activations across PEs. This provides spatial reuse
(multicast) for parameters across all PEs in each cycle. Our proposed dataflow generates no partial

sum traffic, as the partial sums are instead temporally reduced in each PE’s register file.

PE Array. Layers from Clusters 1 and 2 perform a large number of MAC operations, so we want to
size Pascal’s PE array to efficiently perform these in parallel. We analyze the inference latency using
different array configurations, and empirically find that a 32x32 array strikes a balance between
latency, PE utilization, and energy consumption. In particular, a smaller array increases the latency
for Cluster 1 layers, while a larger array provides few benefits. With this array, Pascal achieves a

2 TFLOP/s peak throughput.

Memory System. To maximize energy efficiency and utilization, we co-design the proposed
dataflow with the accelerator’s memory system. The data reuse opportunities exposed by our

proposed dataflow enable us to significantly reduce the on-chip buffer sizes, significantly reducing
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the energy and area costs of Pascal. As we mentioned above, by enabling temporal reduction (in
output activations) with our dataflow, we can reduce the size of the on-chip buffer that holds the
activations from 2 MB down to 256 kB. Thanks to the small parameter footprint of layers in Clusters
1 and 2, we can reduce the on-chip parameter buffer by 32x, down to 128 kB. Since Pascal falls
under compute-intensive category, we assume that off-chip bandwidth available to PE array is same

as the baseline accelerator (conventional LPDDR4 channel).

6.4.4. Pavlov Accelerator Design

Dataflow. We leverage three characteristics of Cluster 3 layers to shape the design of Pavlov:
(1) parameters exhibit zero reuse but have a very large footprint, (2) activations exhibit high reuse
but have a small footprint, and (3) the main operation is MVM. Based on these, we identify two
design requirements for our dataflow.

First, our dataflow should expose activation reuse opportunities during MVM. One potential
way to do this is using spatial reduction for output activations (i.e., all PEs collaboratively calculate
one output element), with the input vector spatially distributed at each iteration. However, due to
the large parameter footprint (e.g., W), in LSTM cells), this would experience similar issues as we
saw for spatial reduction for Clusters 1 and 2 (Section 6.4.3): there would be a large number of
partial sums that need to be combined (as many as one per PE every cycle), resulting in a large
amount of network traffic. As a result, we look for more efficient ways to expose activation reuse.

Second, we need to effectively utilize memory bandwidth at low cost. The on-chip buffer is
ineffective for these layers, due to the lack of data reuse and the large parameter footprint. As a
result, high PE utilization requires many off-chip accesses, and, thus, access to high bandwidth,
such as the bandwidth available inside modern 3D-stacked memories. While we want to fully utilize
this bandwidth, we cannot do so simply by issuing many outstanding memory requests at once from
the accelerator, as this requires complex hardware that often exceeds the area and power budgets
available in these memories (and in edge devices) [42,77,99]. However, if we can design our
dataflow to issue sequential memory accesses to parameters, we can exploit this sequential pattern

to use the bandwidth without complex hardware and at a much lower energy cost [77,99].
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Using these requirements, we design our Pavlov dataflow. Output activations are spatially
distributed such that each PE is responsible for one output element. Every cycle, the dataflow
replicates each input element across all PEs. We use spatial parameter distribution, with each PE
receiving a different parameter element during a cycle. Figure 6.8a shows a toy example of MVM
for the forget gate in a LSTM cell, while Figure 6.8b shows an example of how Pavlov’s dataflow
runs that MVM operation on an accelerator with 4 PEs. Each cycle, all of the PEs multiply one
input vector element (Xp(7) in this example) with a sub-row of W, (or W},), storing the partial sum in
the PE register file. In the next cycle, the next input element (X (¢)) is replicated across all PEs, the
next sub-row of parameters is spatially distributed, and the multiply is performed. The product is
added to the partial sum sitting in the PE register file. After we multiply all rows of the parameter
matrix with input vector elements, we obtain the final output activation in each PE. This dataflow
allows us to (1) provide temporal reduction for output activations using the PE register file, and

(2) access parameters sequentially.
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Figure 6.8. (a) Input/hidden MVMs for a forget gate in a LSTM cell, (b) our proposed dataflow for
an LSTM cell.

While the above dataflow is efficient for a single MVM operation, it does not yet account for
inter- and intra-cell dependencies in LSTM layers (which comprise the majority of Cluster 3 layers).
These dependencies provide further opportunities for reuse that, if not exploited, can be costly.

Without dependency-based reuse, if we have an LSTM where the input sequence length is 100, and
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the dimensions of W, and W}, are both 1000x1000, a single layer would generate S00 MB of off-chip
parameter traffic.

Even though W, and W}, elements are not reused within an LSTM cell, they are reused across
LSTM cells within a layer (Figure 6.9a). For example, W),r is reused across all cells for the forget
gate. Unfortunately, we cannot simply cache all of W),; on-chip, given its size. Instead, we exploit
two observations: (1) there are no dependencies between the input MVMs across cells, and (2) we
know the input sequence (e.g., x;—1, X, x;+1) ahead of time. As a result, we can decouple the
computation of input and hidden MVM in each gate, and calculate all input MVMs for all cells
ahead of time by fetching W,y elements only once from memory. Then, we later perform the hidden

MVM computations while still respecting inter-cell dependencies between them.
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Figure 6.9. (a) LSTM layer internal structure, (b) our LSTM cell dataflow optimized to exploit
dependencies.

We modify our dataflow, as shown in Figure 6.9b, to efficiently reuse W, and W;,. Now, when
we fetch and spatially distribute a sub-row of W, across PEs, we keep those parameters in the PE
register file. Each iteration, every PE multiplies one element of x; (xo(¢) in Figure 6.9b) and one
element of the W, sub-row. Now, instead of going to the next sub-row, we fetch the next input
element (xo(7 + 1) in Figure 6.9b) and perform the MVM for another LSTM cell. Note that instead
of accumulating only a single partial sum in each PE’s register file, we accumulate K partial sums,
one for each LSTM cell being computed concurrently. With this dataflow, we eliminate the need to

fetch W, more than once from DRAM.

PE Array. Because Cluster 3 layers have a low MAC intensity, and mainly perform MVM, we
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design a much smaller PE array for Pavlov than that in the baseline accelerator. We again analyze
the inference latency across a range of PE array sizes, and find that an 8x8 array (128 GFLOP/s

peak throughput) balances latency, utilization, and energy.

Memory System. We design Pavlov’s memory system to be aware of (1) its dataflow and
(2) Cluster 3 layer characteristics. Since Pavlov is data-centric and its sequential memory accesses
exploit high memory bandwidth, we place it in the logic layer of a 3D-stacked memory, where
the bandwidth is much higher than the external bandwidth to the CPU. Given that parameters and
activations from these layers exhibit different characteristics, we customize separate on-chip buffers
for each data type. For parameters, we use only one level of memory hierarchy (512 B private
buffer per PE) and stream parameters directly from DRAM, as (1) their minimal reuse and large
footprint does not warrant a shared on-chip buffer, (2) our proposed dataflow allows us to fully
utilize 3D-stacked memory bandwidth with simple hardware at low cost (sequential accesses are
much less costly than random accesses [77,99]). For activations, thanks to the small activation

footprint of layers in Cluster 3, we use a 128 kB buffer.
6.4.5. Jacquard Accelerator Design

Dataflow. We leverage three characteristics of Cluster 4/5 layers to shape the design of Jacquard:
(1) activations exhibit very low reuse; (2) parameters exhibit lower reuse than Cluster 1/2 layers,
but exhibit much higher reuse than activations; and (3) the footprint of activations is low for all
layers, while the parameter footprint is high for many (but not all) layers. Based on these, we need
to design a dataflow that exposes reuse opportunities for parameters, which in turn allows us to
shrink the on-chip parameter buffer.

There are several variations of dataflows that can enable reuse opportunities for parameters. For
example, we can replicate the same parameter across different PEs, and temporally reuse parameter
across different iterations. For each parameter, this results in a reuse factor (i.e., the number of
cycles a parameter is reused) of WxH /N, where N is the number of PEs and WxH is the dimension
of the output activations. Once we traverse all WxH output activations, we need to broadcast a new

parameter element across the PEs and repeat the process. If the output activation dimension is small
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(which is the case for Cluster 4/5 layers), the reuse factor for each parameter becomes too small,
resulting in frequent parameter broadcasting. This is particularly problematic for Cluster 4 layers,
which often have a large number of filters (i.e., a large parameter footprint). The on-chip traffic
generated by frequent parameter broadcasting prevents us from efficiently overlapping the retrieval
of parameters from DRAM with PE computation, leading to PE underutilization.

To avoid this in Jacquard, we instead spatially distribute parameters across PEs. All PEs
collaboratively calculate one output activation, while input activations are spatially distributed
among PEs. The parameters stay in the PE register file across different cycles (temporal reuse) until
we traverse the all of the output activations. This increases the reuse factor to WxH and reduces
on-chip traffic (by eliminating the parameter broadcasts). With this larger reuse factor, our dataflow

can now effectively hide the DRAM access latency with PE computation time.

PE Array. While Cluster 4/5 layers have a low MAC intensity, they perform more MAC operations
on average than Cluster 3 layers. Our analysis of PE array sizes shows that equipping Jacquard with
an array smaller than 16x16 increases the latency, so we select 16x16 for the array size. This allows

Jacquard to achieve a peak throughput of 512 GFLOP/s.

Memory System. Similar to Pavlov, we co-design Jacquard’s memory system with its dataflow,
and decide to place Jacquard inside the logic layer of 3D-stacked memory. This provides high
bandwidth for the large parameter footprints of Cluster 4 layers. We use separate shared buffers
for each data type. Given the small activation footprints, we use a small 128 kB buffer for them (a
16X reduction compared to the baseline accelerator). Our proposed dataflow for Jacquard enables
temporal reuse for parameters across different iterations. Thanks to this temporal reuse and layer
characteristics, we significantly reduce the parameter buffer size by 32X (down to 128 kB) compared
to the baseline. Our much smaller buffers significantly reduce the area and energy consumption of

Jacquard over the baseline accelerator.
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6.5. Experimental Methodology

6.5.1. Models & Simulation

We analyze 24 Google edge NN models, which are used as benchmarks for the Edge TPU.
These models are used in several Google mobile applications/products, such as image classification,
object detection, semantic segmentation, automatic speech recognition, and image captioning. The
models are specifically developed for edge devices using TensorFlow Lite [127]. All models are
fully 8-bit quantized (i.e., 32-bit floating point tensor parameters are converted into 8-bit fixed-point
numbers) using a quantization-aware training approach [129]. The models are then compiled using

the Edge TPU compiler [115], which generates custom operations that execute on the Edge TPU.

6.5.2. Energy Analysis

We build our energy model based on prior works [42,43,99], which sums up the total energy
consumed by the accelerator, DRAM, off-chip and on-chip interconnects, and all on-chip buffers.
We use CACTI-P 6.5 [270] with a 22 nm process technology to estimate on-chip buffer energy. We
assume that each 8-bit MAC unit consumes 0.2 pJ/bit. We model the DRAM energy as the energy

consumed per bit for LPDDR3, using estimates and models from prior works [42, 99].

6.5.3. Performance Analysis

For performance analysis, we use an in-house simulator that models the Edge TPU architecture.
The simulator models major components of the accelerator including the PE array, memory system,
on-chip network, and dataflow. We heavily modified the simulator to implement our three proposed
accelerators and the software runtime of Mensa. We develop an analytical cost model to determine
the performance of each of our proposed dataflows, and integrate the dataflow performance numbers
into our simulator’s performance model. We use CACTI-P 6.5 [270] to adjust buffer access time
latency for each of the on-chip buffers in our proposed accelerators. Like prior work [42,43,77,99],
we use the memory bandwidth available inside a 3D-stacked memory chip as the memory bandwidth

available to the data-centric accelerators (which reside in the logic layer of the memory). We model
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a 3D-stacked memory based on the High-Bandwidth Memory (HBM) standard [186], and use the
bandwidth available in the logic layer of HBM (256 GB/s), which is 8x more than the bandwidth
available (32 GB/s) to the compute-centric accelerator and the baseline edge ML accelerator. To
demonstrate that high bandwidth alone is not enough to solve the efficiency issues of the baseline
accelerator, we add a hypothetical configuration to our evaluation (Base+HB), where the baseline

accelerator has access to the same 8x internal bandwidth as logic in the logic layer of HBM.

6.6. Evaluation

We evaluate energy and performance for four configurations: (1) Baseline, the Edge TPU;
(2) Base+HB, a hypothetical version of Baseline with 8x bandwidth (256 GB/s); (3) EyerissV2, a
state-of-the-art edge accelerator [57] that uses reconfigurable interconnects to address CNN model
heterogeneity; and (4) our implementation of Mensa with all three proposed accelerators (Pascal,
Pavlov, Jacquard). To improve figure clarity, we show individual model results for only a few

representative models of each model type. Our average results are reported across all 24 Google

edge models.

6.6.1. Inference Energy Analysis

Figure 6.10 (left) shows the total inference energy across different NN models by our four

configurations.

We make three observations from the figure.

W Total Static BPE ©Param Buffer+NoC Act Buffer+NoC B Off-chip Interconnect CDRAM gwaic ZFE - Fharam.

N

- 5, 02

5 2

80.75 g0.15

w w

T

B 05 T 0.1

N N

£0.25 g00s

S S

2 o | S o
OAONTOMN T OAONTOIMN T OONTOIMN T OMON T IOMN T OMN T OMN O © > ©
ETS 0ET > CET > 2CET> S ET > ET>QET >0 ET>2ET>SET >0 8 & 5
TG0t 250t 250t 350t 250t 250t 50 25Dt 2G50t [ I
3022302280223 02230228 0223022380228 0223 0.22 © © =)
BoSZ2FaSZ2Fgaos2gas2go5=2g05=2005=2080528052805= o
088 088 0S8 a8 0S8 0SS A 0SS 8 a8 oo g
eelfiT el ealfiT el i i il o)1 el eelfi 8

LSTM1 | Transd.1|Transd.2| CNN5 | CNN9 | CNN10 | CNN12 | RCNN1 | RCNN3 | Average Mensa

Figure 6.10. Inference energy across different models (left) and energy breakdown across our three
proposed accelerators (right), normalized to Baseline.
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First, providing high bandwidth to Baseline results in only a small reduction (7.5% on average)
of inference energy. This is because Base+HB still incurs the high energy costs of (1) on-chip
buffers that are overprovisioned for many layers, and (2) off-chip traffic to DRAM. Base+HB
benefits LSTMs and Transducers the most (14.2% energy reduction), as the higher bandwidth
significantly reduces the inference latency of these models, which in turn lowers static energy.

Second, EyerissV2 suffers from significant energy inefficiency for LSTMs and Transducers.
While EyerissV2 lowers static energy compared to Baseline, due to its use of a much smaller PE
array (384 vs. 4096) and on-chip buffers (192 kB vs. 4 MB), it still incurs the high energy costs of
off-chip parameter traffic to DRAM. Averaged across all LSTM and Transducer models, EyerissV2
reduces energy by only 6.4% over Baseline. For CNN models, EyerissV2 reduces inference
energy by 36.2% over Baseline, as its smaller on-chip buffer significantly reduces dynamic energy
consumption.

Third, Mensa significantly reduces inference energy across all models. The reduction primarily
comes from three sources. (1) Mensa lowers the energy spent on on-chip and off-chip parameter
traffic by 15.3x, by scheduling layers on the accelerators with the most appropriate dataflow for
each layer. LSTMs and Transducers benefit the most, as their inference energy in both Base+HB
and EyerissV2 is dominated by off-chip parameter traffic, which Pavlov and Jacquard drastically cut
due to being placed inside memory. (2) Mensa reduces the dynamic energy of the on-chip buffer and
network (NoC) by 49.8x and 6.2x over Base+HB and EyerissV2, by avoiding overprovisioning and
catering to specialized dataflows. This is most beneficial for CNN and RCNN models. (3) Mensa
reduces static energy by 3.6x and 5.6x over Base+HB and EyerissV2, thanks to using significantly
smaller PE arrays that avoid underutilization, significantly smaller on-chip buffers, and dataflows
that reduce inference latency.

EyerissV2 falls significantly short (50.6%) of Mensa’s energy efficiency for three reasons. First,
while EyerissV2’s flexible NoC can provide a high data rate to the PE array, its fixed dataflow
cannot efficiently expose reuse opportunities across different layers (e.g., Cluster 4 and 5 layers that
have very large parameter footprints and low data reuse). Second, EyerissV2 has much higher static

energy consumption, as its inference latency is significantly larger for many compute-intensive
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CNN layers (as its PE array is much smaller than the array in Pascal). Third, some CNN layers have
a large parameter footprint and very low data reuse, which generates a large amount of off-chip
parameter traffic in EyerissV2. Overall, Mensa reduces total inference energy by 66.0%/50.6%, and
improves energy efficiency (TFLOP/J) by 3.0x/2.4x, compared to Baseline/EyerissV2.

Figure 6.10 (right) shows the breakdown of energy usage across our three Mensa accelerators.
Pascal consumes the most energy of the three, with its consumption dominated by the PE array
(since the layers that run on Pascal perform a large number of MAC operations). Pavlov’s energy
usage is dominated by DRAM accesses, as its layers have large footprints and no data reuse. For
Jacquard, the majority of energy is used by a combination of DRAM accesses and the PE array, but
the usage is lower than Pavlov DRAM accesses or the Pascal PE array due to the inherent layer

properties (smaller footprints, lower MAC intensity).

6.6.2. Performance Analysis

Figure 6.11 shows the utilization (bars, left axis) and throughput (lines, right axis) for our four
configurations. Mensa’s utilization is calculated by computing the average utilization across its

three accelerators (Pascal, Pavlov and Jacquard). We make three observations from the figure.
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Figure 6.11. Accelerator utilization and throughput across different models, normalized to Baseline.

First, Baseline suffers from low PE array utilization (on average 27.3%). The higher bandwidth
in Base+HB pushes average utilization up to 34.0%, and improves throughput by 2.5x. The largest

improvements are for LSTMs and Transducers (4.5x on average vs. 1.3x for CNNs), thanks to their
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low FLOP/B ratio and large footprints. In contrast, some CNN models (e.g., CNN10) see only
modest improvements (11.7%) with Base+HB, as their layers have high reuse and small footprints.
Overall, Base+HB still has very low utilization, as many layers (those from Clusters 3, 4, and 5) do
not need the large number of PEs in the accelerator.

Second, EyerissV2 reduces performance significantly over Baseline for several models. Eye-
rissV2’s flexible interconnect and much smaller PE array do allow it to achieve slightly higher PE
utilization than Baseline for layers that have very low data reuse. However, this higher utilization is
offset by significantly higher inference latencies. For compute-intensive layers in Clusters 1 and
2, the smaller PE array size hurts layer throughput. For data-centric layers in Clusters 4 and 5,
EyerissV2 cannot customize its dataflow to expose reuse opportunities, and thus is hurt by the high
off-chip traffic. Overall, we find that EyerissV2’s overall throughput is actually lower than Baseline
for most of our models.

Third, Mensa provides a significant increase in both average utilization (2.5x/2.0x/2.6x) and
throughput (3.1x/1.3x/4.3x) over Baseline/Base+HB/EyerissV2. The large utilization improvements
are a result of (1) properly-provisioned PE arrays for each layer, (2) customized dataflows that
exploit reuse and opportunities for parallelization, and (3) the movement of large-footprint layer
computation into memory (eliminating off-chip traffic for their DRAM requests). We note that
Mensa’s throughput improvements over Base+HB are smaller than its utilization improvements,
because Base+HB is reasonably effective at reducing the inference latency of layers with poor
reuse and large footprints (albeit with poor energy efficiency and underutilization). Mensa benefits
all NN model types, but the largest improvements are for LSTMs and Transducers, with average
utilization/throughput improvements of 82.0x/5.7x over Baseline. The improvement is lower for
CNNs and RCNNs (2.23x/1.8x over Baseline), because they make more use of Baseline’s large PE
arrays, and have smaller footprints that lessen the impact of off-chip DRAM accesses. For a few
CNNs (CNN10-CNN13), their utilization is somewhat lower than desired (44.7%) due to their use
of a large number of depthwise layers (part of Cluster 5) that have significantly lower data reuse
than other Cluster 4/5 layers. While these layers run less optimally with Jacquard’s dataflow due to

the different reuse behavior, Mensa still improves their utilization by 65.2% over Baseline because
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Jacquard’s specialization still helps depthwise layers.

Figure 6.12 shows the overall inference latency, and where the inference latency in Mensa
is spent (across Pascal, Pavlov, and Jacquard). We find that Mensa outperforms Baseline and
Base+HB on average by 1.96x and 1.17x. LSTMs and Transducers see a significant latency
reduction with Mensa (5.4x/1.26x vs. Baseline/Base+HB) because most of their layers run on
Pavlov and benefit from an optimized dataflow and processing-in-memory (which provides not only
higher bandwidth, but also lower latency for DRAM accesses). CNNs and RCNNs benefit from the
heterogeneity of our accelerators, making use of all three of them to reduce latency by 1.64x/1.16x

over Baseline/Base+HB.
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Figure 6.12. Inference latency across different models, normalized to Baseline.

6.7. Summary

We conduct the first bottleneck analysis of the Google Edge TPU, a state-of-the-art ML inference
accelerator, as it executes 24 state-of-the-art Google edge NN models. Our analysis reveals that
the Edge TPU’s monolithic design leads to significant underutilization and poor energy efficiency
for our edge NN models, which exhibit significant layer variation. We propose a new framework
called Mensa, consisting of multiple small heterogeneous accelerators, each specialized to specific
layer characteristics. Using our discovery that layers group into a small number of clusters, we
create a Mensa design for the Google edge NN models consisting of three accelerators. Compared

to the Edge TPU and to a state-of-the-art reconfigurable ML accelerator, our design improves
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energy efficiency by 3.0x/2.4x and throughput by 3.1x/4.3x for our edge NN models. We hope
that Mensa can enable the design and adoption of future heterogeneous accelerators that support

yet-to-be-developed NN model types.
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Chapter 7

Polynesia: Enabling Effective Hybrid
Transactional/Analytical Databases with

Specialized Hardware/Software Co-Design

Data analytics involves the processing and analysis of large amounts of data to identify a wide
range of patterns and trends. It has become popular due to the exponential growth in data generated
annually [6]. Many application domains need to perform real-time data analysis (i.e., perform
analytics on the most recent version of the data) [4,106,337]. A major example is Internet-of-Things
(IoT) applications, which can ingest a large volume of data from various sensors, and typically have
some form of learning model (e.g., SQL analytics, machine learning, graph analytics) that is applied
to the ingested data to make in-the-field decisions (e.g., navigation for self-driving cars, patient
monitoring and response in healthcare) [7,29, 30, 33]. For such applications, the need to analyze
data in real time is critical, as the data’s value diminishes significantly over time.

Analytics often make use of database management systems (DBMSs) for the underlying data.
An analytical workload includes a series of queries that perform analytics on a particular set of
fields across many database records. An analytics DBMS optimizes its data storage to cater to
these queries, which can be complex and long, and perform predominantly read-only operations.

For example, for SQL analytics, database tables are stored in column-major format (as each field
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corresponds to a column), and an analytical workload scans a select number of these columns across
many database rows [176,348].

An analytics DBMS differs significantly from the traditional transactional DBMS, due to the
different nature of their respective workloads. A transactional workload typically includes queries
(i.e., transactions) that perform one or more lookups or changes to individual records, potentially
accessing multiple fields in each record. A transactional DBMS optimizes its data storage to
transactions, which are typically short-lived and exhibit bursty write behavior. For example, for SQL
transactions, database tables are stored in row-major format [193,349], as each row corresponds to
a single record.

Many applications require a combination of analytics and transactions. For example, a self-
driving car uses transactions to record each periodic sample of data from all sensors, while running
analytics across specific sensor data over time to analyze the car’s surroundings and make real-time
navigation decisions. With separate DBMSs, new transactions are propagated to the analytics DBMS
using a costly process that is performed only on the order of hours or days [205, 255], causing
analytics to often be performed on stale data [4,30,205,255]. As this is intolerable for real-time
analysis, hybrid transactional/analytical processing (HTAP) DBMSs [4, 106,337] have emerged,
providing a single (typically in-memory) DBMS for transactions and analytics [4,30,231,255,288].

To support both types of workloads with high throughput and minimal energy, an ideal HTAP
system should have three properties [255]. First, it should ensure that transactional and analytical
workloads benefit from their own workload-specific optimizations (e.g., algorithms, data structures).
Second, it should guarantee data freshness (i.e., access to the most recent version of data) for analyt-
ical workloads while ensuring that transactional and analytical workloads have a consistent view of
data across the system. Third, it should ensure that the latency and throughput of transactional and
analytical workloads are the same as if they were run in isolation.

Our goal is to develop an HTAP system that achieves all three of the desired HTAP properties,

with new architectural techniques and awareness of PIM capability.

133



7.1. Summary of Key Insights and Observations

Meeting all three ideal HTAP properties at once is very challenging, as transactional and
analytical workloads have different underlying algorithms and access patterns, and optimizing for
one property can often require a trade-off in another property. We extensively study state-of-the-
art in-memory HTAP systems, and find that no system exists that can meet all three properties.
We observe two key problems that prevent state-of-the-art HTAP systems from simultaneously
achieving the three desired properties.

First, these systems experience a drastic reduction in transactional throughput (up to 74.6%) and
analytical throughput (up to 49.8%) compared to when we run each in isolation. This is because the
mechanisms used to provide data freshness and consistency induce a significant amount of data
movement between the CPU cores and main memory.

Second, HTAP systems often fail to provide effective performance isolation. These systems
suffer from severe performance interference (up to 31.3% reduction in transactional throughput)
because of the high resource contention between transactional workloads and analytical workloads.

Unfortunately, as our evaluation shows, simply providing more memory bandwidth to alleviate
data movement costs and memory contention cannot solve these challenges; we need careful
architectural design and hardware—software cooperative approaches.

To solve the challenges faced by existing HTAP systems, we propose a novel hardware/software
cooperative design for in-memory HTAP databases called Polynesia. The key idea of Polynesia is
to partition the computing resources in a system into two types of isolated, specialized processing
islands (transactional islands and analytical islands). By isolating transactional islands from
analytical islands, we are able to (1) apply workload-specific optimizations to each island; (2) avoid
high resource contention; and (3) design new and efficient mechanisms that propagate data updates
from transactional islands to analytical islands, where we can provide data freshness and consistency
without incurring high data movement costs. As a result, to our knowledge, Polynesia is the first
work to achieve all three desired properties of an HTAP system.

Figure 7.1 shows a high-level overview of Polynesia. Each island in Polynesia consists of (1) a
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replica of data for a specific workload, (2) an optimized execution engine (i.e., the software that
executes queries), and (3) a set of hardware resources (e.g., computation units, memory) that cater
to the execution engine and its memory access patterns. A transactional island is designed to sustain
the bursts of writes performed as new data records are added to the database. The island’s execution
engine is similar to conventional transactional engines [193,385]. Since the engine performs many
small writes that benefit from caching, the hardware resources in a transactional island include
conventional multicore CPUs with multi-level caches and access to a shared main memory. An
analytical island is designed to provide very high read throughput for the analytics algorithms. In
conventional systems, analytical workloads generate a large amount of data movement between
the CPU and main memory, which incurs a high performance and energy cost [202] and becomes
a bottleneck for the workloads. To alleviate this, we take advantage of a customized version of
processing-in-memory (PIM), where we design new logic that can be placed in or near a memory
chip to provide the logic with low-latency access to the internal memory chip throughput (which is

much larger than the typical memory throughput available to a CPU [174, 186,233]).
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Figure 7.1. High-level architecture of Polynesia.

To solve the challenges of existing HTAP systems, we co-design new algorithms and efficient
hardware support for the three key components of an analytical island: (1) an update propagation
mechanism, which gathers updates from the transactional islands, converts updates to the analytical
data format, and applies the updates to the analytical island’s replica; (2) a consistency mechanism,

which ensures that analytics queries observe a consistent view of data (i.e., an analytical workload
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will not see a newer update unless all prior updates are also visible); and (3) an analytical execution
engine, which performs the query and handles query-related logistics. We design our update
propagation mechanism, to take advantage of PIM, decoupling propagation into two parts (update
shipping and update application), developing new efficient algorithms for each part, and designing
custom hardware accelerators for each part that sit inside the logic layer of 3D-stacked memory.
We design our consistency mechanism (Section 6) to use a new algorithm that runs on a custom
hardware accelerator for efficient replica versioning in the logic layer. Our analytical execution
engine (Section 7) consists of simple PIM cores to execute each query, a custom data placement
algorithm that optimizes how columns of data are placed in a 3D-stacked memory cube to balance
parallelization opportunities with the need to replicate metadata, and a new scheduler that schedules
workload tasks on PIM cores based on a combination of work balancing and data locality.

We compare Polynesia to three state-of-the-art HTAP systems. Polynesia outperforms all
three existing systems. Across a series of synthetic workloads that allow us to precisely
study the benefits of each component of Polynesia, Polynesia achieves a higher transactional
(2.20X/1.15X/1.94X; mean of 1.70X) and analytical (3.78X/5.04X/2.76X; mean of 3.74X) through-
put. Polynesia also achieves a higher transactional (2.31X/1.19X/1.78X; mean of 1.76X) and
analytical (3.41X/4.85X/2.20X; mean of 3.48X) over the existing systems for TPC-C [2] and TPC-
H [3] workloads. Polynesia consumes less energy than all three as well, 48% lower than the prior
lowest-energy system. Overall, we conclude that Polynesia efficiently provides high-throughput,

energy-efficient real-time analysis, and that it meets all three desired HTAP properties.

7.2. Motivation

There are two major types of HTAP systems: (1) single-instance design systems and (2) multiple-
instance design systems. In this section, we study both types, and analyze why neither type can

meet all of the desired properties of an HTAP system.
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7.2.1. Single-Instance Design

One way to design an HTAP system is to maintain a single instance of the data, which both
analytics and transactions work on, to ensure that analytical queries access the most recent version
of data. Several HTAP proposals from academia and industry are based on this approach [25, 30,92,
136,205,314]. While single-instance design enables high data freshness, we find that it suffers from

three major challenges:

(1) High Cost of Consistency and Synchronization. Since analytical and transactional workloads
work on the same instance of data concurrently, single-instance-based systems need to ensure that
the data is consistent and synchronized. One approach to consistency is to let both transactions and
analytics work on the same copy of data, and use locking protocols [87] to maintain consistency
across the system. However, locking has two major drawbacks. First, it significantly reduces the
update throughput of transactions [60,279] and degrades data freshness, as it blocks transactions
from updating objects that are being read by long-running analytics queries. Second, it can
frequently blocks analytics, as with the high update rate of transactions, a transactional workload
can often lock out the analytics workload, leading to a significant drop in throughput. To avoid these
drawbacks,To avoid the throughput bottlenecks incurred by locking protocols [87], single-instance-
based HTAP systems resort to either snapshotting [25,205,266,331] or multi-version concurrency
control (MVCC) [30,279]. Unfortunately, we find that snapshotting and MVCCboth solutions have
significant drawbacks of their own.

Snapshotting: Several HTAP systems (e.g., [25, 205, 266]) use a variation of multiversion
synchronization, called snapshotting, to provide consistency via snapshot isolation [36,47]. Snapshot
Isolation guarantees that all reads in a transaction see a consistent snapshot of the database state,
which is the last committed state before the transaction started. These systems explicitly create
snapshots from the most recent version of operational data, and let the analytics run on the snapshot
while transactions continue updating the data.

We analyze the effect of state-of-the-art snapshotting [25,368] on throughput, for an HTAP

system with two transactional and two analytical threads (each runs on a separate CPU). Figure 7.2
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(right) shows the transaction throughput with snapshotting, normalized to a zero-cost snapshot
mechanism, for three different rates of analytical queries. We make two observations from the figure.
First, at 128 analytical queries, snapshotting reduces throughput by 43.4%. Second, the throughput
drops as more analytical queries are being performed, with a drop of 74.6% for 512 analytical
queries. We find that the majority of this throughput reduction occurs because memcpy is used to
create each snapshot, which introduces significant interference among the workloads and generates a
large amount of data movement between the CPU and main memory. The resulting high contention

for shared hardware resources (e.g., off-chip channel, memory system) directly hurts the throughput.
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Figure 7.2. Effect of MVCC on analytical throughput (left) and snapshotting on transactional
throughput (right).

MVCC: While both MVCC and snapshotting provide snapshot isolation, MVCC avoids making
full copies of data for its snapshot. In MVCC, instead of replacing the old data on an update,
the system keeps several versions of the data in each entry. The versions are chained together
with pointers, and contain timestamps. Now, instead of reading a separate snapshot, an analytics
query can simply use the timestamp to read the correct version of the data, while a transaction
can add another entry to the end of the chain without interrupting. As a result, updates never
block reads, which is the main reason that MVCC has been adopted by many transactional DBMSs
(e.g., [92,227,230]).

However, MVCC is not a good fit for mixed analytical and transactional workloads in HTAP.
We study the effect of MVCC on system throughput, using the same hardware configuration that we
used for snapshotting. Figure 7.2 (left) shows the analytical throughput of MVCC, normalized to a

zero-cost version of MVCC, for a varying transactional query count. We observe that the analytical
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throughput significantly decreases (by 42.4%) compared to zero-cost MVCC. We find that long
version chains are the root cause of the throughput reduction. Each chain is organized as a linked
list, and the chains grow long as many transactional queries take place. Upon accessing a data tuple,
the analytics query traverses a lengthy version chain, checking each chain entry’s timestamp to
locate the most recent version that is visible to the query. As analytic queries touch a large number
of tuples, this generates a very large number of random memory accesses, leading to the significant

throughput drop.

(2) Limited Workload-Specific Optimization. A single-instance design severely limits workload-
specific optimizations, as it is very challenging to enable optimizations for both types of workloads
on a single replica of data.as the instance cannot have different optimizations for each workload. Let
us examine the data layout in relational databases as an example. Relational transactional engines
use a row-wise or N-ary storage model (NSM) for data layout, as it provides low latency and high
throughput for update-intensive queries [193]. Relational analytics engines, on the other hand,
employ a column-wise or Decomposition Storage Model (DSM) to store data, as it provides better
support for columnar accesses, compression, and vectorized execution.

It is inherently impossible for a single-instance-based system to implement both formats simul-
taneously, and many such systems simply choose one of the layouts [25,205,314]. A few HTAP
systems attempt to provide a hybrid data layout (e.g., [30]) or multiple data layouts in a single
replica (e.g., [227]). However, these systems need to periodically convert data between different

data formats, which leads to significant overhead and compromises data freshness [288].

(3) Limited Performance Isolation. It is critical to ensure that running analytics queries alongside
transactions does not violate strict transactional latency and throughput service-level agreements.
Unfortunately, running both on the same instance of data, and sharing hardware resources, leads to
severe performance interference. We evaluate the effect of performance interference using the same
system configuration that we used for snapshotting and MVCC. Each transactional thread executes
2M queries, and each analytical thread runs 1024 analytical queries. We assume that there is no cost
for consistency and synchronization. Compared to running transactional queries in isolation, the

transactional throughput drops by 31.3% when the queries run alongside analytics. This is because
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analytics are very data-intensive and generate a large amount of data movement, which leads to
significant contention for shared resources (e.g., memory system, off-chip bandwidth). Note that
the problem worsens with realistic consistency mechanisms, as they also generate a large amount of

data movement.

7.2.2. Multiple-Instance Design

The other approach to design an HTAP system is to maintain multiple instances of the data
using replication techniques, and dedicate and optimize each instance to a specific workload
(e.g., [107,215,227,230,255,266,288]). Unfortunately, multiple-instance design systems suffer

from a number ofseveral challenges:

Data Freshness. One of the major challenges in multiple-instance-based approach is to keep
analytical replicas up-to-date even when the transaction update rate is high, without compromising
performance isolation [106,255]. To maintain data freshness, the system needs to (1) gather
updates from transactions and ship them to analytical replicas, and (2) perform the necessary format
conversion and apply the updates.

Gathering and Shipping Updates: Given the high update rate of transactions, the frequency of
the gathering and shipping process has a direct effect on data freshness. During the update shipping
process, the system needs to (1) gather updates from different transactional threads, (2) scan them
to identify the target location corresponding to each update, and (3) transfer each update to the
corresponding location. We study the effect of update shipping on transactional throughput for a
multiple-instance-based HTAP system (see Section 7.7). Our system has two transactional and two
analytical threads (each running on a CPU core). Figure 7.3 shows the transactional throughput
for three configurations: (1) a baseline with zero cost for update shipping and update application,
(2) a system that performs only update shipping, and (3) a system that performs both update
shipping and update application (labeled as Update-Propagation). We observe from the figure
that the transactional throughput of update shipping reduces by 14.8% compared to zero-cost
update shipping and application. Our analysis shows that when the transactional queries are more

update-intensive, the overhead becomes significantly higher. For update intensities of 80% and
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100%, the throughput drops further (by 19.9% and 21.2%, respectively). We find that the reduction
in throughputthis reduction is mostly because the update shipping process generates a large amount
of data movement and takes several CPU cycles. Figure 7.4 shows the breakdown of execution time
during update propagation process. We find that update shipping accounts for on average 15.4% of

the total execution time.

B Zero-Cost-Update-Propagation Z Update-Shipping E Update-Propagation

‘g‘_ 0.002
£ — 0.0016
%"& 0.0012
© & 0.0008
£ £ 0.0004
c 0
x

[ -

8M 16M | 32M 8M 1e6M | 32M 8M 16M | 32M

Write/Read: 50% Write/Read: 80% 100% Write

Figure 7.3. Transactional throughput across different number of transactions and different write
intensities.
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Figure 7.4. Execution time breakdown across different number of transactions and different write
intensities.

Update Application: The update application process can be very challenging, due to the need
to transform updates from one workload-specific format to another. For example, in relational
analytics, the analytics engine uses several optimizations to speed up long-running scan queries and
complex queries with multiple joins. To minimize the amount of data that needs to be accessed,
analytics engines employ DSM representation to store data [348], and can compress tuples using an
order-preserving dictionary-based compression (e.g., dictionary encoding [39,238,299]).

In our example, a single tuple update, stored in the NSM layout by the transactional workload,
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requires multiple random accesses to apply the update in the DSM layout. Compression further
complicates this, as columns may need to be decompressed, updated, and recompressed. For
compression algorithms that use sorted tuples, such as dictionary encoding, the updates can lead to
expensive shifting of tuples as well. These operations generate a large amount of data movement
and spend many CPU cycles. The challenges of update application are significant enough that some
prior works give up on workload-specific optimization to try and maintain performance [255].
From Figure 7.3, we observe that the update application process reduces the transactional
throughput of the Update-Propagation configuration by 49.6% compared tovs. zero-cost update
propagation. As the write intensity increases (from 50% to 80%), the throughput suffers more (with
a 59.0% drop at 80%). This is because 23.8% of the CPU cycles (and 30.8% of cache misses) go to

the update application process (Figure 7.4), of which 62.6% is spent on (de)compressing columns.

Other Major Challenges. Like with single-instance design, we find that maintaining data con-
sistency for multiple instances without compromising performance isolation is very challenging.
Updates from transactions are frequently shipped and applied to analytics replicas while analytical
queries run. As a result, multiple-instance-based systems suffer from the same consistency draw-
backs that we observe for single-instance-based systems in Section 7.2.1. Another major challenge
we find is the limited performance isolation. While separate instances provide partial performance
isolation, as transactions and analytics do not compete for the same copy of data, they still share
underlying hardware resources such as CPU cores and the memory system. As we discuss in
Section 7.2.1, analytics workloads, as well as data freshness and consistency mechanisms, generate
a large amount of data movement and take many cycles. As a result, multiple-instance designs also
suffer from limited performance isolation.

We conclude that neither single- nor multiple-instance HTAP systems meet all of our desired
HTAP properties. We therefore need a system that can avoid shared resource contention and alleviate

the high data movement costs incurred for HTAP.
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7.3. Polynesia

Our goal in this work is to design an HTAP system that can meet all of the desired HTAP proper-
ties, by avoiding the challenges that we identify for state-of-the-art HTAP systems in Section 7.2. To
this end, we propose Polynesia which divides the HTAP system into multiple islands. Each island
includes (1) a replica of data whose layout is optimized for a specific workload, (2) an optimized
execution engine, and (3) a set of hardware resources (e.g., computation units, memory).resources.
Polynesia has two types of islands: (1) a transactional island, and (2) an analytical island. To avoid
the data movement and interference challenges that other multiple-instance-based HTAP systems
face (see Section 7.2), we propose to equip each analytical island with (1) in-memory hardware; and
(2) co-designed algorithms and hardware for the analytical execution engine, update propagation,
and consistency.

Polynesia is a framework that can be applied to many different combinations of transactional
and analytical workloads. In this work, we focus on designing an instance of Polynesia that
supports relational transactional and analytical workloads.! Figure 7.5 shows the hardware for our
chosen implementation, which includes one transactional island and one analytical island, and is
equipped with a 3D-stacked memory similar to the Hybrid Memory Cube (HMC) [174], where
multiple vertically-stacked DRAM cell layers are connected with a logic layer using thousands
of through-silicon vias (TSVs). An HMC chip is split up into multiple vaults, where each vault
corresponds to a vertical slice of the memory and logic layer. The transactional island uses an
execution engine similar to conventional transactional engines [193,385] to execute a relational
transactional workload. The transactional island is equipped with conventional multicore CPUs and
multi-level caches, as transactional queries have short execution times, are latency-sensitive, and
have cache-friendly access patterns [43]. Inside each vault’s portion of the logic layer in memory,
we add hardware for the analytical island, including the update propagation mechanism (consisting
of the update shipping and update application units), the consistency mechanism (copy units), and

the analytical execution engine (simple programmable in-order PIM cores).In the next three sections,

'Note that our proposed techniques can be applied to other types of analytical workloads (e.g., graphs, machine
learning) as well.
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Figure 7.5. High-level organization of Polynesia hardware.

we discuss the detailed design of the update propagation mechanism (Section 7.4), consistency
mechanism (Section 7.5), and analytical execution engine (Section 7.6).
To address potential capacity issues and accommodate larger data, Polynesia can extend across

multiple memory stacks. We evaluate Polynesia with multiple stacks in Section 7.8.5.

7.4. Update Propagation Mechanism

We design a new two-part update propagation mechanism to overcome the high costs of
analytical replica updates in state-of-the-art HTAP systems. The update shipping unit gathers
updates from the transactional island, finds the target location in the analytical island, and frequently
pushes these updates to the analytical island. The update application unit receives these updates,
converts the updates from the transactional replica data format to the analytical replica data format,

and applies the update to the analytical replica.
7.4.1. Update Shipping

Algorithm. Our update shipping mechanism includes three major stages. For each thread in the
transactional engine, Polynesia stores an ordered update log for the queries performed by the thread.
Each update log entry contains four fields: (1) a commit ID (a timestamp used to track the total order
of all updates across threads), (2) the type of the update (insert, delete, modify), (3) the updated
data, and (4) a record key (e.g., pair of row-ID and column-ID) that links this particular update to

a column in the analytic replica. The update shipping process is triggered when total number of
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pending updates reaches the final log capacity, which we set to 1024 entries (see Section 7.4.2). The
first stage is to scan the per-thread update logs, and merge them into a single final log, where all
updates are sorted by the commit ID.

The second stage is to find the location of the corresponding column (in the analytical replica)
associated with each update log entry. We observe that this stage is one of the major bottlenecks of
update shipping, because the fields in each tuple in the transactional island are distributed across
different columns in the analytical island. Since the column size is typically very large, finding
the location of each update is a very time-consuming process. To overcome this, we maintain a
hash index of data on the (column,row) key, and use that to find the corresponding column for each
update in the final log. We use the modulo operation as the hash function. We size our hash table
based on the column partition size. Similar to conventional analytical DBMSs, we can use soft
partitioning [237,255,300] to address scalability issues when the column size increases beyond
a certain point. Thus, the hash table size does not scale with column size. This stage contains a
buffer for each column in the analytical island, and we add each update from the final log to its
corresponding column buffer.

The final stage is to ship these buffers to each column in the analytical replica.

Hardware. We find that despite our best efforts to minimize overheads, our algorithm has three
major bottlenecks that keep it from meeting data freshness and performance isolation requirements:
(1) the scan and merge operation in stage 1, (2) hash index lookups in stage 2, and (3) transferring
the column buffer contents to the analytical islands in stage 3. These primitives generate a large
amount of data movement and account for 87.2% of our algorithm’s execution time. To avoid these
bottlenecks, we design a new hardware accelerator, called the update shipping unit, that speeds up
the key primitives of the update shipping algorithm. We add this accelerator to each of Polynesia’s
in-memory analytical islands.

Figure 7.6 shows the high-level architecture of our in-memory update shipping unit. The update
shipping unit consists of three building blocks: (1) a merge unit, (2) a hash lookup unit, and (3) a
copy unit. The merge unit consists of 8 FIFO input queues, where each input queue corresponds to

a sorted update log. Each input queue can hold up to 128 updates, which are streamed from DRAM.
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The merge unit finds the oldest entry among the input queue heads, using a 3-level comparator tree,
and adds it to the tail of the final log (a ninth FIFO queue). The final log is then sent to the hash unit

to determine the target column for each update.

Merge Unit Hash Unit Copy Unit
FIFOs Comparators / Probe Units RB Mem,Ctrl Mem Ctrl

1> aiig
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Figure 7.6. Update shipping unit architecture.

Tracking Buffer

For our hash unit, we start with a preliminary design that includes a probe unit, a simple finite
state machine controller that takes the address (for the key), computes the hash function to find the
corresponding bucket in memory, and traverses the linked list of keys in the bucket. We find that
having a single probe unit does not achieve our expected performance because (1) we cannot fully
exploit the bandwidth of 3D-stacked memory; and (2) each lookup typically includes several pointer
chasing operations that often leave the probe unit idle. As a result, we need to perform multiple
hash lookups in parallel at each step. However, the challenge is that updates need to be handed to
the copy unit in the same commit order they are inserted into the final update log

To address these challenges, we design the hash unit shown in Figure 7.6. Its key idea is to
(1) decouple hash computation and bucket address generation from the actual bucket access/traversal,
to allow for concurrent operations; and (2) use a small reorder buffer to track in-flight hash lookups,
and maintain commit order for completed lookups that are sent to the copy engine. We introduce a
front-end engine that fetches the keys from the final update log, computes the hash function, and
sends the key address to probe units. The front-end engine allocates an entry (with the bucket
address and a ready bit) for each lookup in the reorder buffer. We employ multiple probe units
(we find that 4 strikes a balance between parallelism and area overhead), with each taking a bucket
address and accessing DRAM to traverse the linked list.

We describe our copy engine in Section 7.5. Our analysis shows that the total area of our update

shipping unit is 0.25 mm?.
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7.4.2. Update Application

Similar to other relational analytical DBMSs, our analytical engine uses the DSM data layout
and dictionary encoding [39,90,92,221,238,299,348]. With dictionary encoding, each column in a
table is transformed into a compressed column using encoded fixed-length integer values, and a
dictionary stores a sorted mapping of real values to encoded values. As we discuss in Section 7.2.2,
the layout conversion (our transactional island uses NSM) and column compression make update
application process challenging. We design a new update application mechanism for Polynesia that

uses hardware—software co-design to address these challenges.

Algorithm. We first discuss an initial algorithm that we develop for update application. We assume
each column has 7 entries, and that we have m number of updates. First, the algorithm decompresses
the encoded column by scanning the column and looking up in the dictionary to decode each
item. This requires n random accesses to the dictionary. Second, the algorithm applies updates
to the decoded column one by one. Third, it constructs a new dictionary, by sorting the updated
column and calculating the number of fixed-length integer bits required to encode the sorted column.
Dictionary construction is computationally expensive (& ((n+ m)log(n+m))) because we need
to sort the entire column. Finally, the algorithm compresses the new column using our newly-
constructednew dictionary. While entry decoding happens in constant time, encoding requires a
logarithmic complexity search through the dictionary (since the dictionary is sorted).

This initial algorithm is memory intensive (Steps 1, 2, 4) and computationally expensive (Step 3).
Having hardware support is critical to enable low-latency update application and performance
isolation. While processing-in-memory (PIM)PIM may be able to help, our initial algorithm is not
well-suited for PIM for two reasons, and we optimize the algorithm to address both.

Optimization 1: Two-Stage Dictionary Construction. We eliminate column sorting from Step 3,
as it is computationally expensive. Prior work [301, 378] shows that to efficiently sort more
than 1024 values in hardware, we should provide a hardware partitioner to split the values into
multiple chunks, and then use a sorter unit to sort chunks one at a time. This requires an area of

1.13 mm?2 [301,378]. Unfortunately, since tables can have millions of entries [221], we would need
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multiple sorter units to construct a new dictionary, easily exceeding the total area budget of 4.4 mm?
per vault [42,77,99].

To eliminate column sorting, we sort only the dictionary, leveraging the fact that (1) the
existing dictionary is already sorted, and (2) the new updates are limited to 1024 values. As a
result, ourOur optimized algorithm initially builds a sorted dictionary for only the updates, which
requires a single hardware sorter. A 1024-value bitonic sorter requires a much smaller area of only
0.18 mm? [378].sorter (a 1024-value bitonic sorter with an area of only 0.18 mm? [378]). Once the
update dictionary is constructed, we now have two sorted dictionaries: the old dictionary and the
update dictionary. We merge these into a single dictionary using a linear scan (¢ (n+m)), and then
calculate the number of bits required to encode the new dictionary.

Optimization 2: Reducing Random Accesses. To reduce the algorithm’s memory intensity
(which is a result of random lookups), we maintain a hash index that links the old encoded value
in a column to the new encoded value. This avoids the need to decompress the column and add
updates, eliminating data movement and random accesses for Steps 1 and 2, while reducing the
number of dictionary lookups required for Step 4. The only remaining random accesses are for
Step 4, which decrease from & ((n+m)log (n+m)) to O(n+m).

We now describe our optimized algorithm. We first sort the updates to construct the update
dictionary. We then merge the old dictionary and the update dictionary to construct the new
dictionary and hash index. Finally, we use the index and the new dictionary to find the new encoded

value for each entry in the column.

Hardware. We design a hardware implementation of our optimized algorithm, called the update
application unit, and add it to each in-memory analytical island. The unit consists of three building
blocks: a sort unit, a hash lookup unit, and a scan/merge unit. Our sort unit uses a 1024-value bitonic
sorter, whose basic building block is a network of comparators. These comparators are used to form
bitonic sequences, sequences where the first half of the sequence is monotonically increasing and
the second half is decreasing. The hash lookup uses a simpler version of the component that we
designed for update shipping. The simplified version does not use a reorder buffer, as there is no

dependency between hash lookups for update application. We use the same number of hash units
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(empirically set to 4), each corresponding to one index structure, to parallelize the compression
process. For the merge unit, we use a similar design from our update shipping unit. Our analysis

shows that the total area of our update application unit is 0.4 mm?.

7.5. Consistency Mechanism

We design a new consistency mechanism for Polynesia in order to deliver all of the desired
properties of an HTAP system (Section 7.2). Our consistency mechanism must not compromise
either the throughput of analytical queries or the rate at which updates are applied. This sets two
requirements for our mechanism: (1) analytics must be able to run all of the time without slowdowns,
to satisfy the performance isolation property; and (2) the update application process should not be
blocked by long-running analytical queries, to satisfy the data freshness property. This means that
our mechanism needs a way to allow analytical queries to run concurrently with updates, without

incurring the long chain read overheads of similar mechanisms such as MVCC (see Section 7.2.1).

Algorithm. Our mechanism relies on a combination of snapshotting [205] and versioning [37] to
provide snapshot isolation [36,47] for analytics. Our consistency mechanism is based on two key
observations: (1) updates are applied at a column granularity, and (2) snapshotting a column is
cost-effective using PIM logic. We assume that for each column, there is a chain of snapshots where
each chain entry corresponds to a version of this column. Unlike chains in MVCC, each version is
associated with a column, not a tuple.

We adopt a lazy approach (late materialization [8]), where Polynesia does not create a snapshot
every time a column is updated. Instead, on a column update, Polynesia marks the column as dirty,
indicating that the snapshot chain does not contain the most recent version of the column data.
When an analytical query arrives Polynesia checks the column metadata, and creates a new snapshot
only if (1) any of the columns are dirty (similar to Hyper [205]), and (2) no current snapshot
exists for the same column (we let multiple queries share a single snapshot). During snapshotting,
Polynesia updates the head of the snapshot chain with the new value, and marks the column as clean.
This provides two benefits. First, the analytical query avoids the chain traversals and timestamp

comparisons performed in MVCC, as the query only needs to access the head of the chain at the
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time of the snapshot. Second, Polynesia uses a simple yet efficient garbage collection: when an
analytical query finishes, snapshots no longer in use by any query are deleted (aside from the head
of the chain).

To guarantee high data freshness (second requirement), our consistency mechanism always
lets transactional updates directly update the main replica using our two-phase update application
algorithm (Section 7.4.2). In Phase 1, the algorithm constructs a new dictionary and a new column.
In Phase 2, the algorithm atomically updates the main replica with pointers to the new column and

dictionary.

Hardware. Our algorithm’s success at satisfying the first requirement for a consistency mechanism
(i.e., no slowdown for analytics) relies heavily on its ability to perform fast memory copies to
minimize the snapshotting latency. Therefore, we add a custom copy unit to each of Polynesia’s
in-memory analytical islands. We have two design goals for the unit. First, the accelerator needs to
be able to issue multiple memory accesses concurrently. This is because (1) we are designing the
copy engine for an arbitrarily-sized memory region (e.g., a column), which is often larger than the
memory access granularity per vault (8—16B) in an HMC-like memory; and (2) we want to fully
exploit the internal bandwidth of 3D-stacked memory. Second, when a read for a copy completes,
the accelerator should immediately initiate the write.

We design our copy unit (Figure 7.6) to satisfy both design goals. To issue multiple memory
accesses concurrently, we leverage the observation that these memory accesses are independent. We
use multiple fetch and writeback units, which can read from or write to source/destination regions
in parallel. To satisfy the second design goal, we need to track outstanding reads, as they may
come back from memory out of order. Similar to prior work on accelerating memcpy [256], we use
a tracking buffer in our copy unit. The buffer allocates an entry for each read issued to memory,
where an entry contains a memory address and a ready bit. Once a read completes, we find its
corresponding entry in the buffer and set its ready bit to trigger the write.

We find that the buffer lookup limits the performance of the copy unit, as each lookup results in a
full buffer scan, and multiple fetch units perform lookups concurrently (generating high contention).

To alleviate this, we design a hash index based on the memory address to determine the location of a
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read in the buffer. We make use a similar design as the hash lookup unit in our update shipping unit.

7.6. Analytical Engine

The analytical execution engine performs the analytical queries. When a query arrives, the
engine parses the query and generates an algebraic query plan consisting of physical operators
(e.g., scan, filter, join). In the query plan, operators are arranged in a tree where data flows from
the bottom nodes (leaves) toward the root, and the result of the query is stored in the root. The
analytical execution engine employs the top-down Volcano (Iterator) execution model [133,278] to
traverse the tree and execute operators while respecting dependencies between operators. Analytical
queries typically exhibit a high degree of both intra- and inter-query parallelism [237,300, 388]. To
exploit this, the engine decomposes a query into multiple tasks, each being a sequence of one or
more operators. The engine (task scheduler) then schedules the tasks, often in a way that executes
multiple independent tasks in parallel.

Efficient analytical query execution strongly depends on (1) data layout and data placement,
(2) the task scheduling policy, and (3) how each physical operator is executed. Like prior works [77,
380], we find that the execution of physical operators of analytical queries significantly benefit from
PIM. However, without a HTAP-aware and PIM-aware data placement strategy and task scheduler,
PIM logic for operators alone cannot provide significant throughput improvements.

We design a new analytical execution engine based on the characteristics of our in-memory
hardware. As we discuss in Section 7.3, Polynesia uses a 3D-stacked memory that contains multiple
vaults. Each vault (1) provides only a fraction (e.g., 8 GB/s) of the total bandwidth available in a 3D-
stacked memory, (2) has limited power and area budgets for PIM logic, and (3) can access its own
data faster than it can access data stored in other vaults (which take place through a vault-to-vault
interconnect). We take these limitations into account as we design our data placement mechanism

and task scheduler.
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7.6.1. Data Placement

We evaluate three different data placement strategies for Polynesia. Our analytical engine uses
the DSM layout to store data, and makes use of dictionary encoding [39] for column compression.

Our three strategies affect which vaults the compressed DSM columns and dictionary are stored in.

Strategy 1: Store the Entire Column (with Dictionary) in One Vault. This strategy has two
major benefits. First, both the dictionary lookup and column access are to the local vault, which
improves analytical query throughput. Second, it simplifies the update application process (Sec-
tion 7.4.2), as the lack of remote accesses avoids the need to synchronize updates between multiple
update applications units (as each vault has its own unit).

However, this data placement strategy forces us to service tasks that access a particular column

using (1) highly-constrained PIM logic (given the budget of a single vault), and (2) only the
bandwidth available to one vault. This significantly degrades throughput, as it becomes challenging
to benefit from intra-query parallelism with only one highly-constrained set of logic available for a
query.
Strategy 2: Partition Columns Across All Vaults in a Chip. To address the challenges of
Strategy 1, we can partition each column and distribute it across all of the vaults in the 3D-stacked
memory chip (i.e., a cube). This approach allows us to (1) exploit the entire internal bandwidth of
the 3D-stacked memory, and (2) use all of the available PIM logic to service each query. Note that
unlike partitioning the column, partitioning the dictionary across all vaults is challenging because
the dictionary is sorted, forcing us to scan the entire column and find the corresponding dictionary
entries for each column entry.

However, Strategy 2 suffers from two major drawbacks. First, it makes the update application
(Section 7.4.2) significantly challenging. To perform update application under Strategy 2, we need
to (1) perform many remote accesses to gather all of the column partitions, (2) update the column,
and then (3) perform many remote accesses to scatter the updated column partitions back across
the vaults. Given the high frequency of update application in HTAP workloads, this gather/scatter

significantly increases the latency of update application and intra-cube traffic. Second, we need
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to perform several remote accesses to collect sub-results from each partition and aggregate them,

which reduces the throughput.

Strategy 3: Partition Columns Across a Group of Vaults. To overcome the challenges of
Strategies 1 and 2, we propose a hybrid strategy where we create small vault groups, consisting
of a fixed number of vaults, and partition a column across the vaults in a vault group. For a group
with v vaults, this allows us to increase the aggregate bandwidth for servicing each query by v times,
and provides up to v times the power and area for PIM logic. The number of vaults per group is
critical for efficiency: too many vaults can complicate the update application process, while not
enough vaults can degrade throughput. We empirically find that four vaults per group strikes a good
balance.

While the hybrid strategy reduces the cost of update application compared to Strategy 2, it
still needs to perform remote accesses within each vault group. To overcome this, we leverage
an observation from prior work [221] that the majority of columns have only a limited (up to 32)
number of distinct values. This means that the entire dictionary incurs negligible storage overhead
("2 KB). To avoid remote dictionary accesses during update application, Strategy 3 keeps a copy
of the dictionary in each vault. Such an approach is significantly costlier under Strategy 2, as for
a given column size, the number of dictionary copies scales linearly with the number of column
partitions, which is particularly problematic in a system with multiple memory stacks.

Polynesia makes use of Strategy 3 for data placement.

7.6.2. Scheduler

Polynesia’s task scheduler plays a key role in (1) exploiting inter- and intra-query parallelism,
and (2) efficiently utilizing hardware resources. For each query, the scheduler (1) decides how
many tasks to create, (2) finds how to map these tasks to the available hardware resources (PIM
threads), and (3) guarantees that dependent tasks are executed in order. We first design a basic
scheduler heuristic that generates tasks (statically at compile time) by disassembling the operators
of the query plan into operator instances (i.e., an invocation of a physical operator on some subset

of the input tuples) based on (1) which vault groups the input tuples reside in; and (2) the number of
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available PIM threads in each vault group, which determines the number of tasks generated. The
scheduler inserts tasks into a global work queue in an order that preserves dependencies between
operators, monitors the progress of PIM threads, and assigns each task to a free thread (push-based
assignment).

However, we find that this heuristic is not optimized for PIM, and leads to sub-optimal perfor-
mance due to three reasons. First, the heuristic requires a dedicated runtime component to monitor
and assign tasks. The runtime component must be executed on a general-purpose PIM core, either
requiring another core (difficult given limited area/power budgets) or preempting a PIM thread on
an existing core (which hurts performance). Second, the heuristic’s static mapping is limited to
using only the resources available within a single vault group, which can lead to performance issues
for queries that operate on very large columns. Third, this heuristic is vulnerable to load imbalance,
as some PIM threads might finish their tasks sooner and wait idly for straggling threads.

We optimize our heuristic to address these challenges. First, we design a pull-based task
assignment strategy, where PIM threads cooperatively pull tasks from the task queue at runtime.
This eliminates the need for a runtime component (first challenge) and allows PIM thread to
dynamically load balance (third challenge). To this end, we introduce a local task queue for each
vault group. Each PIM thread looks into its own local task queue to retrieve its next task. Second,
we optimize the heuristic to allow for finer-grained tasks. Instead of mapping tasks statically, we
partition input tuples into fixed-size segments (i.e., 1000 tuples) and create an operator instance
for each partition. The scheduler then generates tasks for these operator instances and inserts them
into corresponding task queues (where those tuple segments reside). The greater number of tasks
increases opportunities for load balancing. Finally, we optimize the heuristic to allow a PIM thread
to steal tasks from a remote vault if its local queue is empty. This enables us to potentially use all
available PIM threads to execute tasks, regardless of the data distribution (second challenge). Each
PIM thread first attempts to steal tasks from other PIM threads in its own vault group, because the
thread already has a local copy of the full dictionary in its vault, and needs remote vault accesses
only for the column partition. If there is no task to steal in its vault group, the PIM thread attempts

to steal a task from a remote vault group.
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7.6.3. Hardware Design

Given area and power constraints, it can be difficult to add enough PIM logic to each vault to
saturate the available vault bandwidth [77]. Mondrian [77] attempts to change the access pattern
from random to sequential, allowing PIM threads to use stream buffers to increase bandwidth
utilization. With our new data placement strategy and scheduler, we instead expose greater intra-
query parallelism, and use simple programmable in-order PIM cores to exploit the available vault
bandwidth. We add four PIM cores to each vault, where the cores are similar to those in prior
work [77,97]. We run a PIM thread on each core, and we use these cores to execute the scheduler
and other parts of the analytical engine (e.g., query parser).

We find that our optimized heuristic significantly increases data sharing between PIM threads.
This is because within each vault group, all 16 PIM threads access the same local task queue,
and must synchronize their accesses. The problem worsens when other PIM threads attempt to
steal tasks from remote vault groups, especially for highly-skewed workloads. To avoid excessive
accesses to DRAM and let PIM threads share data efficiently, we implement a simple fine-grained
coherence technique, which uses a local PIM-side directory in the logic layer to implement a
low-overhead coherence protocol.

The PIM-side directory is also used to maintain coherence between PIM cores (or PIM ac-
celerators) and the CPUs. This is because to allow coordination, ordering, and synchronization
between different parts of islands, we need to provide coherence between CPU cores and PIM logic.
We employ a simple fine grained coherence technique, which uses the local PIM-side directory in
the logic layer to enable low-overhead fine-grained coherence between PIM logic and the CPUs.
The CPU-side directory acts as the main coherence point for the system, interfacing with both the

processor caches and the PIM-side directory.

7.7. Methodology

We use and heavily extend state-of-the-art transactional and analytical engines to implement

various single- and multiple-instance HTAP configurations. We use DBx1000 [385, 386] as the
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starting point for our transactional engine. The transactional engine spawns multiple worker threads,
where each thread is mapped to a CPU core and executes one transactional query. We implement
an in-house analytical engine similar to C-store [348], with each analytical worker thread mapped
to a CPU core and executing a single task. The analytical engine supports key physical operators
for relational analytics: select, filter, aggregate and join. For join, we use a state-of-the-art, highly-
optimized hash join kernel [358]. The analytical engine supports both NSM and DSM layouts, and
dictionary encoding [39,238,299]. For consistency, we implement both snapshotting (similar to
software snapshotting [368], and with snapshots taken only when dirty data exists) and MVCC
(adopted from DBx1000 [385]).

Our baseline single-instance HTAP system stores the single data replica in main memory. The
system consists of 16 tables, 256K tuples per table, 4 randomly-populated integer fields, and 4
randomly-populated character fields per table, with tables in the NSM format. Each transactional
query randomly performs reads or writes on a few randomly-chosen tuples from a randomly-chosen
table. Each analytical query uses select and join on randomly-chosen tables and columns. We
evaluate both snapshotting and MVCC for single-instance. Our baseline multiple-instance HTAP
system models a similar system as our single-instance baseline, but provides the transactional and
analytical engines with separate replicas (using the NSM layout for transactions, and DSM with
dictionary encoding for analytics). The system uses the mechanism we describe in Section 7.4 to
propagate updates. Across all baselines, we have 4 transactional and 4 analytical worker threads.
We use hardware performance counters to analyze each baseline on real systems.

We simulate Polynesiaand compare it to the baselines using gem5 [38]. We perform all
simulations in full-system mode using the x86 ISA, and modify the integrated DRAMSim?2 [75]
DRAM simulator to model an HMC-like 3D-stacked DRAM [174]. Table 7.1 shows our system
configuration. For the analytical island, each vault of our 3D-stacked memory contains four PIM
cores and three fixed-function accelerators (update shipping unit, update application unit, copy unit).
For the PIM core, we model a core similar to the ARM Cortex-A7 [27].

Area. Our four PIM cores require 1.8 mm?, based on the Cortex-A7 (0.45 mm? each) [27]. We

use Calypto Catapult to determine the area of the accelerators for a 22nm process: 0.7 mm? for the
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Processor 4 000 cores, each with 2 HW threads, 8-wide issue;
(Transactional L1 I/D Caches: 64 kB private, 4-way assoc.; L2 Cache:
Island) 8 MB shared, 8-way assoc.; Coherence: MESI

PIM Core 4 in-order cores per vault, 2-wide issue,
L1 I/D Caches: 32 kB private, 4-way assoc.

3D-Stacked 4 GB cube, 16 vaults per cube; Internal Bandwidth:
Memory 256 GB/s; Off-Chip Channel Bandwidth: 32 GB/s

Table 7.1. Evaluated system configuration for Polynesia.

update propagation units and 0.2 mm? for the in-memory copy unit for our consistency mechanism.
This brings Polynesia’s total to 2.7 mm? per vault.

Energy. We model system energy similar to prior work [42,43], which sums the energy
consumed by the CPU cores, DRAM, on-chip and off-chip interconnects, and all caches. We
leverage estimates and models of 3D-stacked DRAM energy from prior work [184]. We estimate the
energy consumption of all caches using CACTI-P 6.5 [270], assuming a 22 nm process. We model
the off-chip interconnect using the method used by prior work [97], which estimates the HMC
SerDes energy consumption as 3 pJ/bit for data packets. We estimate the CPU energy based on
prior works [42,290,364] and scale the energy to accurately fit our processor. We used prior work’s

energy model [42] to estimate the energy consumed by the PIM core and specialized accelerators.

7.8. Evaluation

We first evaluate the three major components of our proposal: (1) update propagation, (2) our
consistency mechanism, and (3) our analytical engine. We then perform an end-to-end system

evaluation.

7.8.1. End-to-End System Analysis

Figure 7.7 (left) shows the transactional throughput for six DBMSs: (1) Single-Instance-
Snapshot (S7-SS); (2) Single-Instance-MVCC (SI-MVCC); (3) MI+SW, an improved version of
Multiple-Instance that includes all of our software optimizations for Polynesia (except those
specifically targeted for PIM); (4) MI+SW+HB, a hypothetical version of MI+SW with 8x bandwidth
(256 GB/s), equal to the internal bandwidth of HBM; (5) PIM-Only, a hypothetical version of

MI+SW which uses general-purpose PIM cores to run both transactional and analytical workloads;
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and (6) Polynesia, our full hardware—software proposal. We normalize throughput to an ideal
transaction-only DBMS (I/deal-Txn) for each transaction count. Of the single-instance DBMSs,
SI-MVCC performs best, coming within 20.0% of the throughput of Ideal-Txn on average. Its use of
MVCC over snapshotting overcomes the high performance penalties incurred by SI-SS. For the two
software-only multiple instance DBMSs (MI+SW and MI+SW+HB), despite our enhancements,
both fall significantly short of SI-MVCC due to their lack of performance isolation and, in the
case of MI+SW, the overhead of update propagation. MI+SW+HB, even with its higher available
bandwidth, cannot data movement or contention on shared resources. As a result, its transactional
throughput is still 41.2% lower than Ideal-Txn. PIM-only significantly hurts transactional throughput
(by 67.6% vs. Ideal-Txn), and even performs 7.6% worse than SI-SS. Polynesia improves the
average throughput by 51.0% over MI+SW+HB, and by 14.6% over SI-MVCC, because it (1) uses
custom PIM logic for analytics along with its update propagation and consistency mechanisms to
significantly reduce contention, and (2) reduces off-chip bandwidth contention by reducing data

movement. As a result, Polynesia comes within 8.4% of Ideal-Txn.
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Figure 7.7. Normalized transactional (left) and analytical (right) throughput for end-to-end HTAP
systems.

Figure 7.7 (right) shows the analytical throughput across the same DBMSs. We normalize
throughput at each transaction count to a baseline where analytics are running alone on our multicore
system. We see that while SI-MVCC is the best software-only DBMS for transactional throughput,
it degrades analytical throughput by 63.2% compared to the analytics baseline, due to its lack
of workload-specific optimizations and poor consistency mechanism (MVCC). Neither of these
problems can be addressed by providing higher bandwidth. MI+SW+HB is the best software-

only HTAP DBMS for analytics, because it provides workload-specific optimizations, but it still
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loses 35.3% of the analytical throughput of the baseline. MI+SW+HB improves throughput by
41.2% over MI+SW but still suffers from resource contention due to update propagation and the
consistency mechanism. PIM-Only performs similar to MI+SW+HB but reduces throughput by
11.4% compared to that, as it suffers from resource contention caused by co-running transactional
queries. Polynesia improves over the baseline by 63.8%, by eliminating data movement, having
low-latency accesses, and using custom logic for update propagation and consistency.

Overall, averaged across all transaction counts in Figure 7.7, Polynesia has a higher transactional
throughput (2.20X over SI-SS, 1.15X over SI-MVCC, and 1.94X over MI+SW; mean of 1.70X),
and a higher analytical throughput (3.78X over SI-SS, 5.04X over SI-MVCC, and 2.76X over
MI+SW; mean of 3.74X).

Real Workload Analysis. To model more complex queries, we evaluate Polynesia using a mixed
workload from TPC-C [2] (for our transactional workload) and TPC-H [3] (for our analytical
workload). TPC-C’s schema includes nine relations (tables) that simulate an order processing
application. We simulate two transaction types defined in TPC-C, Payment and New order, which
together account for 88% of the TPC-C workload [385]. We vary the number of warehouses from
1 to 4, and we assume that our transactional workload includes an equal number of transactions
from both Payment and New order. TPC-H’s schema consists of eight separate tables We use
TPC-H Queries 1-6, long and complex workloads that perform selection, aggregation, hash join,
and sorting over the Lineitem (with 6 million rows), Orders (with 1.5 million rows), and Customers
(150 thousand rows) Tables.

We evaluate the transactional and analytical throughput for Polynesia and for three baselines:
(1) SI-SS, (2) SI-MVCC, (3) MI+SW (results not shown). We find that, averaged across all
warehouse counts, Polynesia has a higher transactional throughput (2.05X over SI-SS, 1.23X over
SI-MVCC, and 1.63X over MI+SW; mean of 1.63X), and a higher analytical throughput (3.6X over
SI-SS, 4.54X over SI-MVCC, and 2.37X over MI+SW; mean of 3.50X) over all three baselines.

We conclude that Polynesia’s ability to meet all three HTAP properties enables better transac-
tional and analytical performance over all three of our state-of-the-art systems. In Sections 7.8.2,

7.8.3, and 7.8.4, we study how each component of Polynesia contributes to performance.
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7.8.2. Update Propagation

Figure 7.8 shows the transactional throughput for Polynesia’s update propagation mechanism and
Multiple-Instance, normalized to a multiple-instance baseline with zero cost for update propagation
(Ideal). We assume each analytical worker thread executes 128 queries, and vary both the number
of transactional queries per worker thread and the transactional query read-to-write ratio. To isolate
the impact of different update propagation mechanisms, we use a zero-cost consistency mechanism,

and ensure that the level of interference remains the same for all mechanisms.
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Figure 7.8. Effect of update propagation mechanisms on transactional throughput.
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We find that Multiple-Instance degrades transactional throughput on average by 49.5% compared
to Ideal, as it severely suffers from resource contention and data movement cost. 27.7% of the
throughput degradation comes from the update shipping latencies associated with data movement
and with merging updates from multiple transactional threads together. The remaining degradation
is due to the update application process, where the major bottlenecks are column compression/de-
compression and dictionary reconstruction. Our update propagation mechanism, on the other hand,
improves throughput by 1.8X compared to Multiple-Instance, and comes within 9.2% of Ideal.
The improvement comes from (1) significantly reducing data movement by offloading update
propagation process to PIM, (2) freeing up CPUs from performing update propagation by using a
specialized hardware accelerator, and (3) tuning both hardware and software. In all, our mechanism
reduces the latency of update propagation by 1.9X compared to Multiple-Instance (not shown). We
conclude that our update propagation mechanism provides data freshness (i.e., low update latency)

while maintaining high transactional throughput (i.e., performance isolation).
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7.8.3. Consistency Mechanism

Figure 7.9 (left) shows the analytical throughput of Polynesia’s consistency mechanism and of
Single-Instance-MVCC (MVCC), normalized to a single-instance baseline with zero cost for MVCC
(Zero-Cost-MVCC) for each query count. We assume each analytical worker thread executes 128
queries, and we vary the transactional query count per worker thread. For a fair comparison, we
implement our consistency mechanism in a single-instance system. We find that MVCC degrades
analytical throughput, on average, by 37.0% compared to Ideal-MVCC, as it forces each analytical
query to traverse a lengthy version chain and perform expensive timestamp comparisons to locate the
most recent version. Our consistency mechanism, on the other hand, improves analytical throughput
by 1.4X compared to MVCC, and comes within 11.7% of Ideal-MVCC, because it does not force

analytical queries to scan lengthy version chains when accessing each tuple.
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Figure 7.9. Effect of consistency mechanisms on analytical (left) and transactional (right) through-
put.

Figure 7.9 (right) shows the transactional throughput for Polynesia’s consistency mechanism and
Single-Instance-Snapshot (Snapshot), normalized for each workload count to a single-instance base-
line with zero-cost snapshotting (Ideal-Snapshot). Each worker thread performs 1M transactional
queries, and we vary the number of analytical queries. We find that Snapshot reduces transactional
throughput, on average, by 59% compared to Ideal-Snapshot. This is because of expensive memcpy
operations needed to create each snapshot, resulting in significant resource contention Polynesia’s
mechanism improves transactional throughput by 2.2X over Snapshot, and comes within 6.1% of
Ideal-Snapshot, because it performs snapshottingsnapshots at a column granularity and leverages

PIM to performfor fast snapshotting.
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We conclude that our consistency mechanism maintains consistency without compromising

performance isolation.

7.8.4. Analytical Engine

We study the effect of each of our data placement strategies from Section 7.6.1: Strategy 1
(Local), Strategy 2 (Remote), our Hybrid strategy, where all use the basic scheduler heuristic.
We also study our hybrid strategy combined with our improved scheduler heuristic (labeled as

Hybrid+sched). For these studies, we send all analytical queries to the same column.
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Figure 7.10. Normalized analytical throughput (left) and update application latency (right) across
different data placement and task scheduling strategies.Effect of data placement/scheduling on
throughput (left) and update application latency (right).

Figure 7.10 (left) shows the analytical throughput, normalized to the CPU-only baseline for
each analytic workload count, where one core services all queries to the same column. We find that
Local reduces throughput by 23.9% on average over CPU-only, because in Local, each analytical
query can only use (1) the PIM cores in the local vault, which cannot issue many memory requests
concurrently, and (2) a single vault’s bandwidth. In contrast, CPU-only leverages the out-of-order
cores to issue many memory requests in parallel. Remote improves throughput by 4.1X/3.1X
over Local/CPU-only. This is because under Remote, each column is partitioned across all of the
vaults, allowing us to service each query using (1) all of the PIM cores, and (2) the entire internal
bandwidth of the memory. However, Remote increases the update application latency, on average,
by 45.8% (Figure 7.10 (right)), and thus, degrades data freshness. This is because of the high update
application costs that we discuss in Section 7.6.1, which Local does not incur.

We find that Hybrid addresses the shortcomings of Local, improving throughput by 57.2% over
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CPU-only, while having a similar update application latency (0.7ms). This is because the local
dictionary copies eliminate most of the remote accesses. However, the throughput under Hybrid is
49.8% lower than Remote, because each query is serviced only using resources (bandwidth and
computation) available in the local vault group. Hybrid-sched overcomes this limitation thanks to
task stealing, making idle resources in remote vaults available for analytical queries, and comes
within 3.2% of Remote, while maintaining the same update application latency as Hybrid. Note that
Remote’s slightly higher throughput than Hybrid-sched is because in Hybrid-sched, every memory

access for a task stolen from another vault group is remote.

Comparison to Mondrian. We evaluate the performance benefit of Polynesia’s analytical engine
over Mondrian [77]. Our analysis shows that Polynesia’s analytical engine performs on average
63.2% better than Mondrian in terms of analytical throughput. The reason is that Mondrian
accelerates only physical operators. Our scheduling policy and data placement enables us to
efficiently execute analytical queries and achieve higher analytical throughput than Mondrian.
Note that simply extending the Mondrian engine (or any prior PIM-based proposal for analytical
workload) to support transactional workload does not address the key HTAP challenges, as we still

need to provide data propagation and consistency mechanisms.

7.8.5. Multiple Memory Stacks

Figure 7.11 (left) shows how Polynesia performs as the dataset size grows. To accommodate
the larger data, we increase the number of HMC stacks, doubling the data set size as we double
the stack count. In these studies, we use a workload with 32M transactional and 60K analytical
queries, and analyze analytical throughput normalized to Multiple-Instance (MI) as a case study.
We assume stacks are connected together using a processor-centric topology [43]. To provide a fair
comparison, we double the number of cores available to the analytical threads in the MI baseline as
we double the number of stacks, to compensate for the doubling of hardware resources available to
Polynesia (since there are twice as many vaults). We find that Polynesia significantly outperforms
MI (up to 3.0X) and scales well as we increase the stack count. This is because, as we increase stack

count, columns can be distributed more evenly across vault groups, which reduces the probability of
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multiple queries colliding in the same vault group. On the other hand, with increasing dataset size,
the overheads of consistency mechanism, update propagation and analytical query execution are all
higher for MI, which hurts its scalability. The transactional throughput (not shown) decreases by

54.4% at four stacks for MI, compared to one stack, but decreases by only 8.8% for Polynesia.

7.8.6. Energy Analysis

Figure 7.11 (right) shows the total system energy across different HTAP DBMSs. We find that
MI+SW performs better than SI-MVCC and SI-SS in terms of energy consumption, but still uses a
large amount of energy due to a large number of accesses to off-chip memory, large caches, and
using power-hungry CPU cores. These challenges cannot be solved by providing high bandwidth to
CPU cores. Polynesia eliminates a significant amount of off-chip accesses, and uses custom logic

and simple in-order PIM cores, reducing its energy consumption by 48% over MI+SW.

7.9. Summary

We propose Mensa, a novel HTAP system that makes use of multiple workload-
optimizedworkload-optimized transactional and analytical islands to enable real-time analytics
without sacrificing throughput. In Mensa, transactional islands make use of conventional transac-
tional database engines running on multicore CPUs, while analytical islands make use of custom
co-designed algorithms and hardware that are placed inside memory. Our analytical islands are
designed to alleviate the data movement and workload interference costs incurred in state-of-the-art

HTAP systems, while still ensuring that data replicas for analytics workloads are kept up-to-date
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with the most recent version of the transactional data replicas. Mensa outperforms three state-of-
the-art HTAP systems (with a 1.7X/3.7X higher transactional/analytical throughput on average),

while consuming less energy (48% lower than the best).
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Chapter 8

Conclusion

8.1. Summary of the Dissertation

Many modern and emerging applications (e.g., deep learning, data analytics, machine learning,
IoT) must process increasingly large volumes of data. Unfortunately, for these modern and emerging
applications, the large amounts of data that need to move across the memory channel create a
large data movement bottleneck in the computing system. One potential solution to mitigate
this bottleneck is PIM, where we avoid or reduce unnecessary data movement by executing the
data-movement-heavy portions of our applications close to the data. While PIM can allow many
data-intensive applications to avoid moving data from memory to the CPU, there are many practical
system-level challenges that need to be solved to enable the widespread adoption of PIM. Our goal
in this thesis is to make PIM effective and practical in conventional computing systems. Toward
this end, we propose a series of practical mechanisms to facilitate the systematic offloading of
computation to PIM logic and reduce processor—-memory data movement in modern workloads.

First, we analyze several widely-used Google consumer workloads to examine the suitability of
PIM across key workloads in Chapter 4. We find that data movement contributes to a significant
portion (62.7%) of their total energy consumption. Our analysis reveals that the majority of this
data movement comes from a number of simple functions and primitives that are good candidates to
be executed on low-power processing-in-memory (PIM) logic. We then comprehensively study the

energy and performance benefit of PIM to address the data movement cost on Google consumer
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workloads. Our evaluation shows that offloading simple functions from these consumer workloads
to PIM logic, consisting of either simple cores or specialized accelerators, reduces system energy
consumption by 55.4% and execution time by 54.2%, on average across all of our workloads.

Second, in Chapter 5, we address the coherence challenge for PIM/NDAs, which is one of
the major system challenges for adopting PIM in computing systems. We extensively analyze
NDA applications and existing coherence mechanisms, and observe that (1) a majority of off-
chip coherence traffic is unnecessary, and (2) a significant portion of off-chip data movement can
be eliminated if a coherence mechanism has insight into NDA memory accesses. Based on our
observations, we propose CoNDA, a coherence mechanism that lets an NDA optimistically execute
code assuming that it has coherence permissions. Optimistic execution enables CoNDA to gather
information on memory accesses, and exploit the information to minimize unnecessary off-chip
data movement for coherence. Our results show that CoNDA improves performance and reduces
energy consumption compared to existing coherence mechanisms, and comes close to the energy
and performance of a no-cost ideal coherence mechanism.

Third, in Chapter 6, we propose a hardware—software co-design approach aware of PIM for
mobile machine learning applications to enable energy-efficient and high-performance inference
execution. We conduct the first bottleneck analysis of the Google Edge TPU, a state-of-the-art
ML inference accelerator, as it executes 24 state-of-the-art Google edge NN models. Our analysis
reveals that the Edge TPU’s monolithic design leads to significant underutilization and poor energy
efficiency for our edge NN models, which exhibit significant layer variation. We propose a new
framework called Mensa, consisting of multiple small heterogeneous accelerators, each specialized
to specific layer characteristics. Using our discovery that layers group into a small number of
clusters, we create a Mensa design for the Google edge NN models consisting of three accelerators.
Compared to the Edge TPU and to a state-of-the-art reconfigurable ML accelerator, our design
improves energy efficiency by 3.0x/2.4x and throughput by 3.1x/4.3x for our edge NN models.

Finally, we study another emergying and modern application (HTAP systems) in Chapter 7 and
propose a new hardware—software cooperative design for HTAP databases aware of PIM capability.

We propose Polynesia, a novel HTAP system that makes use of workload-optimized transactional
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and analytical islands to enable real-time analytics without sacrificing throughput. In Polynesia,
transactional islands make use of conventional transactional database engines running on multicore
CPUs, while analytical islands make use of custom co-designed algorithms and hardware that are
placed inside memory. Our analytical islands are designed to alleviate the data movement and
workload interference costs incurred in state-of-the-art HTAP systems, while still ensuring that data
replicas for analytics workloads are kept up-to-date with the most recent version of the transactional
data replicas. Polynesia outperforms three state-of-the-art HTAP systems (with a 1.7x/3.7x higher
transactional/analytical throughput on average), while consuming less energy (48% lower than the
best).

We conclude that the mechanisms proposed by this dissertation provide promising solutions to

make PIM more effective and practical in computing systems.

8.2. Future Directions

The ideas and approaches proposed in this dissertation can potentially enables several future
research directions. In this section, we discuss various directions that can be taken to address other

challenges of PIM adoption in contemporary systems.

8.2.1. Extending Our Google Workload Analysis to Other Key Consumer Workloads

In Chapter 4, we analyze several widely-used Google consumer workloads to examine the
suitability of PIM across those key workloads. In our analysis, we focus on applications that run on
CPU cores in consumer devices. However, there are other important consumer applications that
do not entirely run on CPU cores. One example is navigation apps such as Google Maps. Another
popular example is 3D game applications. Both of these examples are some of the most widely-used
consumer applications, and they both heavily rely on the GPU to render the scene and paints the
pixels onto the screen. Camera-related applications are another important example of applications
that do not entirely run on CPU cores. Emerging applications, such as 4K video streaming
and recording [391], virtual reality (VR) [228], and augmented reality (AR) [17,55, 146, 247],

increasingly rely on the camera system (i.e., camera sensor, image sensor processing unit) to execute
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tasks. Thus, one future research direction is to extend our analysis to those workloads that rely on

the GPU and the camera system and examine the benefit of PIM for those key workloads.

8.2.2. Extending CoNDA to Non-NDA Systems

Modern systems increasingly employ specialized accelerators to improve the energy efficiency
of computing systems. As we discussed in Chapter 5, despite the significant benefits of accelerators,
system challenges remain one of the main stumbling blocks to the mainstream adoption of special-
ized accelerators. These challenges can be largely mitigated by making the accelerator coherent
with the rest of the system.

Despite the large body of prior works on specialized accelerators, few works attempt to address
the coherence challenge. For example, FUSION [222] employs MESI coherence between on-chip
accelerators and the CPU. However, when a system is equipped with many accelerators (which is
the case for future systems), this fine-grained protocol generates a large number of unnecessary
coherence messages between CPUs and accelerators and could potentially eliminate the majority of
the benefits of employing specialized accelerators. Some other prior works [20,204, 340] attempt to
mitigate coherence overhead between accelerators such as GPU cores. While these proposals can
be potentially applied to coherence problem between CPUs and on-chip accelerators, they are not
readily compatible with existing coherence protocols, and require us to implement the new protocol
across the entire system [340], which is a barrier to adoption.

One key advantage of CoNDA is that it significantly reduces the unnecessary coherence traffic
using optimistic execution. Another key advantage of CoNDA is that it does not require the
modification of existing coherence protocols elsewhere in the system. As a result, given these
properties, we believe that the core idea of CoNDA can be extended to address coherence challenge
between CPUs and on-chip accelerators. Note that CoONDA may not be directly applicable to on-chip
accelerators coherence problem, as CoNDA is designed for CPU-NDA coherence and it is tailored
toward the characteristics of NDA kernels (e.g., poor locality, low compute-intensity) as well as
near-data accelerator features (e.g., simple fixed-function accelerators or small programmable cores

that lack sophisticated ILP techniques). However, we believe that an architectural investigation can
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be done to see how we can extend the core idea of CoNDA to on-chip accelerators.

8.2.3. Exploiting Optimistic Execution in CoNDA for Efficient Scheduling of PIM Kernels
and CPU Threads

As we discussed in Chapter 5, CoNDA uses optimistic execution to observe memory accesses
and to gain insight into what part of the data will be accessed, and this execution model is key
to eliminating coherence requests that are unnecessary. Optimistic execution can also be used to
enable further optimizations for NDA-based systems, such as if a kernel should execute on an NDA
or on the CPU. For example, CoNDA uses signature information during re-execution to further
minimize data movement. CoNDA can use signature information to gain insight about the dirty
cache lines in the processor LLC that will be accessed by PIM kernel during re-execution. Once
conflicts happen, CoNDA can exploit this information to measure the fraction of the working set
that is sitting in the processor LLC and needs to be written back to main memory. If the majority of
the data accessed by the PIM kernel resides in the processor LLC, then offloading the PIM kernel to
the near-data accelerator can generate more data movement due to the coherence traffic (i.e., writing
back dirty data). In such a case, we let the processor thread executes the NDA kernel.

Another example is that CONDA can use signature information to find whether both the PIM
kernel and the processor threads access the same PIM data region concurrently. Those concurrent
accesses, in which at least one of them updates the data, can lead to significant re-execution and
unnecessary data movement for the near-data accelerator. In such a case, CONDA can serialize
accesses from the NDP kernel and the processor threads, as they are both accessing the same PIM
data concurrently. To do so, CoNDA can use signature information to retrieve the set of addresses
the PIM kernel touches during re-execution. It then re-executes the NDP kernel and prevents the

processor threads from accessing those addresses during NDP kernel re-execution.

8.2.4. Extending Polynesia to Support Non-Relational Analytical Execution Engine

In Chapter 7, we focus on designing an instance of Polynesia that supports relational (SQL)
transactional and analytical workloads. However, the term analytics is no longer limited to SQL

analytics. Data is now produced in various formats, such as structured (e.g., records in DBMSs),
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semi-structured (e.g., JSON, XML), unstructured (e.g., text), graphs (e.g., social and interaction
data), images, and videos. The diversity in data formats has given rise to many different types of
analytics workloads (e.g., SQL/relational, graph processing, machine learning). Many emerging
applications require multiple analytics workloads to run on the same data [29, 82,200, 245,304]. For
example, SQL and machine learning analytics are used together to enable diabetes prediction [1,387].
Another example is GRfusion [156], which attempts to perform graph processing and SQL analytics
on top of relational data. A modern HTAP system needs to support both high update rates as
well as the ability to run diverse analytics on the data (e.g., [60,215,296]). One potential future
research direction is to examine how we can use Polynesia framework to support various types
of analytics workloads and what software/hardware co-design techniques we need to efficiently

support real-time analysis for these emergying HTAP systems.

8.2.5. Automating the Cluster Identification in Mensa

As we discussed in Chapter 6, Mensa’s scheduler relies on two pieces of information to generate
a mapping between layers and accelerators: (1) the characteristics of each cluster; and (2) which
hardware accelerator is best suited for each cluster. In our work, we assume that, similar to how
chipset drivers are configured, this information is generated once during the initial setup of a system
and then handed over to the scheduler. However, generating the first piece (i.e., cluster identification)
could be challenging as it involves a comprehensive analysis across all layers from all models. This
is especially challenging (and may lead to sub-optimal cluster formation) because NN algorithms
are evolving rapidly, which has led to a myriad of NN models. As a result, one future research
direction is how we can automate the process of identifying clusters across a wide range of models.
One potential solution to address this challenge is to employ automated Neural Architecture Search
(NAS) [140] methods to identify clusters. NAS methods have recently gained popularity in the deep
learning community to design models, as opposed to conventional approach of hand tuning model

hyperparameters.
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8.2.6. Addressing Security Challenges of PIM

While PIM can help us mitigate data movement costs, it can also expose computing systems to
security vulnerabilities. For example, one potential security issue is memory corruption [26]. Many
proposed PIM architectures [15,43,44,168,321] add new instructions to existing ISAs to execute
PIM kernel computations. At the same time, many PIM architectures [14,43,44,93] assume that PIM
kernels operate only on physical addresses to avoid the overhead of maintaining address translation.
These systems often do not have fine-grain per-page protections [34]. Without proper protection for
these extended ISA, an attacker can write a malicious PIM kernel which uses these extended ISA
to access out-of-the-bound memory addresses and to corrupt memory locations (e.g., tampering
with a DNN model parameters or activations [244]). To make the matter worse, PIM kernels often
operate on a large amount of data and perform bulk operations, exacerbating the memory corruption
issue. Another example of potential security issues is cache side-channel attacks [26, 84]. If the
system maintains coherence between PIM and the CPUs, a malicious PIM kernel can potentially
generate/monitor coherence requests to the LLC and capture timing characteristics of LLC memory
accesses, allowing the attacker to recover information related to computation on the CPU side
(e.g. information related to a DNN model running on the CPU side, encryption keys). Thus, one
important future research direction is to identify the security challenges of PIM and propose system

and architectural solutions to address them.
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Appendix A

Other Works by the Author

In addition to the works presented in this thesis, I have also contributed to several other research
works done in collaboration with fellow graduate students at CMU and ETH. In this section, I
briefly discuss these works.

Gather-Scatter DRAM [322] is a low-cost substrate that enables the memory controller to
efficiently gather or scatter data with different non-unit strided access patterns. Our mechanism
exploits the fact that multiple DRAM chips contribute to each cache line access. GS-DRAM
maps values accessed by different strided patterns to different chips, and uses a per-chip column
translation logic to access data with different patterns using significantly fewer memory accesses
than existing DRAM interfaces. Our framework requires no changes to commodity DRAM chips,
and very few changes to the DRAM module, the memory interface, and the processor architecture.

IMPICA [168] is an in-memory accelerator for performing pointer chasing operations in 3D-
stacked memory. We identify two major challenges in the design of such an in-memory accelerator:
(1) the parallelism challenge and (2) the address translation challenge. We provide new solutions to
these two challenges: (1) address-access decoupling solves the parallelism challenge by decoupling
the address generation from memory accesses in pointer chasing operations and exploiting the idle
time during memory accesses to execute multiple pointer chasing operations in parallel, and (2) the
region-based page table in 3D-stacked memory solves the address translation challenge by tracking

only those limited set of virtual memory regions that are accessed by pointer chasing operations.
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Ambit [321] is a new accelerator that performs bulk bitwise operations within a DRAM chip by
exploiting the analog operation of DRAM. Ambit consists of two components. The first component
uses simultaneous activation of three DRAM rows to perform bulk bitwise AND/OR operations.
The second component uses the inverters present in each sense amplifier to perform bulk bitwise
NOT operations. With these two components, Ambit can perform any bulk bitwise operation
efficiently in DRAM. Ambit is generally applicable to any memory device that uses DRAM (e.g,
3D-stacked DRAM, embedded DRAM).

GenASM [48] is an approximate string matching (ASM) acceleration framework for genome
sequence analysis built upon a modified and enhanced Bitap algorithm [32]. GenASM performs
bitvector-based ASM, which can accelerate multiple steps of genome sequence analysis. We
co-design our highly parallel, scalable and memory-efficient algorithms with low-power and area-
efficient hardware accelerators. We show that GenASM can accelerate several different use cases of
ASM in genome sequence analysis for both short and long reads: read alignment, pre-alignment
filtering, and edit distance calculation.

In collaboration with Geraldo Oliveira, we comprehensively evaluate the performance impli-
cations of leveraging novel 3D-based NVM devices in consumer devices [284]. We compare the
average and 99th-percentile latencies of a system equipped with a 16 GB Intel Optane SSD as
the primary swap device to a baseline system with twice the DRAM size. We observe that by
enabling an NVM-based swap space, we can obtain performance benefits for an interactive workload
(Google Chrome). To reduce the impact of 1/0 activity in the system, we propose several system

optimizations based on key characteristics of our workload.
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