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Research Questions

Q1. Poor Maintainability Q2. Lost opportunity for layout optimization.

The total number of lines of code to implement the MklAvgPoolingOp is about 588.
class MklAvgPoolingDp {
concat
convolve 1x1 convolve 1x1

vold ComputefOpkernelContext® ctx) {
Tensor input = ctx-rinput(e);
Mk 1DnnShape shape;
/! Resolve the second input tensor to MklDnnShape and perform an
S integrity check en the input tensor, which takes about 48 lines of code.
ResolveandCheckIntegrity(input, shape, ctx);

4 Extracts dimension information and attributes of AvgPool operator, which
Jf takes wp 198 lines.

PoolParameters pool_parass;

ExtractPoolParameters(ctx, &pool params, input, shape);

/¢ Infer output tensor shape, which takes up 38 lines.
memory: dims output_dims_mkl_order;
InferDutShape(pool_params, Routput_dims_mkl_order);

/! The attributes and dimension information of operators are represented

e i SIATer siie Steidiey paddine Here, pbding PEKE: Fig.2. Layout conversion is done by operators, because the layout
PoolParamsToAttributes(&pool_params, &filter_dims, &strides,

of the application can only be determined at runtime.

Gpadding_left, &padding_right, is_pool2d);
memory::dims src_dims = shape.IsMklTensor() ? shape.GetSizesasMklDims()

: TFShapeToMklDnnDimsInNCHW( input , tf_forsat);
memory: idesc input_md = shape.IsMklTensor() ? shape.GetMklLayout() '

: memory:idesc(sre_dims, tf_format, ..);

ff Takes wp 18 lines, Omit other parameters. . . . og e

MklPoolingParans fwdParans(src_dims, output_dims skl order, filter dims, _.); LOSt |ay0ut Optlmlzatlon Opportunltles, SUCh aS

MklPoolingFwdPrimitive® pooling fwd = .. .
Mk1PoolingFwdPrimitiveFactory: :Get(fwdParams); redundant Iayout tra nS|t|on operatlons. °

ff allocate output tensor, which takes up 98 lines.

AllocateQutputTensor{d, out_tf _shape, output_tensor);
AllocateMklShapeTensor(l, out_mkl_shape, shape_tensor);

/¢ Perform data converslon operations, occupylng 7@ limes.

if {input_md.format != pooling_fwd-»GetSrcMemoryFormt()) {
CheckReorderToOpMem(input_md, reguired_layout);
} T
gl oEmcita(Erc, data, OMpAT. tnSCr); = Library have layout conventions, while applications
} « L.
¥ have no restrictions on layout, so a lot of layout-

Fig.1. Layout-aware programming for AvgPool in TensorFlow (with the related code needs to be developed.

layout-dependent lines shown in red).




Insights & Solution
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Insights
The total number of lines of code to implement the MklAvgPoolinglp is about 508. The total number of lines of code for the AvgPoolOp class and the mkldnnAvgPoolInvoker
class MklAvgPoolingDp { function is 14e@.
void Compute(OpKernelContext* ctx) { class AvgPoolOp {
Tensor input = ctx->input(@); void Compute(OpKernelContext* ctx) {
M Shans. H
= = = m—— VTensor input = context->input(@);
44 Rasolve the sacond dnput tensor to MclDanshape and parform an o cas Virtual Tensor // Extracting parameters required by the AvgPool operator, which takes about 56 lines.
t tensor, which takes abou ines of code. VPoolParameters param;
» Shape, ctx); The closer to the application, ExtractPoolParametersFromvTensor(ctx, &param, input);
J Eract { s infa {e " £ AL 2l BBERATHR // Infer output tensor shape, which takes up 20 lines.
// Extracts di information and attributes of AvgPool operator, which . .
11 takes up 5. ) ‘ - the developer is using the InferOutshape(&paran) ;
PoolParame! parans; . .
ExtractPoolParameters(ctx, &pool_params, input, shape); | mathematical semantics of
11 Tnfer output ter tensors.
nemory: :dims output T
nferOutshape (pool void "

// The attributes and dimension information of cperators are represented ameter iDin ( ( , put

MKL-DNN dat ‘ulfull', which takes u;lw 78 lines. DynamIC ,.r .7

¥
mory: :dims i1 es, paddin eft, padding

PoolParamsToAttrit &pool_params, &Filter_dims, &strides, woker® 1nvo voken dict.setInvokerdn kv
&padding left, &padding right, is pool2d); RESOIVer if (invoker invoker(ctx, input, output, pa return
memory: :d1ms Src_dIms = shape.lSMKITensor() ! shape.GetsizesAsMKIDIES() o !
: TFShapeToMk1DanDimsInNCHW(input, tf_fo
memory: :desc input_md = shape.IsMklTensor() ? shape.GetMklLayout()

: memory: :desc(src_dims, tf_format, .);

H
REGISTER(CPUDevice, “AvgPool”, mkldnnAvgPoolInvoker)
void mkldnnAvgPoelInvoker(OpKernelContext® ctx, vecter<VTenser> input,

/f Takes up 1@ lines, Omit other parameters.
4 . pe vector<VTensor*> output, Parameters*® param) {

MklPoolingParams fwdParams(src_dims, output_dims_mkl_order, filter_ dims, .);

Mk1PoolingFwdPrimitive* pooling fwd = Physical Tensor
MklPoolingFwdPrimitiveFactory: :Get(fwdParams);

// allocate output tensor, which takes up 9@ lines. i

AllocateOutputTensor(®, out_tf_shape, output_tensor); ThE ClOSEI’tO thE llbrarvl thE

AllocateMklShapeTensor(1l, out_mkl_shape, shape_tensor); developer iS using the physical

// perform data conversion operations, occupying 7@ '—J‘\“-"*"' semantics of tensors. // Converts information such as attributes and dimensions into data structures

if (input_md.format = pooling_fwd->GetSrcMemoryFormt()) { // acceptable to the MKL-DNN library, which takes up 48 lines.

§ CheckReorderToOpMem(input_nd, required_la t); MklPoolingParams fwdParams;

4 N ConstructMklPoolParams(param, fwdParams, in_desc, out_desc);

// execute pooling

pooling_fwd->Execute(src_data, output_tensor); Mk1PoolingFudprimitive® pooling fud
)_} = MklPoolingFwdPrimitiveFactory: :Get (fwdParams);
i pooling_fwd->Execute(in_p->data(), out_p->data());

Fig.1. Layout-aware programming for AvgPool in TensorFlow (with the Fig.3. Lay}bdt;oblividﬁé programm-ing_fo-r AvgbobTin VTensor (blue lines
layout-dependent lines shown in red). are auto-generated, orange lines are VTensor API calls).



esigh and Experimentation

transform transform

Experimental results:

(a) Extended Data Flow Graph (b) Optimized Data Flow Graph ¢ VTe n SO r Ca n re d u Ce th e LOC
REGISTER( vice: -"CPU"; oper‘etlon ) "AVGPoollng , llbraryInvokcr) Of Writi ng a neW ope ration by

void libraryInvoker(vector<VTensor> in,
vector<vTensor*> out,

int n = in.size("N"); Parameters* param){ 47 82(y

== // omit other dimenSJ‘lm‘ws ) PTensor* in_p = new PTensor(in[@]); LD L . 0 On ave rage.
out = new Viensor({{'N', n},...}); PTensor* out_p = new PTensor(out[8]);
Dispatcher({in}, {out}, param); -

) P tsesiderine(-NLINN i) * VTensor improve the overall

Code Generator

VTensor Runtime

>
void Compute(OpKernelContext* ctx){
in = ctx->input(@);

WK

VTensor Programming Framework

Library MKLDNN{ 4. in_p—>requir‘e§p_layout);
. oy M s ity 5. if (libTagger("MKLDNN", in_p, out_p)) (o)
name: “MKLDNN”, priority: 2, e h m 18 65 /
Library layout_mapper: mapToMKLDesc 6. return; per Or a nce y . 0’ On
Description transformer: CheckReorderToOpMem, 7. src_desc = Framework API
operation AVGPooling{ ptensor->getLibraryDesc("MKLDNN");
guideline: func mklDnnAvgProposer(), 8. constr‘uc‘thlPoolParams(fdear‘ams src_desc); ave rage.
al Library Call

}, Omit the guideline settings of

other operators. } 9. poclln&fwd >Execute(m p->data, out_p->data); }

Fig.4. The VTensor framework overview.
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Fig.5. Comparison of LOC when writing an operator using Fig.6. Inference latency of TensorFlow/VTensor on CPU platform.

VTensor/TensorFlow framework.



Conclusions

The library has a convention on the layout but the application has
no restrictions, resulting in the following problems:

— Poor Maintainability
— Lost opportunity for layout optimization.

Insight: The application layer uses the mathematical semantics of
tensors, while the library uses the physical semantics of tensors.

— Use the idea of polymorphism

Contribution
— Propose a new programming abstraction that decouples operator developers from
tensor layouts.
— Propose a new layout parsing mechanism for automatically mapping virtual
tensors to physical tensors.

— Taking advantage of the fact that VTensor layout resolution happens at runtime,
uncovers new opportunities for layout optimization.



Conclusions

* Experimental results
— VTensor can reduce the LOC of writing a new operation by 47.82% on average.

— VTensor improve the overall performance by 18.65%, on average.

* Future work
— Modify the layout optimization algorithm with the goal of minimizing layout
transition time.

— Abstracts the layout of sparse tensors and integrates the VTensor idea into the
compiler as an intermediate representation.
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