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Abstract

Optimizing Neural networks is a difficult task which is still not well understood. On the other
hand, fixed representation methods such as kernels and random features have provable optimization
guarantees but inferior performance due to their inherent inability to learn the representations. In
this paper, we aim at bridging this gap by presenting a novel architecture called RedEx (Reduced
Expander Extractor) that is as expressive as neural networks and can also be trained in a layer-wise
fashion via a convex program with semi-definite constraints and optimization guarantees. We also
show that RedEx provably surpasses fixed representation methods, in the sense that it can efficiently
learn a family of target functions which fixed representation methods cannot.

1. Introduction

Neural networks have demonstrated unparalleled performance in various tasks, including Computer
Vision and Natural Language Processing (NLP). However, training them remains a challenging
task that is not yet fully understood. On the theoretical side, the optimization landscape of neu-
ral networks is highly non-convex, characterized by numerous spurious local minima (Safran and
Shamir, 2018; Yun et al., 2018) and are often also non-smooth. Consequently, proving optimiza-
tion results for non-convex and non-smooth functions is generally deemed unfeasible Kornowski
and Shamir (2021). On the practical side, the optimization process for neural networks primarily
employs gradient-based methods like Stochastic Gradient Descent (SGD) or ADAM Kingma and
Ba (2014), necessitating a meticulous search for hyperparameters. This process often relies on trial
and error rather than being firmly grounded in theory.

On the contrary, fixed representation methods, such as kernels and random features, can be ef-
ficiently learned with provable guarantees using convex optimization techniques. However, recent
research has highlighted a limitation: as they do not learn a representation, these methods are in-
herently less powerful than neural networks. There are learning scenarios where neural networks
demonstrate efficient learning, while fixed representation methods falter (e.g. Yehudai and Shamir
(2019); Kamath et al. (2020); Malach et al. (2021b); Ghorbani et al. (2019); Daniely and Malach
(2020)). Different approaches that do facilitate efficient and provable representation learning of-
ten rely on overly simplistic models (e.g. Yehudai and Shamir (2020); Vardi et al. (2021); Bietti
et al. (2022)) or necessitate stringent assumptions about the data and employ specialized algorithms
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tailored to specific learning contexts (e.g. Ge et al. (2017); Allen-Zhu and Li (2020); Abbe et al.
(2021)).

A natural question that arises is whether there exists a model-class which benefits from the best
of all worlds”, namely:

Is there a model class that can be learned efficiently without making assumptions about
the input distribution, matches the expressiveness of neural networks, and is capable of
learning meaningful representations rather than relying on fixed ones?

In this paper, we provide an affirmative answer to this question by introducing the Reduced
Extractor Expander (RedEx) architecture. We demonstrate that RedEx is as expressive as neu-
ral networks and can be learned using a convex program without any assumptions on the input
data. Moreover, we establish that RedEx learns non-trivial representations, as evidenced by a novel
learning problem we introduce that RedEx can efficiently learn, while fixed representation methods
cannot. In more details, our main contributions are:

1. We introduce the RedEx architecture and show that it can efficiently express any Boolean
circuit (Thm. 2).

2. We present an efficient polynomial-time algorithm for training RedEx, based on convex
Semidefinite Programming (SDP) (Thm. 3 and Algorithm 2).

3. We introduce a learning problem, based on a variation of the sparse-parity task which RedEx
can learn efficiently, while any fixed-representation methods cannot (Thm. 7 and Thm. 8).

Furthermore, we demonstrate that if the output is one-dimensional, RedEx can be trained using
standard gradient-based methods like gradient descent, without the need for SDP. Finally we extend
the RedEx architecture to the convolutional setting.

1.1. Related Works

Fixed representation methods and NTK. Fixed representation methods are models which can
be viewed as a feature mapping which is non-linear and fixed followed by a learned linear mapping.
This includes kernel methods, random features (Rahimi and Recht, 2007), and others. In recent
years, neural networks under certain assumptions were analyzed in the so called “kernel regime”
(Woodworth et al., 2020). In this approach, it is assumed that the training takes place near the
initial weights. This allows to analyse neural networks as if it is a fixed representation method. This
approach was popularized through the Neural Tangent Kernel (NTK) model (Jacot et al., 2018).
Many similar works have shown positive results where neural networks can provably learn under
different assumptions, e.g. Daniely (2020); Andoni et al. (2014); Du et al. (2017); Daniely (2017);
Allen-Zhu et al. (2019); Li and Liang (2018); Cao and Gu (2019).

Limitations of fixed representation methods. Several works in recent years have focused on the
limitations of fixed representation methods, NTK and learning under the “’kernel regime”. Yehudai
and Shamir (2019) and Kamath et al. (2020) have shown that fixed representation methods cannot
learn even a single ReLU neuron under Gaussian distribution, unless the number of features is
exponential in the input dimension. On the other hand, neural networks were shown to be able to
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efficiently learn single neurons (Yehudai and Shamir, 2020; Vardi et al., 2021). Several other works
have shown that under certain distributional assumptions fixed representation methods cannot learn
parity functions while neural networks can (see e.g. Malach et al. (2021b); Daniely and Malach
(2020); Malach et al. (2021a)). Finally, Ghorbani et al. (2019, 2021) have shown that the NTK and
random features methods can essentially learn efficiently only low degree polynomials.

Provable optimization beyond fixed representations. Several works consider model-classes
which go beyond fixed representations, but can be efficiently and provably learned. These works
usually consider either overly-simplistic models, or have strong assumptions on the input data.
Yehudai and Shamir (2020); Vardi et al. (2021); Bietti et al. (2022); Bruna et al. (2023); Frei et al.
(2020) consider learning single neurons or single index neurons with provable optimization guaran-
tees. However these models are overly-simplistic and have very limited expressiveness. Abbe et al.
(2021); Allen-Zhu and Li (2020) consider a certain hierarchical model resembling RedEx and show
a family of functions that these models can learn. However the guarantees are for a specific family
of input distributions, with a training algorithm that is tailored for these specific learning problems.
Ge et al. (2017); Tian (2017) consider learning a one-hidden layer neural network with gradient
descent for Gaussian inputs using a specific analytic formula relying on the distribution of the data.
Our model also share similarity to phase retrieval methods (e.g. Candes et al. (2013, 2015)), al-
though these works mostly consider Gaussian data or data distributed uniformly on a sphere.

Livni et al. (2014) consider the problem of learning a one-hidden layer network with square
activation under trace norm constraints. They prove learnability using a reduction to a convex
program relying on the GECO algorithm (Shalev-Shwartz et al., 2011). Our work is similar to that in
nature, however we provide several extensions: (1) A separation result between fixed representation
methods and RedEx, which do not appear in Livni et al. (2014); (2) Extensions to multivariate
output and a convolutional structure, which is not possible using the convex reduction in Livni et al.
(2014); and (3) A multilayer version of RedEx which enables to express any Boolean circuit, and
thus match the expressive power of neural networks.

2. Notations and Settings

We denote vectors in bold-face: x. We will assume the input space is R?. The output space will be
denoted ). We will consider algorithms that learn functions from R? to R¥ and are evaluated by a
convex loss function ¢ : R* x ) — [0, 00). Given a distribution D on R? x ) and h : R — R*
we denote Ip(h) = E( 4)~pl(h(x),y). Likewise, for a dataset S = {(x1,%1), - - -, (Xm, ym)} we
denote £g(h) = % Yo O(h(xq), Yi)-

T € R%9 the outer product. For a vector, x € R?

we will use [|x|| = />, 22 to denote the Euclidean norm. Given I C [d] we denote x(I) =

> _ic Ti- For amatrix A, we will use [[Allg = />, Agj to denote the Frobenius norm, ||A||s, =

max|x|1 || Ax| to denote the spectral norm, and || A1, to denote the trace norm which is the sum
of A’s singular values. For a diagonal matrix D we denote by |D| the diagonal matrix whose i-th
diagonal coordinate is equal to |D; ;|. If D is also Positive Semi-Definite (PSD) we define by VD
the matrix whose i-th diagonal coordinate is equal to /D; ;. We will use A to denote a tuple of

matrices A = (Ay,...,A;) € (Rdxn)k. We will let [|A|Z2 = Zle |A;]|2. For B € Rm*d

For x € R? we denote by x®2 := xx
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and C' € R™™ we denote BA = (BAy,...,BA;) and AC = (A1C, ..., AC). We denote by
Bj‘\l/[ C R? the Euclidean ball of radius M centered at 0.

For a symmetric matrix A € R?*? we say that A = U " DU is a compact orthogonal diago-
nalization if U € R¥*4 is a matrix with ' < d orthonormal rows and D € R?*? is a diagonal
matrix with non-zero diagonal entries, or the 0 matrix in R'*!. Note that any symmetric matrix
has a compact orthogonal diagonalization. For a linear subspace V' C R™, we denote by Py the
projection on V' and say that A is V-supported if A = PJ APy.

For an embedding ¥ : X — R™ we denote by Hg the space of all function for which there
is v. € R" such that Yx € X, h(x) = (v,¥(x)). We also define a norm on Hy by ||h|w =
min{||v| : Vx € X, h(x) = (v, U(x))}. We note that || - || turn Hyg into a Hilbert space. We also
define ky (x,y) = (¥(x), ¥(y)). For two matrices A, B € R™ ™ we define (A, B) := Tr(B" A).

3. Reduced Extractor-Expanders (RedEx)

In this section we present the main architecture that we analyse throughout the paper. This ar-
chitecture is aimed at being analogous to 2-layer neural networks with a quadratic activation. Its
base component consists of two layers: The first layer “extracts” the most informative directions of
the data using a matrix with orthogonal rows, and bounded Frobenius norm, and then “expands” it
quadratically by increasing the dimension. The second layer is a linear transformation with bounded
norm over the extracted features.

Definition 1 (RedEx - Reduced Extractor-Expander) A function A : R — R” is called a Re-
dEx (Reduced Expander Extractor) of width M if it is of the form: A = VU p o Uy where:

1. The function Uy : RY — R >4 js of the form:
Ty (x) = (Vx)¥?

for V€ R¥>*4 with ' < d, orthogonal rows, and |V |2 < M. We call the matrix V
extractor.

2. The function U p : R x4y RE g of the form:
Up(X) = (P, X),.... (P X))
for P, € RY*4 with ||Pj||s, < 1.
The function Uy is called an extractor-expander.

To have some intuition, the width of an extractor V' can be thought of as a continuous surrogate
to the number of orthogonal directions V' extracts. Indeed, in order to extract d’ orthogonal dimen-
sions defined by unit vectors eq, . .., ey we can use the extractor V' € R% %4 whose i’th row is eiT.
In this case, the width of V' is d’. Definition 1 generalizes such extractor matrices, and allows to give
larger weights to directions which are “more important”. The width M controls the expressivity of
the architecture. Allowing large width will result with more functions that can be expressed, but on
the other hand will require more examples to learn them. Alternatively, small width will result with
a less expressive class of function, but with better generalization capabilities.
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Given a data set (x1,¥1), ... (Xm,ym) € R? x R¥ our algorithm will seek a RedEx ¥ p o Wy,
that minimizes the loss subject to a width constraint. We will also allow for an additional small
regularization term, that will be used to guarantee generalization. Specifically, given a loss function
¢, and for the regularization function

k
R(P,V)= VTV + D IVIPV]} 0]
=1

our algorithm will minimize: ¢5(¥ p o Wy ) + AR(P, V), subject to the constraint that the width of
V' is at most M. We will later explain how this can be done in polynomial time, and will provide
guaranties on its performance. We first extend the above architecture to multi-layer RedEx in the
same manner that a 2-layer neural network is extended to multi-layer. The basic idea is to use several
extractor-expanders Wy« in a sequential manner, and at the last layer use a linear transformation
U p. As with the basic depth-two RedEx architecture, the width of the extractors V'* will control the
complexity of the functions computed by the architecture, and will be used to trade-off expressive
power and sample complexity.

There are two issues that arise when doing such a generalization: (1) The representation dimen-
sion grows exponentially with the number of layers. This is because the function ¥y (x) = (Vx)®?
expands the dimension quadratically. (2) Training all the layers simultaneously is computationally
hard (as we show later, poly-sized deep RedEx architectures can express any poly-sized Boolean
circuit, which implies that they are hard to learn Kearns and Valiant (1994)), whereas one of our
main goals is to obtain provable guarantees for the optimization process.

To deal with the first issue, we allow extractors whose output dimension is at most the number
of examples m. This limits the representation dimension to m?. This is a convenient way to deal
with this issue theoretically, however in practice alternative approaches might be favourable. For
instance, we can simply delete all the rows in the extractors V' whose norm is < e for some tunable
parameter €. For a sufficiently small ¢, this will not alter the solution by much. We note that the
number of rows with norm that is larger than € is at most the width of the extractor, divided by
€2. Tt is also possible to use the kernel trick. Lastly, a more practically oriented way, is to apply a
dimension reduction method, such as PCA, after every extractor-expander layer.

To address the second issue, instead of training all the layers simultaneously, we train them
sequentially. This is analogous to layer-wise training in neural networks Bengio et al. (2006). The
idea is that for ¢-th layer, we find functions Wy« and W p¢ which minimizes the target loss. Af-
ter training is finished we only keep the representation function Wy:, while discarding the linear
transformations. The input for the next layer ¢ + 1 is the output of the extractor-expander Wy, ¢.

Another small issue that arises for extractor-expanders is that they only allow to compute degree-
2 polynomials which are even (i.e. satisfy p(x) = p(—x)). More generally, multi-layer RedEx
would only allow to compute even high degree polynomials. This issue can be easily fixed by
adding an extra fixed coordinate to the inputs. We summarize all the above in Algorithm 1.

The heart of the above algorithm is to minimize Eq. (2) in step 5. On one hand, it can be done
using standard gradient methods such as GD or SGD. The problem with this approach is that the
function being optimized is not convex, even without the norm and orthogonality constraints. Thus,
it is not clear that it converges to a global optimum. In the next section we provide an efficient
algorithm for finding this optimum, thus providing an efficient and provable algorithm for layer-
wise learning of multi-layer RedEx.
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Algorithm 1 Training multi-layer RedEx

1: Parameters: Aloss/: R¥ x) — [0, 00), number of layers L, width parameters My, ..., M,
regularization parameters Aq, ..., Ay, and constant parametr c.
2: Input: A dataset (x1,¥1), ... (Xm, Ym) € R x ).

c c
3: Define x{ = <x1> e, X0 = <Xm> anddy :=d+ 1
4: for t=1,...,L do
s Find V! and P! = (Pf yenn ,P};) that minimizes:

m

D (WpoWye(xih),ui) + AR(PLVY) 2)

1
m
i=1

where:

1. WptoWUye(x):= ((Pf,(Vix)®2), ... (P, (Vix)®?)).

2. V'has n; < m orthogonal rows. Each row is a vector in R%-1, and ||[V||% < M,
3. Foreach j € [k], P; € R"*" and || Pf|s, < 1.

6:  Define d; = n? and x = Wy (x; 1) for i € [m]. We will view x! as a vector in R%
7: end for
8: Output: Output the hypothesis ¥ pr o Wyp o Wy—10...0 Wy

We emphasize that one caveat of the layer-wise optimization approach is that a global minimizer
for all the layers simultaneously might achieve better performance than a global minimizer for each
layer separately. It can be viewed as a greedy algorithm, where at each step we optimize the current
layer which is locally the best possible step, but it may not be the best step globally (i.e. for all
layers simultaneously). The main advantage of this sequential approach is that it will allow us to use
convex optimization and give provable guarantees for optimizing our model, while also providing
separation between this model and fixed representation methods. Note that there are no layer-wise
training guarantees for neural networks in general.

We now show an expressivity result, namely that the RedEx architecture can approximate any
Boolean circuit with only a quadratic increase of the size of the circuit. This shows that like neural
networks, our architecture can express a very large class of functions — virtually any function of
interest. Indeed, any function that can be computed efficiently has a small circuit that computes it
Vollmer (1999).

Theorem 2 Let B : {0,1}¢ — {0, 1} be a function computed by a Boolean circuit of size T. Then
we can define a RedEx with depth O(T) and intermediate feature dimension at most O(T?) that
computes B.

The proof can be found in Appendix A. Thm. 2 implies that the RedEx architecture is as expressive
as neural networks. This can be seen using the following simple argument: Any neural network
(with inputs in {0, 1}% and output in {0, 1}) can be simulated by a boolean circuit, where the number
of nodes in the circuit is at most polynomial in the number of parameters (see Maass (1997)). Thm. 2
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shows that any Boolean circuit can be simulated by a multilayer RedEx architecture with at most
polynomial blow-up in the size of the circuit. Thus, given a neural network, it can be simulated by
a multilayer RedEx architecture with at most polynomial blow-up in the number of parameters.

4. Efficient and Provable Learnability of RedEx

In this section we present an efficient algorithm for learning a single layer RedEx, and present
generalization guaranties for it. This algorithm can be used to minimize objective Eq. (2), thus
leading to an efficient implementation of algorithm 1.

Our approach is to reduce the problem of minimizing Eq. (2) under the norm and orthogonality
constraints to a convex semi-definite program, which contains PSD constraints. Such a problem can
be solved using convex SDP algorithms in polynomial time.

In order to do so, we present a different parametrization of RedEx functions. Let

Py ={(P,V) : IV} < M and Vi, || P]lsp <1}
A RedEx function of width M is defined by (P, V') € Pjs. Now, let
PM = {(A,R) : Tr(R) < M and Vi, —R < A; < R}

As the following lemma shows, we can alternatively define width M/ RedEx functions via (A, R) €
PM . We then show that under this alternative parameterization of RedEx functions, objective Eq. (2)
becomes convex. Furthermore, we can efficiently convert the alternative parameterization to the
original. These two facts enable us to efficiently implement algorithm 2.

Theorem 3 Let H s be the class of functions of the form:
hv.p(x) = ((P, (VX)¥?) ..., (B, (Vx)¥?))
For (P,V) € Py . Let HM be the class of functions of the form:
REA(x) = (%, A1) ..., (%, Ax))
For (A, R) € PM. We have:
1 Hay = HM,
2. Fix (A, R) € PM. Diagonalize R = U" DU for unitary U and diagonal D and let
V =vDU, P=(VHTA;T

then (P,V) € Py and hyp = h®™A. Furthermore, Tr(R) = |V |? and R(P,V) =
IR + 1Al

The proof can be found in Appendix B. Theorem 3 suggests the following algorithm for training
a single RedEx layer, and to optimize objective Eq. (2) in algorithm 1.
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Algorithm 2 Training 1 -layer RedEx

1: Parameters: Loss £ : R¥ x ) — [0, 00), width parameter M and regularization parameter \
2. Input: A dataset (x1,%1),. .., (Xm, ym) € RT x Y

3: Find symmetric d x d matrices Ay, ..., A, R by solving the semi-definite program:
min iifyi (X?Alxi,...,xiTAkXi> +AM|R|Z + |A3) 3)
mi=
s.t. —-R j Ai j R
R>0
Tr(R) < M 4)

4: Compute an orthogonal diagonalization R = U DU
5: Output V = /DU and P, = (V)T A, VT,

Remark 4 We note that Algorithm 2 can be performed in polynomial time, although we don’t spec-
ify the exact training time for the algorithm. The reason is that there are different convex program
solvers with different pros and cons, and the training time depends on which solver is chosen.
The minimization objective in Eq. (3) is a general strongly convex function under semi-definite con-
straints. It can be solved using general interior point method (Potra and Wright, 2000), the ellipsoid
algorithm (see e.g. Ch.2 in Bubeck et al. (2015)), conic optimization (e.g. Auslender and Teboulle
(2006); Dahl and Andersen (2022)) or any other method which solves convex SDP problems.

Remark 5 We have that rank(R) < m, and hence V' has at most m non-zero rows, that is the
number of “improtant features” is bounded by the size of the dataset. Indeed, let P : R® — R?
be the projection on span{x,...,X,,}, and let (A, R) be an optimal solution to program Eq. (3).
Note that there is a single optimal solution, as program Eq. (3) is strongly convex. It is not hard to
see that the objective value of (PT AP, PT RP) is as good as the objective value of (A, R), this
is because projection on the data samples produces the same class of functions, while it does not
increase both the trace and Frobenius norms. As the optimal solution is unique, we conclude that
R=P'RP.

We next state a generalization result for algorithm 2. The result follows directly from Corollary
13.6 in Shalev-Shwartz and Ben-David (2014), by noticing that the objective is convex with an
appropriate regularization term. To this end, we define

Valp(A, R) = x4 ~ply (xTAx> (5)

and

Valp pr = inf Valp(A, R)
~R=<A;<Rand To(R)<M

Theorem 6 Assume that the dataset is an i.i.d. sample from a distribution D on Bj‘\l41 x Y and that
the loss is L-Lipschitz. Let (A, R) be the output of algorithm 2. Then
M L2

EsValp(A, R) < Valp ar + Ak + 1)M? + v
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Thm. 6 shows a trade-off in generalization capabilities by choosing the parameter M, similar
to the well known bias-variance trade-off. Namely, larger value of M allows for better expressive
power but requires more samples to achieve good generalization capabilities. We note that our

generalization result scales at a rate of O (ﬁ) by choosing an appropriate A. It is an interesting

question whether this rate can be improved to O (1), similarly to what is done in Wang and Lin
(2021), but for non-smooth regularizers.

5. Layerwise RedEx surpasses Kernel Methods

In this section we will provide a learning problem which demonstrates a separation between RedEx
and fixed representation methods. The problem we choose is inspired by Daniely and Malach (2020)
where they show that neural networks can learn the sparse parity function under a certain distribution
which “leaks” the coordinates of the parity. In more details, given an input space {+1}¢, the sparse
parity function on the k coordinates x;,, . . ., X;, is defined as: H§:1 X Since RedEx is learned in
a layer-wise fashion, we consider a slightly different learning problem which better aligns with the
RedEx architecture and still cannot be learned by fixed representation methods.

Namely, we consider the problem of learning the following family of models: The input space

is {£1}¢, the output space is R(I+4/2) for even k = © <(bg11§§((£)2>, and the input distribution is

uniform on {#+1}%. Denote by py, ..., px, the set of orthogonal polynomials w.r.t. the distribution
of Zle X, forii.d. Radamacherr.v. Xi,..., X} € {£1}. These polynomials are called Kravchuk
Polynomials Nikiforov et al. (1991) and are given by the recursion formula

T

po(z) =1, pi(x)= s zpi(x) = /(i +1)(k — i)piy1(z) + ik —i+ Dpi—1(x) (6)

We consider the problem of learning a function of the form

(o) <p (z;> » (z; x) » (z; x> - (z;))

for an unknown set of coordinates Z C [d] with |Z| = k and w.r.t. the square loss /(y,y) =
|l — y||?. Our first result shows that algorithm 1 learns a function with loss of o(1). Note that the
coordinates of hj are polynomials of increasing degree, while its last coordinate is the sparse parity
function x + [[;c7 ;. To see that this is indeed the sparse parity function, note that by definition
it is orthogonal to any Kravchuk polynomial of degree ¢ < k, and the k-th Kravchuk polynomial
is the unique polynomial with this property, hence it must be the sparse parity function. Thus, our
function can be seen as learning the parity function, but using a kind of “staircase property” (Abbe
et al., 2021) which the RedEx architecture exploits due to its layer-wise training.

Theorem 7 Assume we run algorithm 1 on m i.i.d. examples, L = [logy (k)| layers, regularization
parameters A\ = Xo = ... = A\ = L width parameters M; = %—i— 1 My=...= M =

vm’ v2-2/k’
M = 23k(3k)k, and constant parameter ¢ = \/2. Assume furthermore that each layer is trained

21002 5
using a fresh sample. Then, w.p. 1 — 0, for the output hypothesis h, {p(h) = d420(;l;nll/i ) _ 6075:%/1)1




DANIELY SCHAIN YEHUDAI

The reason for sampling a batch of fresh samples when training each layer is a technical artifact
of the proof, aimed at eliminating the dependence between the training of each layer. It can be seen
alternatively as if the original dataset is larger by a factor of log(k) := O(loglog(d)), and we only
use a part of it for training each layer.

We compliment the above result by showing that polynomial-time fixed-representation methods,
such as kernels and random features, cannot achieve the guarantee in Theorem 7. The reason is
that the last coordinate of hz is the parity function x + [];c7 2;. This implies that any fixed-
representation method that is guaranteed to find a function i with Ex ||hz(x) — h(x)||3 = o(1)
has super-polynomial complexity of dk), Specifically, Corollary 13 from Ben-David et al. (2002)
implies:

Theorem 8 Let W : {£1}¢ — By, be any, possibly random, embedding. Assume that for any
T C [d] with |Z| = k, w.p. > 1/2 over the choice of W, there are vectors Wy, ..., Wy € By} such
that

k/2 2
Ex ) <p2j (Z m> — <wj,\1/(x)>> < 0.99
=0

1€T

Then My My > d®*)

5.1. On the proof of theorem 7

Theorem 7 is proved in Appendix C. In section C.1 it is shown that V!, the first layer’s extractor,
“reveal” the important coordinates, in the sense that V1 ~ V1P;, where Pr is the projection on
the coordinates in Z. It is also shown that the representation W; computed by the first layer, is
expressive enough so that po (3,7 i) and p2 (3,7 ;) can be well approximated by functions
x — (vo, V1(x)) and x — (va, W1 (x)) for vectors v, va with a norm bound that do not depend on
d, but only on |Z|. In section C.2 it is then shown by induction that W, is expressive enough so that
po (X ez ®i) s, and pyr (3,7 ;) can be well approximated by functions x — (v;, U;(x)) for
vectors v; with a norm bound that depend only on |Z|. The reason is that each p; can be represented
as a quadratic polynomial of p; for j < (%} with bounded coefficents, together with the fact that
by the induction hypothesis these p;’s can be expressed as a linear function on top of W;_;

6. Extensions and Discussion

In the following section we will show two extensions of the RedEx architecture — using a norm for-
mulation of the objective and extension to a convolutional structure. Importantly, the norm formula-
tion of RedEx for a one-dimensional output can be trained without the semi-definite constraints, and
thus be trained using standard gradient descent or any other non-constrained convex optimization
methods.

6.1. Norm Formulation of RedEx and Relation to Trace norm

In Algorithm 2 we gave a constrained optimization problem which can be solved using SDPs. In
this section we show how to reformulate this problem as an unconstrained optimization via a new
norm we define:

10
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Definition 9 For Ay = (Aq,..., Ay) € R where each A; is symmetric we define the RedEx
norm as:

|A1kl|Ry := min{Tr(R) : R = 0, and Vi, — R < A; < R} (7)
We first show that the above defined norm satisfies several properties:

Lemma 10 Properties of || - ||rx
1. || - ||rx is @ norm on k-tuples of symmetric matrices.

2. Ifk =1, then || - ||gy is equivalent to the trace norm. Additionally, if we write A = U DU
for an orthogonal U and diagonal D, then R = U"|D|U.

The proof can be found in Appendix D. Item (3) gives a very simple expression for the RedEx norm
in the case for £ = 1, however we are not aware of a simple expression for || - |[gx where k > 2. We
can now optimize Eq. (2) using the RedEx norm. For that we replace the minimization problem in
Algorithm 2 by:

1 m
in - £.<TA i XTA ) A lAlRs + Aol A2 8
min m; yi (X Aix x; Akxi ) + Al Allrx + A2l Allg ®)

We give the full algorithm in Appendix D. Note that we don’t need to minimize over the Frobenius
norm of R, as it is already done by minimizing the RedEx norm. The caveat of Eq. (8) is that
we currently don’t know how to calculate the gradient of the RedEx norm directly (i.e. without
calculating R), or the projection on norm-induced balls unless we resort to general convex SDP
solvers. Hence, at the moment we don’t know how to utilize the norm formulation in order to
design faster algorithms.

One major practical improvement on the training of RedEx that we can make is in the case
where our goal is to learn a function f : R? — R (i.e. the output dimension k = 1). For this case,
we can use the characterization in Lemma 10 (3), where for £ = 1 the RedEx norm is equivalent to
the trace norm. In this case, we can replace the minimization problem in Algorithm 2 by:

N R
min p. z;ﬁyi (xiTAxi> + A1 Allre + 222 Allf

This problem is substantially easier than minimizing Eq. (3), since it is an unconstrained convex
optimization problem that can be solved by standard GD or SGD. Note that to find V' we don’t need
to find R, since by Lemma 10 (3) we can compute a diagonalization A = U T DU, and then output
V =+/|D|U and P = (V)T AV't. We give the full algorithm in Appendix D.

6.2. Convolutions

One of the advantages of neural networks is that it allows to choose an architecture according to
the structure of the data. A central example is convolutional networks for data which is translation
invariant such as images. The input vector for a convolutional layer is divided into patches. In

11
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other words, it is a vector (x1,...,%,) € (Rd)p . A convolutional layer applies on each patch
the same linear function followed by a non-linearity. That is, it computes a mapping of the form
(X1,...,%p) = (0(Wx1),...,0(Wxp))

For a matrix W € R?*? and some non-linearity o. A convolutional extractor-expander works
in a similar fashion. It applies the same extractor V' to all patches, and then expand each patch
quadratically. This is detailed in the following definition.

Definition 11 (Convolutional RedEx) A function A : (RY)” — R* is called a Convolutional
RedEx of width M if it is of the form: A = Vp o Uy where:

1. The function Uy, : (Rd)p — (Rled/>p is of the form:
Uy (x1,...,%Xp) = ((Vx1)®2, . (pr)®2)

forV e RE*d with d' < d, orthogonal rows, and HVH%r < M.
! U p
2. The function U p : (Rd xd ) — R¥ is of the form:

p

p
\I]P(Xla"'7Xp): Z<P1,j7 ’Z Pk,]a
J=1

j=1
for P, j € RY>4 with || P, ;|| < 1.
The function Uy is called a convolutional extractor-expander.

As with the basic version of RedEx, we can extend the basic convolutional RedEx architecture to a
multilayer architecture. Likewise, a single layer of convolutional RedEx s can be trained efficiently,
similarly to a single layer of RedEx. A multilayer convolutional RedEx can be trained efficiently in a
layerwise manner, as basic RedEx. We outline next the algorithm for learning a single convolutional
RedEx layer. The extension to multilayer is straight forward.

Algorithm 3 Training 1 -layer convolutional RedEx

1: Parameters: A loss £ : R¥ x ) — [0, 00), width parameter \; and a regularization parameter
A2

2: Input: A dataset (x1,91),-- -, (Xm,ym) € (R)” x Y

3: Find symmetric d x d matrices A; j, Rfor1 <7 < kand 1 < j < pby solving the semi-definite
program:

' 1 m p p
min Y Ly | D XA D XAk |+ MTH(R) + ([ RIE + | AR)
. . <
s.t. —R j Am‘ j R
R>=0

4: Compute an orthogonal diagonalization R = U DU
5: Output V =+/DU and P, ; = (V1) T A, ;1.

12
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6.3. Conclusions and Future Work

In this work we presented the novel RedEx architecture. This architecture is as expressive as neu-
ral networks, and can be trained in a layer-wise fashion using convex programs with semi-definite
constraints. We also provided a separation result between RedEx and fixed representation methods
based on a variation of the sparse-parity problem. Finally, we have shown several extensions of
RedEx to the convolutional setting and replacing the semi-definite constraints to adding norm regu-
larizers based on the newly introduced RedEx norm. Notably, for a one-dimensional input, it allows
training of RedEx using non-constrained convex optimization algorithms such as gradient descent.

We believe our work can lead to more efficient representation learning methods based on con-
vex optimization. This can include better and richer architectures, which may allow more efficient
implementations that can be provably learned without the use of heavy convex SDP algorithms. Fi-
nally, it is interesting to provide stronger separation results between RedEx and fixed representation
methods under milder assumptions, e.g. in the case where the output is one-dimensional.
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Appendix A. Proofs from Sec. 3

Proof [Proof of Thm. 2] We first show that we can implement AND, OR, NEG and Id using a
RedEx with O(1) layers and feature dimension of O(d?). Recall that by definition, we added a
coordinate to the data which is constant 1. To implement Id of the i-th coordinate, we can use a
matrix V' where the i-th row is equal to e;, and the last row (which corresponds to the constant 1)
equal to €441, this way ((VX)(VX)T)i,dJrl

NEG can be implemented by  +— 1 — z. This can be implemented for coordinate ¢ by having
the i-th row of V equal to —e; + eg4y1. We also need the last row of V to be eq41, this way
((Vx)(Vx)T)i7d+1 =1—ux.

Now, AND(z;, z;) = x;-x; can be implemented by having V' with i-th row equal to e;, and j-th
row equal to e;, this way ((VX)(VX) ) ij = L. Finally, we have OR(x1, x2) = x1+2z2—x1-22.
This can be implemented by applying Id and AND on 1, x, If the output of the above operations
are in rows %, j, k correspondingly, then we need some row of V' to be equal to e; + e; — e}, and the
last row of V' to be equal to eq 1.

Note that if in the process of the quadratic expansion of RedEx we added extra coordinates
which are not needed, in the next layer we can use zero rows for the unnecessary coordinates to
zero them out. This way, the application of the dimension reduction method would delete those
unnecessary coordinates since their output is constant zero. Note that each operation above was
implemented using at most 2-layer RedEx, hence the feature dimension is at most d? where d is the
dimension of the input. For a general intermediate layer, we can bound its input by the total size of
the target binary circuit, hence we can bound the feature dimension by O(72). In addition, since
each operation can be implemented by a RedEx of depth O(1), the total depth of the RedEx which
implements the Boolean circuit is O(T). [ |

:'I’L'

Appendix B. Proofs from Sec. 4
B.1. Proof of Thm. 3

We first need the following lemma:
Lemma 12 [f —R < A < R then ker(R) C ker(A)

Proof Since A is symmetric and by the assumption of the lemma, it has a (non-unique) decom-
position as A = A, + A_ where A, is positive semi-definite with A. < R and A_ is negative
semi-definite with —R < A_. Let 0 # x € ker(R), then 0 < (x, A4 x) < (x, Rx) = 0. Since A4
is PSD it has an orthogonal diagonalization with orthonormal eigenvectors v; and corresponding
eigenvalues \; > 0. We can exapnd x in this basis x = ZZ o;v;. Now we have that:

0= (x,Ayx) = <Z azvz,A+Zale> = <Z OziVi,Z/\iOzz‘Vz‘> = Zaf)\i .

Hence, for every i either a;; = 0 or A\; = 0, in particular, x is in the kernel of A,. Using a similar
argument we get that x is in the kernel of A_, hence it is in the kernel of A.
|
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We are now ready to prove the main theorem:
Proof [Thm. 3] In the proof, for ease of notations we use the notion of RedEx norm, see Definition
9. We begin with the first item. Let hy, p € H s, we can write:

hyp(x) = (Tr (PR (VX)) T (PUV) (V) T) )
- (Tr ((Vx)(VX)TPlT) o Tr ((Vx)(vx)TP,j))
- (Tr ((Vx)(Pﬂ/x)T) L Tr ((Vx)(Pka)T>>
— ((Vx, PLVX), ..., (Vx, PVX))
— (<x VTP1VX> o <x, VTPka>)

It is therefore enough to show that for A4; :== V' " P,V we have ||A|rx < M. Since || P lsp < 1 we
have —I < P; < I. Hence, also —V 'V < VT P,V < VTV, This implies that

|Arx < TH(VTV)=Tr(VVT) < M.

For the other direction, let A4 € HM with |A|gx < M. Let R > 0 be a matrix which
satisfies —R < A; < R for every i € [k], and Tr(R) < M. By diagonalizing R we can write
R =UT DU, where U is unitary and D is PSD. Define:

V =vDU, P,=(VHT4;VT)

Here /D is the diagonal matrix equal to \/T?” = +/D;;, and VT is the pseudo-inverse of V. By
its definition, R has orthogonal rows. We also have that:

1] = (V)T Av )
~ | (D)) ADU)|
< |IDYA]l <1

where we used that U is orthogonal and A; < R. Now, we have that:
V2 =Te(V'V) = Tr((VDU) 'VDU) = Te(DU TU) = Tr(D) = Tr(R) < M

where we used that U is orthogonal. We have shown that for our definitions of V' and P we have
that hy p € Hyy, it is left to show that for every x € R we have hr,.A(x) = hy p(x).

Define Q := VTV, this is the projection on the range of V' ', which contains the range of R.
Hence, I — (@ is the projection on the orthogonal complement of the range of V', which is contained
in the orthogonal complement of the range of R, which is the kernel of R. By Lemma 12 we have
that ker(R) C ker(A4;) for every i € [k]. Hence, A;(I — Q) = (I — Q)A; = 0, this implies that:

Ai=I-Q+ QA -Q+Q)
=1 -QA(I-Q)+(I-QAQ+ QA —-Q)+QAQ
= QA;Q
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Finally, using that P; = (V)T A,V we have for every x € R%:

hyp(x) = (<x VTP1Vx> L <x, VTPka>)
_ (<x VT(VT)TA1VTVX> . <x, VT(VT)TAkVTVx>)

_ (<x, QTA1QX> e <x7 QTAkQX>)
= ((x, A1X) , ..., (x, A;x))
= hp a(x)

This finishes the first part of the proof. For the second part of the theorem, we use the following
algorithm to compute V' and P given A:

1. Find R > O such that | A||gx = Tr(R) and R < A; < R.
2. Compute an orthogonal diagonalization R = U " DU.
3. Output V = /DU and P, = (V1) T A, V1.

The first step can be completed in polynomial time using SDP solvers since this is a convex problem
with linearly many constraints, see e.g. Jiang et al. (2020). The second step can also be done in
polynomial time as it only consists of diagonlizing a symmetric matrix. |

Appendix C. Proof of Theorem 7

We first introduce some notation. For x € {1} denote x(Z) = >°, .7 #; and P;(x) = p;(x(I)).
Denote A! = (VO TPV R = (VO TVE Wy = Uyeo... 0 W) and hl(x) = Uy (x) T AL, (x).
Denote also ¥g(x) = (¢,x) € R and will refer to the first coordinate in Wo(x) (the constant
coordinate) as the 0’th coordinate (instead of 1’th). We note that ¥; computes a polynomial of
degree < 2¢. Hence, h;f is orthogonal to py; (x(Z)) for 23 > 21, Thus, for i > 2¢, the optimal
solution to the 7’th coordinate of the ¢’th layer is 0. This observation motivated the definition of the
t-truncated loss given by

2t71
Vall,_, (A, R) = 3 Bx (poy(x(Z)) — W 1(0) A0 1(x))
=0

‘We also denote
t _ s t
Valy, | = (,lar,IJf%) Valy, (A, R)

We denote by Pr : RA*+L 5 RIHL the projection on the coordinate in Z and the first (constant)
coordinate. That is, (Prx); = voJel (?r] B 0.
0  otherwise

Before proceedeing to the main body of the proof, we specialize theorem 6 for the square loss
0,(9) = |19 — y|/*. While the square loss is not globally Lipschitz, it is Lipschitz on any bounded
domain. Specifically, we have V44, () = 2(j — y). We also have that ||x " Ax|| < vVEM|x||%.
Hence, if Pr(,,)p(|ly[l < M2) = 1 then we have the the square loss is (2M3 + 2vEMEM)-

Lipchitz in the relevant domain. Hence,
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Corollary 13 Assume that the dataset is an i.i.d. sample from a distribution D on Bj‘&1 X B]’fb and
that the loss is the square loss. Let (A, R) be the output of algorithm 2. Then

M (2My + 2vVEMEM)?

EsValp(A, R) < Valp ar + A(k + 1)M? + jv

In our case, Eq. (6) implies that |p;(x)| < k?. Hence, the output of the learned function is in B, k2.

Since A = \/% we get

(k + 1)M?2 + MH2k* + 2vEM2M)?

EsValp(A, R) < Valp s +
) \/m

C.1. First layer

Let 17, 19 € R4*! be the indicator vectors of Z and {0} . Denote by .J, I7 and I the (d+1) x (d+1)
matrices given by

1 1
J = Em}, Io=1olgy, Iz = E(PI —Iy)
‘We note that

1 1 1 1 1
Ag==Iy, Ay = J— I, R=————J+ -1,
N Y A N T T 22— 2/k 27"

Is a solution to the first layer with zero 1-truncated loss. Thus, by corollary 13 we will have
Vall, (A, R!) < 2B DHE@H)R O +AVRELD))

6v/m

=: € w.p. 1 — 4. The following lemma shows that

in this case it holds that | V(I — Pr)|sp < (8del)i =€
Lemma 14 [f Valy (A', R') < € then |V1(I — Pr)||sp < (8d)'/* /e

Proof We have that ||h§ — Py||3 + ||hi — P2||3 < €2. Hence, there are (d + 1) x (d + 1) matrices
Ay, A} with | A} — A)||% + || A} — A} ||% < €2 such that Py(x) = ¥o(x) T A)¥o(x) and Pa(x) =
Wo(x) T A)Wg(x). Since ||A, — A}|lr < Vd| AL — A}||p < V/de, there is a PSD matrix R’ such
that —R' = A} < R and Tr(R') < Tr(R') + v2de < § + \% + v/ 2de.

Now, consider the matrices A7, R” obtained by zeroing (A}) ;, RJ ;I and Ry forany j € [d]\
Zand0 <[ < d, and adding % Zje[d}\I(A )55 to (Aj)oo as well as 5 Z A\ R to R{,,- We have
Wo(x) T AVWg(x) = Uo(x) T ALWp(x), —R" <= A? < R" and Tr(R") = Tr(R’ 3 Z]e s B

lemma 15 now implies that

1 1
o ——— <T(R) =Te(R)— > Y Rjj<-+—— +\ﬁe—f > R
2 V2-2/k 2 & 2 V2 / 2

> Rj;< ) R <V8de

JeldNI Jeld\I
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Finally, we have

Vi =Polg = |

1) x (d + 1) matrices such that —R = A; < R and P»;(x) =
1,1

2t \/2+2/k

Proof We assume w.l.o.g. that Ao, A1, R minimizes Tr(R) under the above constraints. It is not
hard to verify that Ay and A; are linear combination of the PSD matrices J, Iy, I7 := % (Iz— %J )

and Ize := (I — Pr). Write

Lemma 15 Let Ay, A1, R be (d +
(Wo(x)) " A;Wo(x). Then, Tr(R) >

A; =alJ + a1y + a7 + ailze

Since the the matrices J, Iy, I7 and Iz. are supported on orthogonal spaces, the minimal trace of a
PSD matrix R with —R < A; < Ris 2?21 max(|a}|, |a}]). Now, zeroing aj and a} while adding

%aé and %a‘f to a} and a} will not alter the functions computed by Ay and A; and will not increase

ij n max(\a6| ]a{|) Thus, we can assume that aé =af=0.

3
Likewise, zeroing a3 and a} while adding — , and kk1a2 to a? will not alter the
functions computed by Ap and A; and will not increase Z =1 max(]ao l, ]al |). Thus, we can assume

that a§ = a3 = 0. This implies that Ag = §Jpand 4, = ——L—J — —L—1 |

V/2-2/k 2,/2-2/k

C.2. Remaining Layers and conclusion of the proof

Suppose that the ¢’th layer has ¢-truncated error at most €; and that || V(I — Pr)||sp < €. Lemma
16 below implies that there is a solution for the #’th layer with Frobenius norm at most 2%/2 and
t-truncated error at most €; + dkO**)¢2 Lemma 18 below now implies that there is a solution
for the (¢ + 1)’th layer with (¢ + 1)-truncated error at most KO e, + dkOH*)e2, By lemma 16
and corollary 13 we have that w.p. 1 — ¢, the (¢ 4+ 1)’th layer has (¢ 4+ 1)-truncated error at most
kO®) ¢, + dkO**) (€2 4+ 1/8\/m). By induction, we conclude that w.p. 1 — ¢4, the truncated error
of the ’th layer is k0% ¢; + dk!O**) (€2 1+ 1/8,/m). Hence, w.p. 1 — log(k)d, the error of the

final layer is

420K log? ()

O(k? log(k O(k? log(k 2 _
gOK=log(k)) . 1 g0k log( ))(E +1/6v/m) = p—y

which concludes the proof.
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Lemma 16 [f|[VY(I — Pr)||sp < € then, for any x € [—1,1]¢ we have,
1% (x)||p < M2 2(M|Z| + ed)? < M3?
2. || Wy (x) — U (Prx)||p < d2tM2H3 (2 -1)¢

3. For the projection P on span (V'W,_1(Pr{£1}%)) and any symmetric A with ||Alsp < 1
and x € {£1}% we have

(A, Uy(x)) — (PAP, Uy(x))| < d2P M3 Ve and |PAP||p < 271/2

Proof We first prove item 1. by induction on ¢. For ¢t = 1 we have

)l = [V
2
(VI = Pr)llsp ]l + 1V lsp - Prx]])

< (6\/&—1—]\4\/@)2

For ¢ > 1 we have by the induction hypothesis

IN

10 (x)lF = [V (x)|
_ 1\ 2
< M2 (M2t 2(M|Z] + ed)? 1)
= M*2(M|Z|+ ed)*

We next prove item 2. by induction on . For ¢ = 1 we have

191) = Ui (Pr)lle = (V%) @ (V%) = (V1Ppx) ® (V' Prx) |
< (V%) @ (VII = Po)x)|| + [(VI(I = Pr)x) @ (V! Prx)|
< 2dMe

For ¢ > 1 we have by the induction hypothesis and item 1.

Wi (x) = Ue(Prx)[lp = [[(VIW1(x) @ (VI 1(x)) = (VI (Prx)) @ (VI (Prx)) |
(VI 1 (%) @ (VI _1(x) = VIO (Prx)) ||

HI (VI (x) = VI (Prx)) @ (VI (Prx)|

M? - [ Wy (X)) - W1 (%) = g1 (Prx)) |

MWy (Prx) || - [[1-1(x) — @1 (Prx)) |

2M2M3-2t_12t71dM2(t71)+3-(2t_171)€

2th2t+3-(2t71)6

IN

IN

We now prove item 3.
(A, Uy(x)) — (PAP, Wy(x)) = (V'U,_1(x))T AV T4 (x))
—(PVY,_ (x))T APV, (x))
= (VW1 (x)TAVID,_ (x) — PV'U,_i(x))
+(VI,_y(x) — PV, (x))TA(PVIT,_ 4 (x))
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Hence, by the previous items,

[(A, Wy(x)) — (PAP, U4 (x))|| [Allsp - |[VIW_1(x) = PV (x)] - (Vo1 (x)]| + [PV (%))
ot—1
M2 VI, (x) — PV, (x)]
ot—1
M2 VI, (x) — VI, (Prx)|
2M2+3-2t—1d2t—1]\/[2(t—1)+3-(2t—1—1)6

dth2t+3- (2t 71) €

VAN VAN VAN VAN VAN

Finally,
|PAP||p < |PAP||sp/rank(PAP) < 1-/rank(P) < 2V/2

Lemma 17 For even ¢ > 0 denote
T; = {(j, 1):0<j<l<max(2 2M"°02V) and j +1 <iandj,lare even}
for odd i > 0 denote

T, = {(j,l) 10 < 4,1 < max(2,2"°220/21 and j + 1 < i and j is odd and 1 is even}

There are coefficients {oz; l} such that

(4,LeTy)
> dmin
(Jvl)eTz

ol < (3k)

Proof By induction on ¢. For ¢« = 0 we have pg = pgpo and of = = 1 we have p; = pgp;. For any
1+ 1 > 1 we have by Eq. (6)

‘ B 1 i(k—i+1)
pz-i—l(x) = (Z+1)(l€ ) pz( ) (Z—I—l)(k‘ )pz 1( )
By the induction hypothesis and Eq. (6)
1 ~ i(k—i+1) o1
pit1(z) = . : ajxp;(r)pi() + ——= . oy pi(@)p()
+1 G+ D(k—1) ('%E:Tl 3, 1TPj ! G+ D)(k—i) (ﬂ)%;il gl Pi !

C oy m s W .
V(i + 1)( Vi+1)(k—i pi-1l P

(k—z—l—l)
h it D) i (@)pi(a)
Z+1 (jl;ll l ™

(43,0 €EeT;
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The lemma follows from the fact that
VErDk—3) , Vitk—j 1) ik —i+1)
\/(Z+1)(k ) \/(Z+1)(k i) (i +1)(k—1)

< 3vVk < 3k

Lemma 18 Let VU : {£1}¢ — BY, . Assume that for any 0 < i < 2!~ there is a vector v; € BY;,
such that for Py(x) = (v;, ¥(x)) we have

< e Then, there are matrices A; for

0 < i < 2! such that for Py(x) := U(x)T A;¥(z) we have ‘
and || A; |7 < 28(3k)? M3

i|, < 2MUM3IT)) T e

Proof Fix 0 < i < 2! and consider the matrix

— ) ]
A; = g a5 vivy

We have || A;|| < 2¢(3k)% M2 and
Pi(x) =V¥(x) A0 (x) = Y o}

3,leT;

\_/

Hence,

‘PZ’_P%' , = Z o (PJPI—PJPI)
JyleTi 2
] ]
< @I Y|P - A,
],lGTi
< @)Y |BR-pE|, ¢ |pE - PR
] o i
< @I Y 1Bl |P= B+ 120 75 - B
Jledy

< 2M My (3|Z))HZ)%e

|
Appendix D. Proofs and Additional Algorithms from Sec. 6
D.1. Proof of Lemma 10
It is clear that || - ||gx is homogeneous and non-negative. It remains to show that the triangle in-

equality is satisfied and that || A||[rx > 0 for A # 0. For the triangle inequality we have:
|A+ Bllrgx = min{Tr(R): R > 0andVi,—R < B; + A; = R}

[ AR + [ Bllrx
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Let A # 0, then there is j € [k] with A; # 0 which also means that || A;||, > 0. Note that

[A|lrx > max [|Aj]|r > [| A1 > 0
1€[k]

For the second part, we need to find R which minimizes:
minTr(R) st. —R<A=<R, 0<R.

First, assume that A is a diagonal matrix. For every unit vector e; we have that —e;r Re; < e;Ae; <
e;Re;, which means that —r;; < a;; < r;;. In other words, we get that 7;; > |a;;|, and the
minimum on the trace of R is achieved when r; ; = a; ; for every i. Consider some I that achieves
the minimum, and assume it is not a diagonal matrix. Then, there are indices 7 # j with r; ; # 0
(and also 7; ; # 0 since R is symmetric). Assume that r; ; > 0 and let v be the vector with 1 in
the ¢-th and j-th coordinates and O in every other coordinate. By the condition of R we get that

v (R — A)v > 0. But we have that:
v (R—A)v=-2r,;<0

which is a contradiction. In case 7; ; < 0 we can take v to be equal 1 in the i-th coordinate, —1 in
the j-th coordinate and 0 in every other coordinate. This shows that if A is diagonal, then there is a
single solution for the minimization problem with a diagonal R such that r; ; = |a; ;| for every 1.

Assume now that A is some symmetric matrix, and write A = U " DU where U is orthogonal
and D is diagonal. Let R be some solution to the minimization problem, then U " RU is a solution
to the same minimization problem where we replace A with D. But since D is diagonal, then there
is a single solution where U " RU is diagonal with (UT RU) = |D|. Hence R = U "|D|U is the
single solution to the minimization problem for A. Finally, we have:

Al =Y [Diil = Tr(R) = || Al -

D.2. Additional Algorithms

In Sec. 6 we provided several additional algorithms for training RedEx using norm constraints
instead of semi-definite constrains. Here we provide the full algorithms. In Algorithm 4 we provide
the 1-layer RedEx algorithm where we use the RedEx norm instead of the semi-definite constraints
on R. Note that the optimization algorithm does not include R, although it does require finding R
to output V. In Algorithm 5 we show how to train a 1-layer RedEx where & = 1. In this case, the
RedEx norm is equivalent to the trace norm, hence this algorithm requires solving an unconstrained
optimization problem. This can be solved using standard gradient methods such as GD or SGD.
Note that it is also not needed to explicitly find R, since by Lemma 10 it can be calculated directly
from A.
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Algorithm 4 Training 1 -layer RedEx with the RedEx norm

1: Parameters: Aloss ¢ : R x ) — [0,00), width parameter A\; and a regularization parameter

A2
2. Input: A dataset (x1,%1),. .., (Xm, ym) € RT x Y
3: Find symmetric d X d matrices Ay, ..., A by solving the program:

. 1 ¢
min 3, (] Ax) + A+ dal AL ©

4: Find R that minimizes Eq. (7)
5: Compute an orthogonal diagonalization R = U " DU
6: Output V =+/DU and P; = (V1) T A; VT,

Algorithm 5 Training 1 -layer RedEx with output dimension 1

1: Parameters: Aloss ¢ : R x ) — [0,00), width parameter A\; and a regularization parameter
A2

2. Input: A dataset (x1,%1),. .., (Xm,ym) E RT x Y

3: Find symmetric d x d matrix A by solving the program:

. l ¢
min mz;eyi (7 Ax:) + Al Al + 22 Al (10)

4: Compute an orthogonal diagonalization A = U " DU
5: Output V = /|D|U and P = (V1) T AVT.
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