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Abstract

Simple recurrent neural networks (RNNs) and their more advanced cousins LSTMs
etc. have been very successful in sequence modeling. Their theoretical understand-
ing, however, is lacking and has not kept pace with the progress for feedforward
networks, where a reasonably complete understanding in the special case of highly
overparameterized one-hidden-layer networks has emerged. In this paper, we make
progress towards remedying this situation by proving that RNNs can learn functions
of sequences. In contrast to the previous work that could only deal with functions
of sequences that are sums of functions of individual tokens in the sequence, we
allow general functions. Conceptually and technically, we introduce new ideas
which enable us to extract information from the hidden state of the RNN in our
proofs—addressing a crucial weakness in previous work. We illustrate our results
on some regular language recognition problems.

1 Introduction

Simple Recurrent Neural Networks [1]] also known as Elman RNNs or vanilla RNNs (just RNNs
henceforth) along with their more advanced versions such as LSTMs [2] and GRU [3]] are among the
most successful models for processing sequential data, finding wide-ranging applications including
natural language processing, audio processing [4] and time series classification [S]]. Feedforward
networks (FFNs) model functions on inputs of fixed length, such as vectors in R?. In contrast, RNNs
model functions whose input consists of sequences of tokens x x@ . where x(? € R? for each
1. RNNs have a notion of memory; formally it is given by the hidden state vector which is denoted
by h(® after processing the t-th token. RNNs apply a fixed function to h®*) and x(**1) to compute
h(**+1) and the output. This fixed function is modeled by a neural networks with one hidden-layer.
Compared to FFNs, new challenges arise in the analysis of RNNs: for example, the use of memory
and the same function at each step introduces dependencies across time and RNN training suffers
from vanishing and exploding gradients [6].

Studies aimed at understanding the effectiveness of RNNs have been conducted since their intro-
duction; for some of the early work, see, e.g., [7, [8]. These works take the form of experimental
probing of the inner workings of these models as well as theoretical studies. The theoretical studies
are often focused on expressibility, training and generalization questions in isolation rather than all
together—the latter needs to be addressed to approach full understanding of RNNs and appears to be
far more challenging. While experimental probing has continued apace, e.g., [9} [10], progress on
theoretical front has been slow. It is only recently that training and generalization are starting to be
addressed in the wake of progress on the relatively easier case of FFNs as discussed next.

RNNS are closely related to deterministic finite automata [[11} 9] as well as to dynamical systems.
With finite precision and ReLU activation, they are equivalent to finite automata [[11]] in computational
power. In the last few years progress was made on theoretical analysis of overparameterized FFNs
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with one-hidden-layer, e.g., [12} 1314} [15, 16} 17} [18]. Building upon these techniques, [19] proved
that RNNs trained with SGD (stochastic gradient descent) achieve small training loss if the number
of neurons is sufficiently large polynomial in the number of training datapoints and the maximum
sequence length.

But the gap between our understanding of RNNs and FFNs remains large. [20, 21] provide general-
ization bounds on RNNs in terms of certain norms of the parameters. While interesting, these bounds
shed light on only a part of the picture as they do not consider the training of the networks nor do not
preclude the possibility that the norms of the parameters for the trained networks are large leading to
poor generalization guarantees. RNNs can be viewed as dynamical systems and many works have
used this viewpoint to study RNNs, e.g., [22, 23] 24} 25]. Other related work includes relation to
kernel methods, e.g., [26} 27, 28]], linear RNNs [29]], saturated RNNs [30, 131} 132]], and echo state
networks [33) [34]. Several other works talk about the expressive power of the novel sequence to
sequence models Transformers [35136]. Due to a large number of works in this area it is not possible
to be exhaustive: apart from the references directly relevant to our work we have only been able to
include a small subset.

[37] gave the first “end-to-end” result for RNNs. Very informally, their result is: if the concept class
consists of functions that are sums of functions of tokens then overparameterized RNNs trained using
SGD with sufficiently small learning rate can learn such a concept class. They introduce new technical
ideas, most notably what they call re-randomization which allows one to tackle the dependencies that
arise because the same weights are used in RNN across time. However, an important shortcoming of
their result is limited expressive power of their concept class: while this class can be surprisingly
useful as noted there, it cannot capture problems where the RNN needs to make use of the information
in the past tokens when processing a token (in their terminolgy, their concept class can adapt to
time but not to tokens). Indeed, a key step in their proof shows that RNNs can learn to ignore the
hidden state h(*). (The above concept class comes up because it can be learnt even if h(®) is ignored.)
But the hidden state h(*) is the hallmark of RNNs and is the source of information about the past
tokens—in general, not something to be ignored. Thus, it is an important question to theoretically
analyze RNNs’ performance on general concept classes and it was also raised in [37]]. This question
is addressed in the present paper. As in previous work, we work with sequences of bounded length L.
Without loss of generality, we work with token sequences x() ..., x(F) of fixed length as opposed
to sequences of length up to L. Informally, our result is:

Overparameterized RNNs can efficiently learn concept classes consisting of one-hidden-layer neural
networks that take the entire sequence of tokens as input. The training algorithm used is SGD with
sufficiently small step size.

By the universality theorem for one-hidden-layer networks, such RNNs can approximate all continu-
ous functions of x(), ..., x(&)—though naturally the more complex the functions in the class the
larger the network size required. We note that the above result applies to all three aspects mentioned
above: expressive power, training and generalization. We illustrate the power of our result by showing
that some regular languages such as PARITY can be recognized efficiently by RNNs.

In a concurrent work [38]], the authors also study related problems. The results there are not directly
comparable: On the one hand, they do not normalize the input unlike our work. On the other hand,
the concept classes treated in their work appear to be weak. The authors show that RNNs can learn

concept classes that include functions of the form f(x(“1), x(*2) . x(~)) where ¢y,..., 0y € [L].
However, the number of SGD iterations and training samples necessary depend exponentially on the
minimum of the two parameters, N and {y = max(¢1,...,¢y) — min(ly,... . {x).

2 Preliminaries

Let ST1 := {x € R? | ||x||, = 1} be the unit sphere in R%. For positive integer n define
[n] :={1,2,...,n}. Given a vector v, by v; we denote its i-th component. Given two vectors
a € R% and b € R%, [a, b] € R%+92 denotes the concatenation of the two vectors. (-, -) denotes
the standard dot product. Given a matrix M, we will denote its i-th row as m; and the element in
row ¢ and column j as m;;. Given two matrices A € R%*%2 and B € Rb1%b2 with a1 = by let



[A,B], € Re1*(@2%b2) denote the matrix whose rows are obtained by concatenating the respective

rows of A and B. Similarly, [A, B]. € R(a1+b1)xaz (assuming as = bs) denotes the matrix whose
columns are obtained by concatenating the columns of A and B.

O(-) and €(-) hide absolute constants. Similarly, poly(-) denotes a polynomial in its arguments with
degree and coefficients bounded by absolute constants; different instances of poly(-) may refer to
different polynomials. Writing out explicit constants would lead to unwieldy formulas without any
new insights.

Leto : R — R, given by o(x) := max{x,0} = z1,>¢, be ReLU activation function. ReLU can be
extended to act on vectors by coordinate-wise application: o((x1,...,xq)) := (o(z1),...,0(zq)).
Note that ReLU is a positive homogenous function of degree 1, that is to say o(Az) = Ao (x) for all
zand all A > 0.

To be learnable efficiently, the functions in the concept class need to be not too complex. We will
quantify this with the following two complexity measures which are weighted norms of the Taylor
expansion and intuitively can be thought of as quantifying network size and sample complexities,
resp., needed to learn ¢ up to error e.

Definition 2.1 (Function complexity [15]]). Suppose that function ¢ : R — R has Taylor expansion
P(z) =Y o2, ciz". For R, e > 0, define

C.(6,R) =¥, ((C*R)Z’ + (V}” O*R> ) il

C(¢, R) := C* 375, (i + )V OR ey
where C* = 10%. As an example, if ¢(z) = z¢ for positive integer d, then €,(¢, R) = O(R?)
and €. (¢, R) = O(R%log"?(1)). For ¢(z) = sinz,cosz,e?, we have € (¢, R) = O(1) and
€. (¢, R) = poly(1/e). We have €,(¢, R) < €.(¢, R) < &€4(¢p, O(R)) x poly(1/e) for all ¢ and
for ¢(z) = sin z, e* or constant degree polynomials, they only differ by o(1/¢). See [[15]] for details.

Note that ¢ itself is not a member of our concept class but functions like it will be used to construct
members of our concept class.

3 Problem Formulation

In our set-up, RNNs output a label after processing the whole input sequenceE] The data are generated
from an unknown distribution D over ((X(?, ..., xE=Y) y*) € ((S?~2)L~2,)), for some label set
Y C Rt for some positive integer doy;. We call X := (2(2), L% _1)) the true sequence and y*
the true label. Denote by Z the training dataset containing N i.i.d. samples from D. We preprocess
the true sequence to normalize it:

Definition 3.1 (Normalized Input sequence). Let X = (i@), e ,i(L_l)) be a given true input
sequence of length L — 2, s.t. X¥) ¢ S92 and ffﬁl = % for all ¢ € [2, L — 1]. The normalized

input sequence x := (x(1), ... x(F)) is given by
xM = (0971 1), xO = (,%9,0), wel2,L-1], x =071 1),

where we set £, > 0 later in Theorem 3.1}

We use normalized sequence in place of the true sequence as input to RNNs, as it helps in proofs, e.g.,
with bounds on the changes in the activation patterns at each RNN cell, when the input sequences
change and also with inversion of RNNs (defined later). Our method can be applied without
normalization too, but in that case our error bound has exponential dependence on the length of the
input sequence. The extra dimension in the normalized sequence serves as bias which we do not use
explicitly to simplify notation.

3.1 RNNs

Definition 3.2 (Recurrent Neural Networks). We assume that the input sequences are of length L
for some given L > 0 and are of the form x| ... x(X) with x() € R? for all £ € [L]. An RNN is

>While our set-up has similarity to previous work [37]], there are also important differences.



specified by three matrices Wy, € R™*™, A, € R™*? and B,,,, € R%w*™ where m is the
dimension of the hidden state and d,; is the dimension of the output. The hidden states of the RNN

are given by hEﬁL =0¢&R"™and

hl(fl)n = O'(Arnnx(g) + Wmnhgﬁ;l)) for ¢ € [L} (D
The output at each step ¢ € [L] is given by yﬁﬁ)n = Bynhih. By RNN cell we mean the underlying
FFN in . The m rows of W, and A,,,, correspond to the m neurons in the RNN.

Pick the matrices W € R™>*™ and A € R™*¢ by sampling entries i.i.d. from N (0, %), and pick B
by sampling entries i.i.d. from N (0, -2-). When W, = W and A, = A, the RNN is said to be

» dout
at random initialization. We will denote the parameters of an RNN at initialization by dropping the
subscript “rnn”, thus the hidden states are {h(“)} ¢e(r)- In the following theorems, we will keep Byyn

at initialization B and train only A,,,, and W .

We write Fr(le(x; Winn, Amn) = ygf})n = Bhgﬁ)n for the output of the /-th step. Our goal is to use

y%g € Rt to fit the true label y* € ) using some loss function G : R%ut x ) — R. We assume
that for every y* € V,G (Ok, y*) € [—1,1] is bounded, and G (-,y*) is convex and 1-Lipschitz
continuous in its first variable. This includes, for instance, the cross-entropy loss and {5 -regression

loss (for bounded arguments).

3.2 Concept Class

We now define our target concept class, which we will show to be learnable by RNNs using SGD.

Definition 3.3 (Concept Class). Our concept class consists of functions F : R(£=2):(d=1) _ Rdout
defined as follows. Let ® denote a set of smooth functions with Taylor expansions with finite
complexity as in Def. To define a function F', we choose a subset {®;. ; : R — R}, cp] seldon]
from @, {w], € SE=2U=1=1} ) cldou)- @ set of weight vectors, and {b] , € R},c(p],se[don]-
a set of output coefficients with |b:[7s\ < 1. Then, we define F : R(£=2)(d=1) _ Rdout | where for

each output dimension s € [doyt] wWe define the s-th coordinate Fs of F' = (FY,...,Fy ) by
Fy(®) = Y 0@ ((who XK@, xE70)). @
r€[p]

To simplify formulas, we assume ®,. ;(0) = O for all » and s. We denote the complexity of the
concept class by

€0, B) = max{€.(6, B)}, €@, R) = max{€ (0, R)).

Let F'* be a function in the concept class with smallest possible population loss which we denote
by OPT. Hence, we are in an agnostic learning setting where our aim is to learn a function with
population objective OPT + . As one can observe, functions in the concept class are given by a one
hidden layer network with p neurons and smooth activations. We will show that the complexity of
the functions ®,. ; determines the number of neurons and the number of training samples necessary
to train the recurrent neural network that has OPT + € population loss.

While we have defined F'* as a function of X, since there’s a one-to-one correspondence between X

and x, it will occasionally be convenient to talk about F'* as being a function of x—and this should

cause no confusion. And similarly for other functions like Fr(f,)l(x; W, A).

3.3 Objective Function and the Learning Algorithm

We assume that there exists a function F'* in the concept class that can achieve a population loss

OPT, ie. - E) DG(F* (X),y*) < OPT. The following loss function is used for gradient descent:
X,y*)~

Obj(W',A')= E Objx,y"; W' A’), where

(Xy*)~Z

Obj(X,y*; W' A") = GOF L (x; W+ W/ A + A, y*).

rnn



Parameter A\ whose value is set in the main Theorem [3.1]is a scaling factor needed for technical
reasons discussed later. We consider vanilla stochastic gradient updates with W, A; denoting the
matrices after ¢-steps of sgd. W, and A, are given by

W.=W,_; —nVw, ,0Obj(X,y"; Wi_1,A;1),
At - A-tfl - nvAtflobj(i7y*;Wtfla At71)7

where (X,y*) is a random sample from Z and x is its normalized form. It should be noted that [37]
train only W.

Remark. We made two assumptions in our set-up: (1) input sequences are of fixed length, and (2) the
output is only considered at the last step. These assumptions are without loss of generality and allow
us to keep already quite complex formulas manageable without affecting the essential ideas. The
main change needed to drop these assumptions is a change in the objective function, which will now
include terms not just for how well the output fits the target at step L but also for the earlier steps.
The objective function for each step behaves in the same way as that for step L, and so the sum can
be analyzed similarly. Intuitively speaking, considering the output at the end is the “hardest” training
regime for RNNSs as it uses the “minimal” amount of label information.

3.4 RNNs learn the concept class

We are now ready to state our main theorem. We use p := 100Ld, log m in the following. Recall
that a set ® of smooth functions induces a concept class as in Def.

Theorem 3.1 (Main, restated in the appendix as Theorem |[D.5). Let ® be a set of smooth functions.

For e, 1= m and € € (O, p~poly(p)~¢ﬁl(q>,o(e;1)))’ define complexity C := €.(®,0(e; 1)) and

A= 108Lp' Assume that the number of neurons m > poly (C,p, L,doyt, 5’1) and the number

of samples N > poly (C,p,L,dout,g’l). Then with parameter choices 1 = @( L ) and

ep?m

T := ©(p*C? poly(p)e—2) with probability at least 1 — =) over the random initialization, SGD
satisfies

1 .
ngd{f ; (K,ngNDObJ (x,y ;s Wi, At)} < OPT + ¢+ 1/ poly(p). 3)

Informally, the above theorem states that by SGD training of overparameterized RNNs with suffi-
ciently small learning rate and appropriate preprocessing of the input sequence, we can efficiently
find an RNN that has population objective nearly as small as OPT as € + 1/ poly(p) is small. The
required number of neurons and the number of training samples have polynomial dependence on the
function complexity of the concept class, the length of the input sequence, the output dimension, and
the additional prediction error €.

4 Proof Sketch

While the full proof is highly technical, in this section we will sketch the proof focusing on the
conceptual aspects while minimizing the technical aspects to the essentials; full proofs are in the
appendix. The high-level outline of our proof is as follows.

1. Overparameterization simplifies the neural network behavior. The function Fr(rfn) (x; W +
W' A + A’) computed by the RNN is a function of the parameters W', A’ as well as of
the input X. It is a highly non-linear and non-convex function in both the parameters and in
the input. The objective function inherits these properties and its direct analysis is difficult.
However, it has been realized in the last few years—predominantly for the FFN setting—that
when the network is overparameterized (i.e., as the number of neurons m becomes large
compared to other paramters of the problem such as the complexity of the concept class), the
network behavior simplifies in a certain sense. The general idea carries over to RNNs as well:

in @) below we write the first-order Taylor approximation of rH (x;W+W' A+A)
at W and A as a linear function of W’ and A’; it is still a non-linear function of the input



sequence. As in [37] we call this function pseudo-network, though our notion is more general
as we vary both the parameters W’ and A’. Pseudo-network is a good approximation of the
target network as a function of X for all X.

2. Existence of a good RNN. In order to show that the RNN training successfully learns, we
first show that there are parameters values for RNN so that as a function of X it is a good
approximation of F'™*. Instead of doing this directly, we show that the pseudo-network can
approximate F'*; this suffices as we know that the RNN and the pseudo-network remain close.
This is done by constructing paramters W* and A* so that the resulting pseudo-network
approximates the target function in the concept class (Section[d.2)) for all X.

3. Optimization. SGD makes progress because the loss function is convex in terms of the
pseudo-network which stays close to the RNN as a function of x. Thus, SGD finds parame-
ters with training loss close to that achieved by W*, A*.

4. Generalization. Apply a Rademacher complexity-based argument to show that SGD has
low population loss.

Step 2 is the main novel contribution of our paper and we will give more details of this step in the
rest of this section’]

4.1 Pseudo-network

We define the pseudo-network here. Suppose W, A B are at random initialization. The linear term
in the first-order Taylor approximation is given by the pseudo-network

L
FO(x; W A = ZBacki_}LD(i) (W’h(i—D i A/X(i)) @
=1

~F B (x; W4+ W A+ A) - FEO(x; W, A). (using Lemma[G.3)

rnn rnn

This function approximates the change in the output of the RNN, when (W, A) changes to (W +
Wl, A+ A'). The parameter A, that we defined in the objective function, will be used to make the
contribution of Fr(nLn) at initialization small thus making pseudo-network a good approximation of
RNN. Hence, we can observe that the pseudo network is a good approximation of the RNN, provided

the weights stay close to the initialization.

To complete the above definition of pseudo-network we define the two new notations in the above
formula. For each ¢ € [L], define D) € R"™*™ as a diagonal matrix, with diagonal entries

A9 = Tw, h D 1 alx® > 0], vre m. ©)

In words, the diagonal of matrix D) represents the activation pattern for the RNN cell at step ¢ at
initialization.
Define Back;_,; € R%u>*™ foreach1 < i < j < L by

Back;_,; := BDUW...DUTUW,

with Back;_,; := B foreach ¢ € [L]. Matrices Back;_, ; in Eq. (@) arise naturally in the computation
of the first-order Taylor approximation (equivalently, gradients w.r.t. the parameters) using standard
matrix calculus.Very roughly, one can think of Back;_,; as related to the backpropagation signal
from the output at step j to the parameters at step .

4.2 Existence of good pseudo-network

Our goal is to construct W* and A* such that for any true input sequence X = (X, ..., xL~=1), if
we define the normalized sequence x = (x(1), ... x(F)), then with high probability we have
FO (x; W* A*) ~ F*(X). (6)

3The above outline is similar to prior work, e.g., [37]]. Details can be quite different though, e.g., they only
train W and keep A fixed to its initial value. Their contribution was also mainly in Step 2 and the other steps
were similar to prior work.



To simplify the presentation, in this sketch we will assume that p, the number of neurons in the
concept class, and the output dimension do, are both equal to 1. Also, let the output weight b := 1.
These assumptions retain the main proof ideas while simplifying equations. Overall, we assume that
the target function F* : R(=2)(d=1) _ R on a given sequence is given by

F*(i) :(I)*(<WT7[K(2)7 7§(L_1)]>)a (7)
where ®* : R — R is a smooth function and wi € S(£=2)-(d=1)—1,

First, we state Lemma 6.2 in [[15]], which is useful for our construction of the matrices W* and A*.
Consider a smooth function ¢ : [—1, 1] — R. It can be approximated as a linear combination of step
functions (derivatives of ReLU) for all u € (—1, 1), i.e., there exists a “weight function” H : RZ — R
such that ¢ (u) ~ Ea, g5, [H (@1,00) L, i 5, T=uz 15,>0] Where a1, 1 ~ N (0,1) and by ~
N (0, 1) are independent random variables (we omitted some technical details).

The above statement can be straightforwardly extended to the following slightly more general version:

Lemma 4.1. For every smooth function ¢, any W € S, and any ¢ € (0, m> there exists a

H:R?* > (—€.(¢,1),€. (¢,1)), which is €. (¢, 1)-Lipschitz continuous and for all u € S*~*, we
have

‘Qb(WTU) — Ewrn(0,1),00~A(0,1) [H (W W, bg) HwTu+b020]‘ <e.

Very informally, this lemma states that the activation pattern of a one-layer ReLU network (given by
I, Tu>0) at initialization can be used to express a smooth function of the dot product of the input
vector with a fixed vector. While the above statement involves an expectation, one can easily replace
it by an empirical average with slight increase in error. This statement formed the basis for FFN and
RNN results in [15}37]]. Can we use it for RNNs for our general concept class? An attempt to do
so is the following lemma showing that the pseudo-network can express any smooth function of the
hidden state h(“—1) and x(F).

Lemma 4.2 (Informal). For a given smooth function ¢, a vector w € S t4=1 and any ¢ €

(O, %), there exist matrices W* and A* such that for every normalized input sequence x =

(X(l), . 7X(L))formedfrom a sequence X, we have with high probability,

* * — — L
PO W, A7) = o((w, 0 <)) < e,
provided m = poly (%, L,&(¢,0(1))). Vector x:(dLL is x\I) without the last coordinate, the bias
term appended to each input.

The reason h(*~1 and x(%) come up is because they serve as inputs to the RNN cell when processing
the L-th input. The proof sketched below uses the fact that RNNs are one-layer FFNs unrolled over
time. Hence, we could try to apply the result of Lemma4.1|to the RNN cell at step L. However, a
difficulty arises in carrying out this plan because the contributions of previous times steps also come
up (as seen in the equations below) and it can be difficult to disentangle the contribution of step L.
This is addressed in the proof:

Proof. Recall that W, A ~ N (0, %I) Also, recall that we have assumed for simplicity do,s = 1.
Hence, B and Back;_,;, are row and column vectors respectively. For typographical simplicty,
denote by b, and Back;_,, , the respective r-th components of these vectors.

We set W* := 0 and for every r € [m], &} := Lb, H(\/m/2({[W,,ar.a-1],W)), /m/2arq)eq,
for a function H that we will describe below. With these choices we have

L
FO (x; W*, A*) = Y Back,_,; D" (W*h“—l) n A*x(“)

i=1

L
1 _
= 37 beBacki L H (Vi 2({[Wr, 21,90, Vi 20ma) - Taat a0

i=1 r€[m)



In the last step, we have simplified the formula using sum over neurons. The first L — 1 summands in
the outer sum above nearly vanish due to small correlation between B and Back;_,;, for ¢ < L (see
Lemma F.11)). Recall that Back_,;, = B and thus the correlation is not small for ¢ = L. This gives

1
F(L) (X; W*a A*) ~ E Z bfz“H( V m/2(<[w7"7a7',1d—1]7w>)7 V m/2a7",d) : Hw;,rh("’_w-i-a:x(i)ZO?
re[m]

Now, this resembles a discretized version of Lemma We can substitute u as [h(“~ x(F)] in
Lemma[.T]and use concentration bounds with respect to the randomness of weights W and A to
complete the proof. O

More generally, with much more technical work, it might be possible to prove an extension of the
above lemma asserting the existence of a pseudo-network approximating a sum of functions of type
Dien) Pi((Wi, (W=D x(®)])). However, even so it is not at all clear what class of functions of X
this represents because of the presence of the hidden state vectors.

Thus, the major challenge in constructing W* and A* to express the functions from the desired
concept class is to use the information contained in h(®. The construction of W* in [37] is not able
to use this information and ignores it by treating it as noise (which is also non-trivial). The idea
underlying our construction is that h(¥) in fact contains information about all the inputs x(1), . .., x(®)
up until step ¢. Furthermore and crucially, this information can be recovered approximately by a
linear transformation (Theorem [4.3]below). This enables us to show:

Theorem 4.3 (Existence of pseudo-network approximation for target function; abridged statement
of Theorem in the appendix). For every target function F* of the form Eq. (), there exist

matrices W* and A* such that with probability at least 1 — e_Q(”z) over W, A B, we have for
every normalized input sequence X = (x(l)7 . ,X(L)) formed from a true sequence X,

‘F(L)(XvW*aA*) - (<WT7 [i@)a s aX(Lz)D)‘ § €+ 17()»
poly(p

provided m > poly(p, L,e™1,&€.(®,0(e;1))) and e, < m.

Proof sketch. By Theoremthere exists a matrix W[L] such that W[L]Th(fﬁl) ~ [xM L x)]

for all input sequences [x(1), ..., x(%)]. We can modify w0 get €2, .. %LV, Hence,
by using [W[L]WT,O] as W and ®* as ¢ in Lemma we can have F(U)(x; W* A*) ~

@*((wT,W[L]Th(L_l)» ~ F*(X), implying F") and F* are close. Accounting for all the er-
rors in inversion and approximation of function, we get the final bound. O

Re-randomization. 1In the proof sketches of Lemmas [.2] and Theorem [4.3] above we swept a

. - . . . ——(L
technical but critical consideration under the rug: the random variables {w.., ar}re[m], W( ),

{Back; .. };c[z) and {h(i)}ie[ 1) are not independent. This invalidates application of standard
concentration inequalities w.r.t. the randomness of W and A—this application is required in the
proofs. Here our new variation of the re-randomization technique from [37]] comes in handy. The
basic idea is the following: whenever we want to apply concentration bounds w.r.t. the randomness

of W and A, we divide the set of rows into disjoint sets of equal sizes. For each set, we will
re-randomize the rows of the matrix [W, A],., show that the matrices W[L], {Back; . }ic[z) and
{ h(®) }ieqr) don’t change a lot and then apply concentration bounds w.r.t. the new weights in the set.

Finally, we account for the error from each set.

4.3 The rest of the proof

Having shown that there exists a pseudo-network approximation of the RNN that can also approx-
imate the concept class, we will complete the proof by showing that SGD can find matrices with
performance similar to W* and A* on the population objective Obj(-). Lemma shows that
the training loss decreases with time. The basic idea is to use the fact that within small radius of
perturbation, overparameterized RNNs behave as a linear network and hence the training can be



analyzed via convex optimization. Then, we show using Lemma [D.4]that the Rademacher complex-
ity for overparameterized RNNs is bounded. Again, the main idea here is that overparameterized
RNNSs behave as pseudo-networks in our overparameterized regime and hence their Rademacher
complexity can be approximated by the Rademacher complexity of pseudo-networks. Finally, using
generalization bounds on the Rademacher complexity, we get the final population-level objective in
Theorem

4.4 Invertibility of RNNs at initialization

In this section, we describe how to get back x(1), ..., x(%) from the hidden state h(%). The following
lemma states that any linear function can be represented by a one-hidden layer FFN with activation

function RelLU,with a small approximation error of the order %:
m

Lemma 4.4. [a simpler continuous version can be found in Lemma in the appendix] For any
v € RY, the linear function taking x to v x for x € R%, can be represented as

MRS
vm

withp = 2Tv, where T € R™*? is a matrix with elements i.i.d. sampled from N'(0,1).

‘VTX —p'o(Tx)| < (8)

Using the above lemma we will show that the hidden state h(%) can be inverted using a matrix
wiH - (1) (L)
o get back the input sequence x'*/, ... x\"/.

Theorem 4.5. [informal version of Theorem @] There exists a set of matrices {Wm Yeer), which
can possibly depend on W and A, such that for any €, < % and any given normalized sequence

xW . xB) with probability at least 1 — e=UP*) ywe have

H [xM ... xB)] — W[L]Th(m ||Oo < poly(L,p,m™t e,).

Very roughly, the above result is obtained by repeated application of Lemma to go from h(¥ to
(h=1) x(9)) starting with £ = L. This uses the fact that the RNN cell is a one-hidden layer neural
network and hence Lemma.4]is applicable. Several difficulties need to be overcome to carry out
this plan.

One difficulty is that a naive application of Lemma §.4]results in exponential blowup of error with
L. The reason is as follows: in Lemma the factor 2 in the linear transformation p appears

because of the activation function ReLU. A naive application will result in defining W[e] inductively

as 2[WW[£71]7 A], for 2 < ¢ < L, with W = A. This will lead to the approximation error
exploding exponentially with L in induction, since the approximation error at each step will depend

on the norm of W= .

However, one can observe from the proof of Lemma .4 that it suffices to use the following linear
transformation: p(w) = w'v I x>0, which helps in removing the factor of 2. However, this
requires knowing the indicator function I, vx>o. This implies for RNNs, we need to know the

indicator matrix D) at each step.

To do so, we define a base sequence X(0)» whose indicator matrices {DE?) } ce[r) will be used to
approximate the indicator matrix D) at each step ¢ for any sequence x. That s, Wm will be defined

inductively as [DE?)WW[K_H, DE?)A],, for 2 < ¢ < L, with W = D%A. We then show that
the approximation error of the indicator matrix builds up to give an error with polynomial dependence

on ¢, and L. We defer the technical details of this resolution to the full proof in the appendix.

Secondly, we apply re-randomization to tackle the dependence between W, A, {h(e)} ¢eqr) and

{Wm }eerr)- We performed few toy experiments on the ability of invertibility for RNNs at initializa-

“This lemma is from a companion paper (forthcoming) where it is used to invert feedforward networks; apart
from the above lemma, this work is very different from the present paper. We have reproduced the proof in full
in the appendix.



tion (Sec. . We observed, as predicted by our theorem above, that the error involved in inversion
decreases with the number of neurons and increases with the length of the sequence (Fig. ).

5 On concept classes

It is apparent that our concept class is very general as it allows arbitrary dependencies across tokens.
To concretely illustrate the generality of our concept class, and to compare with previous work, we
show that our result implies that RNNs can recognize a simple formal language Dy ,. Here we are
working in the discrete setting where each input token comes from {0, 1} possibly represented as a
vector when fed to the RNN. For a sequence z € {0, 1}Z, we define Dy, (z) to be 1 if the number of
1’s in z is exactly 1 and define it to be 0 otherwise. We can show that Dy, is not representable in the
concept class of [37] (see Theorem [H.T]in the appendix). However, we can show that the language
Dy, can be recognized with a one-layer FFN with one neuron and quadratic activation. The idea
is that we can simply calculate the number of 1’s in the input string, which is doable using a single
neuron. This implies that our concept class can represent language Dy, with low complexity.

More generally, we can show that our concept class can efficiently represent pattern matching
problems, where strings belong to a language only if they contain given strings as substrings. In
general, we can show that our concept class can express general regular languages. However, the
complexity of the concept class may depend super-polynomially on the length of the input sequence,
depending on the regular language (more discussion in sec. [H). Some regular languages allow special
treatment though. For example, consider the language PARITY. PARITY is the language over
alphabet {0, 1} with a string w = (w1, ...,w;) € PARITY iff wy +... + w; = 1mod 2, for j > 1.
We can show in sec. [Hthat PARITY is easily expressible by our concept class with small complexity.
RNNs perform well on regular language recognition task in our experiments in Sec.[l] Figuring out
which regular languages can be efficiently expressed by our concept class remains an interesting open
problem.

6 Limitations and Conclusions

We proved the first result on the training and generalization of RNNs when the functions in the
concept class are allowed to be essentially arbitrary continuous functions of the token sequence.
Conceptually the main new idea was to show that the hidden state of the RNN contains information
about the whole input sequence and this can be recovered via a linear transformation. We believe our
techniques can be used to prove similar results for echo state networks.

Two main limitations of the present work are: (1) Our overparameterized setting requires the number
of neurons to be large in terms of the problem parameters including the sequence length—and it is
often qualitatively different from the practical setting. Theoretical analysis of practical parameter
setting remains an outstanding challenge—even for one-hidden layer FFNs. (2) We did not consider
generalization to sequences longer than those in the training data. Such a result would be very
interesting but it appears that it would require stronger assumptions than our very general assumptions
about the data distribution. Our techniques might be a useful starting point to that end: for example,
if we knew that the distributions of the hidden states are similar at different times steps and the output
is the same as the hidden state (i.e. B is the identity) then our results might easily generalize to higher
lengths. We note that to our knowledge the limitation noted here holds for all works dealing with
generalization for RNNs. (3) Understanding LSTMs remains open.

Our work addresses theoretical analysis of RNNs and is not directly concerned with applications. We
do not anticipate any immediate societal impact of our work. In the long run, it may help improve
RNNS and translate to impact on the applications.
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The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes], , Or
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

* Did you include the license to the code and datasets? [Yes]

* Did you include the license to the code and datasets? The code and the data are
proprietary.

* Did you include the license to the code and datasets? [N/A]

Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes] Please see section [f]
(c) Did you discuss any potential negative societal impacts of your work? [Yes] Please see
section
(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [Yes]

(b) Did you include complete proofs of all theoretical results? [Yes] We have given
informal proof sketch for the main theorem in the main paper, with proper reference to
the complete proofs in the appendix.

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? Our paper was
more theory oriented. Hence, we conducted only few experiments that are present
in the appendix. We conducted toy experiments to get the plots in Figure [ in the
appendix. For table[I]in the appendix, we used the same code and data as [10].

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] Please check sectionﬁ]in the appendix.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] For the plots in fig. i} we specify the variance in the error
bounds over multiple runs using error bars.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] We conducted all our experiments
on a Tesla V100 GPU with 16GB memory.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...
(a) If your work uses existing assets, did you cite the creators? [Yes] We have cited the
relevant paper, whose code we used to get table[T]in the appendix.

(b) Did you mention the license of the assets? [N/A] The code we used for table[I]is a
publicly available code.

(c) Did you include any new assets either in the supplemental material or as a URL?

(d) Did you discuss whether and how consent was obtained from people whose data you're
using/curating? [Yes] We took consent from the authors of [[10] to use their data.

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A] We used the same data as [10] whose code we
used to get table
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5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
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The appendix has been structured as follows. We discuss few more notations and basic facts in
section [A] We prove few basic properties of the recurrent neural network at initialization in section[B]
In section |C] we prove in lemma that any linear function on [h(l’l), x()] at RNN cell £ can
be expressed as a linear transformation of the hidden state h(). In section we use the above
lemma to show in theoremthat from hidden state h!”], one can get [x(V), - .. x[/1] using a linear
transformation. We show in section[D.2]that a linear approximation of the recurrent neural networks
exist at initialization that can approximate the target function in our concept class. We finish the proof
in section[D.3] where we show that RNNs can find a network with population risk close to the target
function. We discuss about the experiments in section

A Further Preliminaries

A.1 Notations

Let BY := {x € R? | ||x||, < 1} be the unit Lo-ball in R?, and let S*~! := {x € R? | [|x[|, = 1}

be the unit Ly-sphere in R%. Let V; := F(($/12)/2) be the d-dimensional volume of B¢ and let

a/ . . . . .
Wa—1 = FQZTT/;) be the surface area (i.e. the (d — 1)-dimensional volume) of S?-1. Given a matrix
T € R%*% and aset S C [d;], we denote T as the matrix R/*92 that contains the rows of T
whose indices are in the set S. We will denote a diagonal matrix Dg for a given set S C [n] as
d;; = 1 fori € S and is 0 elsewhere.

For positive integer n define [n] := {1,2,...,n}. For a matrix M € R™*", set| M|, =
Q] , .. [lmum5)|| .. where m{,mJ, ... are the rows of M. Let 11 denote the Gaussian

measure on R? associated with the Gaussian probability distribution A'(0, 32I). Let pg := p} denote
the standard Gaussian measure on R

For simplicity of notation, we will use
_ 100Ldyyp - € (P, O(e; 1)) - logm

€
p = 100Ldyyt log m.

A.2 Extra set of Notations for RNNs

We denote by Ajy_q) € R™*(4=1) the matrix containing the first d — 1 columns of the matrix A.

Then, we define an alternate fixed sequence as follows: x(g) := (xgég, . ,XEOL))), where

x(o) = (09711), x{g) = (0771 e,), Vee[2,L—1], x{) =(0""1).
We will heavily use this fixed sequence to build our model later on. There is a small difference in our
definition of normalized sequence and the definition in [37]. The difference is in the definition of
x(L); our choice gives a better and simpler error bound. This difference leads to only minor changes
in the theorems that we take from [37]] and we will account for those changes.

We re-introduce two more notations here for RNNs in def. For each ¢ € [L], define D) ¢ Rmx™
as a diagonal matrix, with diagonal entries
dO =Tw h Y +a’x® >0], Vre[m) 9)
Hence, h() = D® (Wh(z_l) —I—Ax(f)). Also, define Back;_,; € RousXm foreach1 < i < j < L
by
Back; ., := BDUW...DUFUW,
with Back;_,; := B. Matrices Back;_, ; arise naturally in Eq. () in the first-order Taylor approxi-

mation in terms of the parameters of the function Fr(fl)a1 (X; W, A). Very roughly, one can interpret
Back;_,; as related to the backpropagation signal from the output at step j to the parameters at step
i.

For the fixed base sequence xgé;, PN xgg)), we will denote the hidden states by h%)) and the diagonal

matrices by D%)) for¢ < L.
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A.3 Redefine Concept Class

In this section, we re-define the concept class introduced in the main paper. We introduce additional
symbols related to the lipschitz constant and the absolute bounds over the functions, that are necessary
in the proof of the main theorem.

Definition A.1 (Concept Class). Our concept class consists of functions F : R(E=2)-(d=1) _; Rdout
defined as follows. Let ® denote a set of smooth functions with Taylor expansions with finite
complexity as in Def. To define a function F', we choose a subset {®; s : R = R}, cp] se(dow]

from ®, {w] , € SUE=DE=D=1Y ) s€ldow]- @ Set of weight vectors, and {b]. . € R}repp],seldont)s
a set of output coefficients with |bib\ < 1. Then, we define F : R(Z=2)(d=1) _ Rdout here for

each output dimension s € [doyt] We define the s-th coordinate Fy of F' = (Fy,..., Fy,,,) by
F(x) =Y b, (<w17s, ®®,. .. ,§<L*1>]>) . (10)
r€[p]

To simplify formulas, we assume ®,. ;(0) = 0 for all » and s. We denote the complexity of the
concept class by

€0, B) = max{€.(6, B)}, €@, R) = max{€. (o, R)).

Let L4 denote the Lipschitz constant of function ¢ in the range (=VL,vL) and let Ly :=

maxgeq Lg. Also, Oy denote the upper bound on the absolute value of ¢ in the range (—/L, /L)
and let Cgp := maxgcap Cy. We only focus on the properties of the functions in the above range,

since the argument to the functions (w ,, [x® ..., x(E=1]) can be shown to lie in the above range.

Using the definition of € from def. one can show that Cg, Lo < €4(P,v/2L). We assume that
there exists some function F™* in the concept class that achieves population loss OPT. Hence, our
aim is to learn a function with population loss OPT + ¢.

A.4 Important facts

We will need the following well-known results.

Fact A.1 (e.g. Cor. 5.35in [39])). Let A be an N x n matrix whose entries are independent standard
normal random variables. Then for every t > 0, with probability at least 1 — 2 exp (—t2 / 2) one has
VN = Vi =t < smin(A) < smax(A) < VN + /i + t.

Fact A.2 (e.g. Thm. 1.1 in [40]). Let ¢ € (0,1) and let m,n, N be positive integers. Consider
a random m x n matrix W = BA, where A is an N X n random matrix whose entries are
independent random variables with mean zero and (4 + €)-th moment bounded by 1, and B is an
m x N non-random matrix. Then w.p. exceeding 1 — 2 exp (—t%/2)

W] < CEIBI (Va+ vim +1), and
Smin(W) > O(&)[B]| (vVim — v — 1 - 1),

where C(€) is a constant that depends only on .

Fact A.3 (Example 2.11 in [41]). Let Z1,Zs,... be i.i.d. one-dimensional standard Gaussian
random variables. Then

1 — 2
Pr|=N 22 1| >t| <2e /8 it e (0,1).
r n; >t| <2 , Jfora (0,1)

Fact A.4 (Maximum of Gaussians, see e.g. [42].). Let x1,2,...,x, be n Gaussians following
N (0,02) . Then for any p > 0

1€[n]

Pr {max|a:i| < ﬁpa} >1— Ine" .
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Fact A.5 (Hoeffding’s inequality). Let x1,-- - , x, be n independent random variables, with each x;
strictly bounded in the interval [a;,b;). Let T = = 3", ;. Then for any p > 0,

_ _ P _9p?
P *]Ez > = i*bi2 < p’
r ||z x|_n E (a )2 <e

3

Definition A.2 (e-net on the sphere). A set N' C S¢~1 is called an e-net of S~ if every point in
S9! is within Euclidean distance ¢ of some point in A/. In other words, for every x € S?~! there is
a point X € N such that||x — x|| < e.

Fact A.6 (see the proof of Cor. 4.2.13 in [43]). S?~! has an e-net of size at most (3/¢)°.

Let 7 : R? — R be a class of function and Z = (x1,...,Xx) be a set of training examples in RY,
The empirical rademacher complexity is given by

1
R(F,2) = supEceqeny |5 D Caf(xq)
fer q€[N]

Fact A.7 (Generalization through rademacher complexity, [44]). If for every function f € F,
then with probability at least 1 — 6 for any § > 0,

fI<b,

N by/log(1/d
sup []Exepf(x) — Exegf(x)] <2R(F,Z)+ O(L(/))
feF VN
Fact A.8 (Rademacher complexity of linear networks, [44]). Suppose ||x||, =1 forall x € X. The
class F = {x = (w,x) | ||w||2 < B} has rademacher complexity

R(F,2)<0 (\%) .

B Some basic properties of recurrent neural networks at initialization

The following lemma shows some basic properties of the recurrent neural network at initialization.
They are a result of the concentration bounds that can be applied for gaussian weight matrices W
and A.

Lemma B.1. Forany e, € (0,

T
¢ € [L] with probability at least 1 — e=7*) we have

) and any normalized input sequence (x(V,x?) ... x(F), for all

L |[0O) - 2+ ([ =2)e2| < £,
2. ’Wh@H , AxWH < O(L), forall 1 < (< L

3. ’h“) ~n{f) H < Le,, forall1 < (< L.

¢ ¢ .
4. ’W(h(f) - hg(}))Hw ,HA(Xw) _ XEO)))HOO < O(2Ees), forall 1 < 0 < L.

i

(1= 157)~ ' [Ju] £ [DOWDU-DW ... DEDWDOWa| < (14 15b7 )7+ u]

forall1 <14 < j < L and any fixed vector u.

6. (1 — ﬁ)j—i-‘rl”un < HD(J‘)WD(J'—UW...D(i+2)WD(i+1)WD(i)AuH < (1+

1010L)j7i+1Hu||f07’ all1 < i < j < L and all vectors u € R

7. HDU)WDU—DW- --D(i+1>WD(i)WH < O3 forall1 <i<j<L

8. HDW - DEQHO < O3 m) forall 1 < € < L.

20



9. uTWD(j)WD(jfl)W...D(i+1)WD(i)Wv’ < @(%).

L and for all sy-sparse vectors u and so-sparse vectors v with s1, sg < pﬂg.

1<i<j<

10. uTWD(j)WD(J‘—l)W...D(i+1)WD(i)WV’ < O(\{/S%PH

L and for all sy-sparse vectors u, with s1 < p%, and a fixed vector v.

’;n),foralllgingL.

11. WD(j)WD(J’fl)W...D(i+1)WD(i)AH <O(

Proof. All of the properties except 4, 6, 9, 10 and 11 have been taken directly from Lemma B.1 and
Lemma D.1 in [37].

4 The proof will follow from the proof of property 3. We outline the proof
here. ~ We have W(h(®) — h%))) = WUU'(h® — hgg))) where U =
GS (h(l), oo, h®) hgé; . 7hE§))) . Bach entry of WU is i.i.d. from A (0, 2) . For
any fixed z we have [WUz||, < O(,/p/+/m) with probability at least 1 — e ") Tak-

ing € -net over z and using Hh“) — hgg)) H < V/Le, from property 3 gives the desired bound.

El

6 The proof will follow from property 5. We will give the brief outline here. For a fixed vector
u, property 5 shows that

1 o .
(1-——)i~i||p® AuH <HDJ>WD<J DW ... D+ WD+ WD( >AuH < (14— )i— D(”)AuH.
100L 100L
Following the proof technique of Lemma 7.1 in [45]], we can show that with probability
1— e 00",
p
(1= O(—=)) ull <||D@Aul| < (14 O(—=))]ul.
\F vm
Thus, assuming m > O(p*L?) so that —£= = O(4),
1 o
1— j—itl <HD(]) DU-DW ... DEHDWDEHDWD® A H< LIRSS T
(1=5557)" " lull < |[PYWDU-DW WDIWDO Au| < (1152 )7 ]

The proof will follow from using an e-net over R? to quantify for all vectors u

9 The proof will follow from Lemma B.14 in [19]. We will give a brief overview here.
Let v be a fixed sp-sparse vector in R™. Then, letting z = DWW ... DOWv, we

have w.p. 1 — e 2"/L%) from Lemma B.12 of [19], (1 — 1557 )7 "+ |lv]| < |lz| <
(1 + 1502 "IV
Let z© = DOW...DOWvy for i < (¢ < j. Also let U =

GS (h(l), <o h() 2 L ,z(L)>. Each entry of WU is i.i.d. from NV (0,2 ). The
dimension of WU is (m, j — i + 1 4+ L). Using Fact[A.3] we can show that for a s;-sparse

fixed vector u, w.p. at least 1 — e*Q(Ltg),

VLt

H(WU H <O(

—=)ull-

3GS denotes Gram-schmidt orthonormalization.
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Hence,
2T WDOWDU-DW . .. D<7?+1>WD<Z‘>WV‘ _ ‘uTWUUTD(j)WDU_l)W . DEHOWDO Wy
< H(WU)T uH HUTD(j)W e D(i)WVH
“Joworrfjpow - pows|
< O(\/\/g

The proof follows from setting ¢ = p,/s7 and taking an e-net bound over all so-
sparse vectors v and sp-sparse vectors u, that amounts to an error probability at least
1 — (s2logm) o=Q(m/L?) _ (Q(s1logm) o =Qs10") | which simplifies to atleast 1 — e~2(P"),
since s1, S9 < ;%.

)allliv]-

10 The proof will follow the same technique used for property 9. The only difference is that v
will be fixed and hence, no e-net is necessary for the vector v.

11 The proof will follow the same technique used for property 9. u will be chosen from
e, - ,en and v will be chosen from the set of vectors {D(i)Ael, e D(i)Aed}. Thus,

the union bound over u and v needs to consider only m and d vectors respectively, in place
of the e-net over s; and sy sparse vectors.

O

The following lemma shows that the hidden states at initialization are resilient to re-randomization of
few rows of the gaussian matrices W and A. The proof again follows from applying concentration
bounds w.r.t. the new set of weights. This lemma is used multiple times later to break the correlations
among different functions of W and A.

Lemma B.2 (Stability after re-randomization, Lemma E.1 in [37]] ). Consider a fixed set KL C [m)
with cardinality N = |K|. Consider the following matrices.

« W € R™ ™ where Wy, = wy, for k € [Mm\K but Wy, ~ N (0, %I) isiid. fork e K

e A € R™% ywhere &, = ay, for k € [m)\K but 3, ~ N (0 2) isi.id fork e K

’m

For any normalized input sequence xW L xE) e S91 e consider the following two executions
of ESNs under W and W respectively:
g® =h® =9 g0 =h® =
g® — Wh(=D 4 Ax® g0 =g 4 g — W (hw—l) n h(e—l)/) 4 Ax®

ho — o (th—l) + AX(@)) h® = h® L KO = 5 (VNV (h(e—m + h(e—w) + gxm) for 0 € [L]

and define diagonal sign matrices D@ € {0,1}™*™ and D) = DO + DO’ ¢ {0, 1}m*™ py
letting
0 _ 70
dk,k = H!J;(f)zo and dk)k = Hgi"’zo

1)

Let N =|K| < m/p*. Fix any normalized input sequence xV), ... xF). We have, with probability

at least 1 — eiQ(prz) over the randomness of W, W, A, 1~&,

1 e

e

<0 (p5 N/m) Sforevery l € [L].

2. ‘<Wk, h“)’> <0 <p5N2/3m_2/3) forevery k € [m], £ € [L].
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3. [|[Wich®’

<O (p5N2/3m*2/3) forevery l € [L].

4 |[DO - 15“>H0 < O(p*NY3m2/3), for all € € [L).

< O(p°(N/m)"/%)|lv

5. (Higz'gj DE—C+DW — Higefgj D(k%/*l)W) v , for all

1 <1 < j < L and for a fixed vector v.

< O(p8(N/m)?/3), for all
2

6. W;g (Higf’gj D(k—eu,-l)w _ Higz/gj D(k_g/+1)w) v

1 <1 < j < L and for a fixed vector v.

Proof. All the properties except 3, 5 and 6 follow from Lemma E.1 in [37].

3 The proof will follow the same technique as used for property 2. We give a brief overview
here. We follow the same technique to expand the desired term

Wh® = D;CWD(Z)’(g(e) + g(f)/) + DWDWO g
We bound both the terms using the same technique with the following difference: we use
property 9 of Lemmato bound the terms HD;CWD(Z)’ and HD;CWD(e)g(Z)’

5 The proof follows from the proof of Lemma E.1(4) in [37]]. In the proof of lemma E.1(4),
the term that has been bounded is

H D+ — H D*=C+DW | e, , where k € [m).
1<l <j 1<l <j 2
The important property of the vectors ey, that is used to bound the term above is the 1-sparsity
of the vectors, which is necessary for using a property similar to property 9 of lemma[B.1]
However, we can show that the same bound holds for a fixed vector v by bounding the terms

that contain v using property 10 of lemma[B.T]

6 The proof will follow the same technique as used for property 5. We give a brief overview
here.
For property 5, the term under consideration, (Hig@/gj DE-CHOW — T, D(’“_Z/“)W) v,

was expanded into all the (exponentially many) difference terms, which were bounded
separately. Denote the difference terms as T, T, - - -.

For each term T,;, the product WxT; can be written as a product of
DicW([Ty, o<, D®W)D and a term T;, for some i < /1,/y < j and D is either
Dy or DY — DE?). The term T; will be bounded in a similar manner as has been done
in the proof of property 5. However, the extra term that appears will be the bound of the
norm of D W (I, <4<, D" W)D, which is bounded by O(p+/N/m) using property 9
of lemma[B.1l

We will give an example for a term T';. Few terms will be of the form
( H DOW) . D)W . ( H DOW)v,
£1<0< Ly Lo <t<ty
for some {1, /5, {5. We break its product with W as
Wi - ( H DOW) . DEI'W . ( H DOW)v

£1<L<Lo Lo <l<l3

= | DxW - ( H DOW) . D) | . | D). H DOW)v
£ <U<tl Ly <t<L3

Term 1 Term 2
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Term 2 appears in the proof of property 5. Term 1 is the extra term that needs to be bounded
and we can use property 9 of 1emmato bound its norm by O(p\/N/m).

C Invertibility at a single step

The section has been structured as follows: we first prove that a linear transformation of a random
ReLU network can give back a linear function of the input in lemma [C.1} We then explain why a
simple application of the above lemma doesn’t give a similar lemma for random RNNs which is, we
need to make sure we break the correlations among input, the output vector and the weight matrices.
We show that such correlations can be broken using the arguments in Claims[C.6] [C.8] and[C.9]
This then helps us to prove lemma [C.3]using an application of lemma|[C.1]

C.1 Invertibility of one layer ReLU networks

The following lemma is from a companion paper (Anonymous Authors); we reproduce its proof here
for completeness.

Lemma C.1. For any v € R%, the linear function taking x to v x for x € R%, can be represented
as

vix= /]Rd p(w) o(w'x) dug(w), (11)

with

p(w) = 2w 'v.
Remark. A similar statement can be gleaned from the proof of Proposition 4 of [46] which gives
a similar representation except that w is uniformly distributed on S~! instead of being Gaussian.
The proof there makes use of spherical harmonics and does not seem to immediately apply to the

Gaussian case. The proof below is elementary and can be easily adapted to any spherically-symmetric
distribution.

Proof. In the following, we re-parametrize w as 7w for some r > 0,w € S¢~1,

% /Rd p(w) o(w'x)dug(w) = /weRd viw (wa> H(wa)zo dp (w)

v (/w w (W) (s <W>>

VT (m Lo e () g drdw>
<<\/217r> [ e dr) v (fw % (%) a0 dW)
- ((\/%)ﬁd/ T2+ ”) v (/w W (W) Twrso dW)

d T —T —
EEN </WESMWW “(wa)ZOdW>X

= v Cgx, (12)




where Cy = fWESd71 WWTH(WTX >0 dw. Let the orthogonal matrix Uy be such that UI X =€

(the choice is not unique; we choose one arbitrarily). Then
Cx = / WWTH(WTX)>O dw
wesd—1 -

:/ s IUXW(UXW)TH(UXW)TXZO dW
wesSe™

= Uy ( / WW ' g7 (UT0 dw> U]
WeSd71

= U, / W I, >0 dw | U/
wesd—1 -

=U,C.,U/. (13)
Using the symmetry of S?~! we claim

Claim C.2. We have Ce, = K1, for a constant K4 (evaluated below).

Proof. Let’s first restate the claim:

- o, ifi#
Ce,lij = W I, >0 dW = § .
[Ce, lij /wesdlwwj 120 CW {Kd, otherwise.

To prove this, note that
1

/ E% Hﬁl 20 dw = - / ﬁ% dw,
weSd—1 2 weSd—1

because w3 takes on the same value on (W, W, W3, - - .) and on (—1, Wa, W3, . . .). Similarly

1
—9 — 21—
/ W3 I, >0 AW = 3 w; dw,
wesd-1 wesd-1

because 3 takes on the same value on (W, Wa, W3, . . .) and on (—1, Wa, W3, . . .). Now clearly

/ Wi dw = / w3 dw.
wesd-1 wesd-1

Thus we have shown that fw cgi1 EZZ I, >0 dW does not depend on 7. Now notice that

/ WiW H@lzo dw =0
wesd-1

because for each point (w1, Ws, W3, . . .) there’s a corresponding point (W, —Ws, W3, . . .) with the
integrands taking on opposite values (or both are 0). A similar argument shows more generally that
for all i # j we have [ _c. ) WiW; g, >0 dW = 0.

Now we evaluate K 4. Using Claim[C.2] we can write
1 1 1 |S4=1
Kq=~trCo, = = trww ') g, >0 dW = Iz, >0 AW = :
1At d/wegdl(rww M, 20 dw d/wegdl 20V g

Using the orthogonality of Uy and Claim[C.2]in (I3) it follows that
Cx = U,C,, U] = K,U,IU] = K I
Continuing from where we left off in (T12) we have
1

d dK 1
f/ p(w)o(w'x)dpg(w) = ——v ' Cyx = 4 Tx = —vTx
2 Rd ‘Sd_1| -

Thus,
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Lemma[C.T|can be extended to gaussian distribution over w with variance SI, for any 5 > 0.

Corollary C.2.1. For any v € RY, the linear function taking x to v'x for x € R, can be
represented as

ﬂ—ZvTx = / p(w)o(w'x) du'g(w), (14)
R

with
p(w) = w'v.

Lemma|[C.T| can be discretized so that instead of the integral in (I, we use an empirical average.
This comes at the expense of making the resulting version of (TI]) approximate. Furthermore, we can
generalize the lemma so that instead of taking us from h") = ¢(Wx ™) to v Tx(1) it takes us from
h® to v a1 x®] for every ¢ € [L]. The following lemma does both of these.

C.2 Invertibility at a single step of RNN

Lemma C.3. We have an RNN at random initialization as defined in Def. [3.2] Fix any { e
{0,1,...,L— 1} and ¢ € (0,1). Let g : R™T x R™+4 — R be given by g(v,[h,x]) = v'[h,x].
Consider a vector v € R™*< which is stable against re-randomization, as speciﬁed later in As-
sumption |1| with constants (k,(). Let f (v, h(zfl),x(z)) =Y uo (w;h“il) + a?x(z)) ,
where

u; = [wi, a;] v

Then for a given normalized sequence x(V) - - x) with x(©) € R for each ( € [L], and for any
constant p > 0, we have

|g(v, [h(Z—l)’X(Z)]) _ f(V h(l 1) Z))| < O( 5+nm—1/12 +p1+nm—{/2 +p1+nm—1/4 +p5+nm—1/4> HVHv

with probability at least 1 — e~ Q")

Proof. The major issue in using a discrete version of lemma directly for input [h(efl), x| is that
there is a coupling between the randomness of the weights W, A and the hidden vector h(*~1). This
coupling can be understood as the dependence of h*~1) on the choice of weight vectors in W and
A. There may also be a coupling between the randomness of v and the weights W, A, for which we
take some assumption later. To decouple this randomness, we use the fact that ESNs are stable to

re-randomization of few rows of the weight matrices and follow the proof technique of Lemma G.3
[37].

Choose a random subset I C [m] of size || = N. Define the function fx as

fic(v,hD x(Oy = ZukU wi h=D 4 alx®),
kex

Replace the rows {wy, ak}ke,C of W and A with freshly new i.i.d. samples Wy, a ~ N (0 ( )= I) .
to form new matrices W and A.. For the given sequence, we follow the notation of Lemma to
denote the hidden states corresponding to the old and the new weight matrices. We will assume one
property for v. Let say v depends on the matrices W and A and becomes v, with the new matrices

W and A. Then, we assume that the norm difference of v and v is small with high probability.

Assumption 1. With probability at least 1 — e=UP®), there exists constants r > 0and ¢ < 1 such
that

[v = %] < o wpmyciivi
[[Wic, Axcls (v = 9)]| < 0" (N/m)**|[v])), ¥k € [m].

We will show later that the vector v that we need for inversion satisfies the above assumption with
constants (x, () = (6,1/6). Also, if v is independent of W and A, then the constants needed in the
assumption are (s, () = (0,0).

The following claim shows that under the assumption |1} function fx and % g are close to each other
with high probability.
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Claim C.4. For the given sequence xV) ... x(I),

N _
- Eg(va [h(ﬁ 1)7 X(E)])

<0 (p5+/<;N7/6m77/6 4 (N /m) S 4l N2 +p5+K(N/m)3/2) vl

fie(v, h(f—l), x(e))

with probability exceeding 1 — e~ %P,

The above claim has been restated and proven in claim [C.3]

To complete the proof, we divide the set of neurons into /N disjoint sets Ky, - - - , Ky, /v, €ach set
is of size N. We apply the Claim[C.4]to each subset K; and then add up the errors from each subset.

That is, with probability at least 1 — %e‘ﬂ(pz),

m

F(RED, x0) =

~
=z

' (h(ffl)’ X(Z))

i

=

.
Il

2
2»—*
3=

g([h(“l), X(Z)]) + errorg,

=1

m/N
= g([h(z_l),x(z)]) + Z errorg,,

=1

where by Claim [C.4}

lerrori,| < O (p5""’“N7/6m_7/6 + p RN /m) TS 4 pt RN 2t p5+“(N/m)3/2) vl

Thus,

‘f(h(z—l)’x(@) _ g([h(e_l),x(e)})‘ <0 <p6+nN1/6m—1/6 + PR (N/m)S + plteN L2 +p5+"‘(N/m)1/2)-||v||,

with probability at least 1 — %e‘ﬂ(f’z).
Choosing N = m'/2, we have

‘f(h(l—l)’X(Z)) _g([h(é—l))x(é)])‘ <0 <p5+nm—1/12 +p1+nm—g/2 +p1+nm—1/4 +p5+nm—1/4> HVH’

with probability at least 1 — y/me~%(¢") > 1 — =), For Lemmato hold true, we need
N < 23 Hence, we require vm < ~25, which translates to m > pi6.

O

C.3 Proof of Claim|C.4
Claim C.5 (Restating claim|(C.4). For the given sequence xV), ..  x(1),

- N -
f;g(v,h(‘} 1)’X(f)) — Eg(v’ [h(é 1)’X(4)])

<0 (p5+nN7/6m—7/6 + MR (N/m) S 4 LR N/ 2 —|—p5+”‘(N/m)3/2) vl
with probability exceeding 1 — e~ P,

Proof. We will need {wy, },, - to satisfy several conditions. We will lower-bound the probability of
each of these events and finally lower bound the probability of their intersection via the union bound.

For the sake of clarity we will explicitly label these events F1, Es, E'3, and Fjy.
The following claim shows that since h(*~1) doesn’t change much with re-randomization (from

lemma , the function f doesn’t change much if we change the argument from h~1 to h(=D),
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Claim C.6.
f}c(“h(z—l)’x(z)) B f’c(v’ﬂ(é—l)7x(€))‘ <0 (p5+RN7/6m—7/6”V||) ’

with probability at least 1 — e~ P,

Proof. We have,

fic(v, =D xO) — £y (v, H([_l),x(é))‘ = Z g (a(w,;rh(l_l) +a] x) — o(wh¢ D 4 a;—x(z)))
kex

= Z Uk (U(w,;rh(l_l) +a] x) — o(wh¢ D 4 a,;rx(z)))
kex

~ 2
< el /3 (Wb +alx) — o(w[BED +al x(0))

ke
_ 2
<l (|3 ((w,‘ghwn +a7x) — (wlhe - a,:xu)))
kel
=[lux| [ (W] (B¢ —h(=1))2,
ke

where we use cauchy schwartz inequality in the third step and 1-lipschitzness of the activation
function ReLU in the pre-final step. We will bound the two factors above separately:

‘We have,

Hu;g” = HWK’AK]TVH :H[WIC)AIC]TG + [W}C,A}C]r (V - G)H S H[WK:7AK:]TGH —‘y—H[W;C,A;C]T. (V - V)H .
15)

We break uy into two terms, since we need to handle the correlation between [W i, Ax], and v and
we will do that using assumption|[I}

Since, [Wi, Ax], and v are independent, we can use the concentration inequality for chi-squared
distributions (Fact[A.3) to get

~ 2N 2pV8N
Wi, Ax],v| < — P

VIl

with probability at least 1 — 2¢=*" . It can be further simplified into

- 2N 20V 2N
[Wie, Axl, ¥ <4/ 119 + VI o
m m

using the fact that /1 + y < 1+ y/2 for any variable y > 0. Also, from assumption we have with
probability 1 — e=(P*),

[[Wic, Al (v = 9)|| < O(p"(N/m)*+¢]|v]]).

Hence, with probability 1 — e~ P,

2N . 2pV2N ;
[ Wi, Al v]] <\ =191+ 222 91+ O (8/m) 2+ o).

Finally going back to eq.[I5] with repeated utilization of assumption [I| we have

2N . 2pV2N .
[W, Al </ 91+ 22 91 O (N fm) 5wl
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VI +4/ =V =il + IV = vl + O™ (N/m)***<v])

< /2] Qpru I+ ;Hv—vnﬂpmr—vww SN /m) v
<2l QPFH I+ 20 vl + 2”*ﬁn — V][ + O (N/m)* < v )

o+ 220 2 o 9
n 2p\/ﬁ.

_ /2NH I+ 2p\/2N 2N 2p\/2N
<3/ —|Vv

O(p"(N/m)“|[v]]) + O(p" (N/m)*=*¢||v]))

<0 (p"V/N/m-|Ivl) .

giving us a bound on norm of ux. Let us call this event E}.

Lemmashows that with probability at least 1 — e~2(?"),
Hh(eq) _ H(zq)” <0 (p5N1/2m*1/2) (16)

HW,C (h“—l) - E“—l)) H <0 (p5N2/3m_2/3) . Yk e [m] (17)

Let us call this event Es.

Combining the two bounds we get

Fe(w, D x0) = fie(w DD XO) | < el 3 (wil (w61 — B2

< (o VN/m) vl - [ (w] (0D —Re-D))2

keK

= (VT v [ woe (e~ )|
< (p"VN/m) vl - O (PP N*/2m=2%)
@

( 5+KN7/6m—7/6HV||) :

with probability at least Pr[Ey N Ey] > 1 — e=20") — 2¢=0" > 1 — =200, O

The following claim shows that since v doesn’t change much with re-randomization (from assump-
tion , the function f doesn’t change much if we change the argument from v to v.

Claim C.7.
Fe(v, WD x0) — (@, 0D xO) | < O (N/m) v ),
with probability at least 1 — e~ Q%)
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Proof. Letu = [W, A],v. We have,

fe(v, b x0) — fie (¥, D, x“))‘ =D (ur =) o(w B+ alx(0)

kek
< Z Th(f D +a] x(0)2 Z(Uk—ﬂk)z
kek kex
Z( Th(e D 4 a] x(0)2 Z (up, — Up)?
ke ek
> (wlhED +alx@)2 1N ([fwi, ], (v — V)2,
kel kel

where we use cauchy schwartz inequality in the second step and 1-lipschitzness of ReLU in the
pre-final step.

We will bound the two factors above separately: Since, [W i, Ax], and h are independent, we can
use the concentration inequality for chi-squared distributions (Fact[A.3) to get

S (wl R+ afx(®)2 < 2 4 MH[E(H’X“”H ,
m m
kek

with probability at least 1 — 2¢=P". Tt can be further simplified into

~ 2N ||~ 20V 2N ||~
Z(w;h(f—l) +alx)? < MWH[h(bl)’xm}H i pTH[h(Z—l),X(z)]H :

keKx

using the fact that /1 + y < 1 + y/2 for any variable y > 0. Let’s call this event Ej.

We assume that our deep random neural network satisfies [|h(“~1 || € (/2 + (£ — 2)e2 — £—
24 (0 —2)e2 + \ﬁ) for all ¢ € [L]. This happens with probability at least 1 — e~2(") w.r.t.
the matrices W and A from Lemma Thus, provided m > Q(p*) and ¢, < 1, |h(=D| €

(\/5, \/3) Let’s call this event Fy4. Also, since the sequence is assumed to be input normalized,

[
Z hf 1)+a X(@))2<2 l2N 4[)\/2N’
m m

ke

Again, from assumption we have with probability 1 — e~ "),
Wi, Akl (v = 9)|| < O(p"(N/m)**¢||v ).
Let us call this event Es.

Combining the two bounds we get

fe(v, R xO) — (v, D x® ‘ Z wlh(=1 4 alx(0)2 Z Wi, ag), (v —Vv))?
kek kex

< (2\/T+ ‘W\T{lﬁ) SO(p"(N/m)2> v ),

< O(p" ™ (N/m)*¢|Iv])),

with probability at least Pr[Es N Ey N E5] > 1 — 3¢~ > 1 — Q") O
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The next claim shows that the functions % g and f are close to each other, using concentration bounds
w.rt. {w, },cx and {a, },cx.

Claim C.8.

o N _ -
Fe(@ Y xO) = —g(v, [0, x O] < O(p TN 2m T v])),
with probability at least 1 — e~ %),

Proof. Since v and h(~1 doesn’t depend on {wy} ., we can use corollary directly to get

1 2 ~_ 1 ~,
B e x0) = 2= (D, xO]) = ([0, X)),

2 m
Let ¥ = ¥/|[¥] and [a(-1), x(0] = B0
)

For the giVen sequence X(l)a e 7X( ), we have

1 ~ 1
1o e e oy - Lo e (0
‘NflC(vv y X ) mg(vv[ , X ])

1 ~ ~p_ ~ ~—
=¥ Z[wk,ak}Tva(w,—!h(f b4 a;x(z)) — Ew~N( d)WTva(WT[h(E 1),X(z)])

), 7 Imtd
kek
1 -
~T T T — )
=V N Z[W’f’a’f}[w’f’ak} H[Wk,ak]T[E<f—1>,x(€>]20 _Eww\f(o,%ImM)WW HWT[E(E—w,x(ﬂ)]Zo [h( 1)aX( )]
kek

(e =T/1
= (9] 1B x ) [ (N;[wk,aknwk,am[wkvak]TWZo
S

*m

T FTRTaT
BN (0,21, VW HWTWEO) [h( 1),x(z)}‘

~ 2
¥, O

T
1 - J—
’ l— 0 o -
2 ’N I;C <<[h( 1)7X( )] + V) [Wk7 ak]H[Wk,ak]T[fl(l1),x(‘7)]>0>
(S
2

S T
_ EWNN(O,%I) (([h(é—l),xw)} + V) w]IwT[ﬁ(“>’x(e)]>0> )
(18)

FIIThE-D x® T
LIt o ]||‘NZ([h(fl),x(€)] [wi, ]I

2
{wk,akmﬁ<fl>,x<4>1>o>
ke

*m

—_—T 2
—En(0,21) <[h“‘1)7x(5)] WHWTWZ()) ‘ (19)

2
i |1, <O | 1

2

=T

5 N Z ( Wkaak [Wk’ak]T[ﬂ(e1)’x(g)]>0) _EWNN(O,%I) (V WHWT[E("'l),x“>]>O)
ke

(20)

The three terms above in (I8), (I9 and @20) correspond to the large deviation
_ T

bounds for random  variables ([h(ll),x“)]qt?) (Wi, ax]

I _
[Wi,ar] T [h(4=1) x(D]>0’

W0, X O fwe,anll, e amze 2V Weardl, o ma s,  Tespecs
tively. Each of these random variables is sub-exponential as it is bounded above by a squared

Gaussian random variable using the fact that w ~ N (O7 %I):
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(D, xO19) Twianll e )7 < (D, xO4+9) Twi, ay])?

- J— - — 2
and ([h~1,x(O] +¥)Tw ~ N(0, % [[n=D, xO] + V|| ),

* (D, xO]) T [wi, ]l < (D, xO]) T [wy, ax])? and

2
[wk ak]T[ﬁ(’Fl) x(£)]>0)
—_ 2

([, xO)) Tw ~ N0, 2 [0, x| )

— — - _ 2
. <<vmwk,ak]n[wk_,ammm)? < (9)T Wi an])? and () Tw ~ N(0, 2 [F]°).

For typographical convenience, denote the expressions in (T8)), (T9) and (20) by P({x(©)}), Q( {x®})
and R({x"}), respectively We assume that our deep random neural network satisfies [[h(*~1)|| €

( ST (-2~ L=\ 24 ([~ 2 + f) for all ¢ € [L], with probability at least 1 —

¢=2r*) Thus, provided m, > Q(p*) and e, < 7, [h=D || e (\@, \/§> This event was taken care
before in event E4. Using this and concentration of chi-squared random variables (Fact[A.3) we get

. 2P({xD}) 2\[ P T iy
o “"”” [0 x| = \/ﬁp - 2 [|[h-D), x ()] +v|| <e

i X(e) —_—_ 2 o,

P | R < 2 2 T | <

* Pr 213'({)(“)}) < 22 25 < e P
R xe)] = VN = IvIE | <

Define the following event

P({x"}) 2V2p

9 = _2
Es({x}) = = < - — [[a=1,xO] 4+ v
9|0, xop| = VN m

© 2V2p 2 mooo o

A 2@({}( }) < \/>p o~ ”[h(g 1) g)]”
¥, x@) — VNm
2R({x})  _2v2p 2

o — =S¥
e <o < VE
We have thus shown that for the given sequence x(1), x() ... x(I) with probability at least 1 —

e~ — e~ P the event Eg (x) N E3 occurs, which implies
1 o~ 1 -
| Fe@ RO, xO) - g ([, B, x 1))

[ b, (Z)]H Q\fp 2
VN

- 2

(Il[h“ D xO]+ 7 + R, xON + %)
2n

< 10V20 15 | e, 0| < 2220 g
Nm ’ \/>
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Hence with probabilty 1 — e=%(°*),

~ ~(r— N =~ 32V2Np,
|f}c(V,h(£ 1)7X(£))_Eg(va [h(e 1)7X(é)])‘ || ||

We further use assumption [I]to get

v, hD x© _N R x(© 32v2p
@R, x0) - Sy, D= =20

(VI -+ =¥l

< % <||v|| +0 (p"(V/m)°) ||V||>

< O(p N 2m~tv])),

< 32v2pV'N

with probability exceeding 1 — e~%(*). O

The following claim again uses the property that v and h(*~1) doesn’t change much with re-
randomization to show that function g is also stable to re-randomization.

Claim C.9.

N o = N . i (
(5D 10 — v, I, x| < 0 (/) -v].

with probability exceeding 1 — =P,
Proof.
9%, =D, xO]) = g(v, [0, x|
— ‘VT[hw—l),X(z)} — YT R¢-Y, X(é)}‘
_ ’vT[hwfl),x(e)} — TR, xO] £ FTRED, xO] 3T R, x<f>]’
< ‘(v — ;)T =D xO] — VT[h“—l),x(‘f)’ + ‘QT[E(K—D’ x0] =¥ T, X(ﬁ)]’
< v =D x| + 5 - n|

< Iy =¥ D O] +17 — vf[BED = B v R - n¢)).

We assume that our deep random neural network satisfies |h(“~V || € (/2 + (£ — 2)e2 — 2—

24 (0 —2)e2 + \ﬁ) for all ¢ € [L]. This happens with probability at least 1 — e~2(") w.r.t.
the matrices W and A from Lemma Thus, provided m > Q(p*) and €, < 1, W=D e

(\/5, \/3) Let’s call this event F7. Using assumption event F5 and event E-, we have with
probability 1 — e~2(F"),

9%, 1, xO]) — g(v, [0, x))

<l = |V x 1| + 7 = v [RED = nED| + vl [B¢ED - nD|

< O(p"(N/m)* (2 + O(p* (N/m)*/2))) - [ vl + O(p° (N /m)*/2) -||v]|
< O(p* T (N/m)Y2) -||v]].
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Claims[C.6][C.§] and@]glold if the event £y N B, N E3 N E4 N E5 N Eg N E7 occurs. This has
probability at least 1 — e~ %) Thus, we have

_ N _
fr (v, h¢ 1),X(f)) _ Eg(v’ [h(é 1)7x(4)])’

< ‘f;c(v,h(‘z‘l),x“)) _ f,c(v,ﬁ(‘f‘l),x“))’ —|—‘f,c(v,fl(£_l),x(£)) _ f,C(V,}Nl(‘f_l),x“))’

o~ N _ ~
+ (@0 xO) - — g%, D, xO])
m

N = N
N o 5D <O — Ny e ®
+’mg([v, X)) = —g(v, | x))

<0 (p5+HN5/3m77/6 4 PN /m) S 4 pltr N/ 21 +p5+n(N/m)3/2> vl

D Generalization bounds of Recurrent neural networks

The proof has been structured as follows: In section[D.I] we prove thm. where we show that
a linear transformation of h(*) can give back [x"), ..., x(%)]. The proof follows from a direct
application of lemma|[C.3] Claim [E.I0|shows that the linear matrix at each induction step satisfies a
property of stability necessary for the inductive application of lemma|C.3

In section[D.2] we first define a pseudo recurrent neural network that stays close to the over parame-
terized RNN at initialization throughout SGD. We then show in thm. [D.2]that there exists a pseudo
network which can approximate the target function in concept class. The proof involves breaking
correlations among the hidden states and the weight matrices and then we show that the pseudo
network concentrates on the desired signal. The above two steps have been divided among the four

intermediate claims: [F.6] [F.7]and [E8]

In section [D.3] we prove theorem [D.5| which shows that RNNs can attain a population risk similar to
the target function in the concept class using SGD. First, we show that the pseudo neural network
stays close to RNN with small perturbation around initialization in lemmas[G.3]and[G.2] We then
show that there exists a RNN close to random RNN that can approximate the target function in
lemma|[G.4] We complete the argument by showing that the SGD can find matrices with training loss
close to the optimal in lemma and then bounding the Rademacher complexity of RNNs with
bounds on the movement in the weight matrices in lemma[D.4]

D.1 Invertibility of RNNs at initialization

et byfe) — ,1f kp > k.. Otherwise, b:ke) = 1. Define W' in uctively
Let Wkko) = [T, ., D)W, if ky > k.. Otherwise, W(k»-5) = I. Define W'* inductivel
as follows:

wi = {DE?)WWV”, D%))A} . for2<(<L,

with W
¢ > 2, which will be helpful for presentation later on.

= DE})gA. We can show that W' = [W“’”DﬁéiAaW“‘”D%Aa . 7DE€))A]T for

Theorem D.1. Forany e, < % and a given normalized sequence xV) - .. | x(F),

S,

x(® x0)] - WH TR®

oo

<0 (L4 ) (p11m71/12 +p7m71/12 +p7m71/4 —|—p11m71/4)) +O(p2L11/6ei/3)
with probability at least 1 — e~ P,

Proof. The theorem has been restated and proven in theorem [E.1] O
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Corollary D.1.1. For a given normalized sequence x and any €, < %, with probability at least
1— 20" yurt the weights W and A,

‘W[LlThwl) e %D, ... xED)

<0 (L4 ) (p11m—1/12 +p7m—1/12 +p7m_1/4 +p11m—1/4)) —I—O(L4/3Ei/3)
< O(L‘Lp”m*l/u +p2L11/6€i/3),

]

where W[é is slightly redefined as

el =Dyl —2 pee-1
W' =Dl "WW DY Ay, forall > 4,

with W[Q] = D%A[d_l] and Ajq_q) € R™*(4=1) denotes the matrix which contains the first d — 1

columns of the matrix A.

Proof. The difference from Thm. [D.1]is that here we attempt to get the first d — 1 dimensions of the
vectors x(2) ... x(L=1)_ This leads to a small change in the inversion matrix. O

Note that in the above corollary, W[L} = [W(LVB)D(z)A[d_I] , W(L’4)D(3)A[d_1], e ,W(L*L)D(g)_l)A[d_l]]r,

(0) (0) (
where W (Fv-ke) =TT Ky >0>ke D%))W. We are going to use this definition in the following theorems.

D.2 Existence of good pseudo network
We first define a pseudo RNN model, which is shown later to stay close to the RNN model during the
gradient descent dynamics.

Definition D.1 (Pseudo Recurrent Neural Network). Given two matrices W* € R™>*" and A* €
R™*4, the output for a pseudo RNN with activation function ReLU for a given sequence x are given
by

FO(x; W*,A%) = Y Back, ,,,D (W*h@'*l) n A*x<i>) V1 <0< L s € [dou,
i<t

where Back; ,,, = b/ D®W...DU+DW. For typographical simplicity, we will denote
FS(Z)(X; W+ A*) as FO.

Now, we show that there exist two matrices W* and A*, defined below, such that the pseudo network
is close to the concept class under consideration.

Definition D.2. Define W* and A* as follows.
W*=0

«  dou —|[L
a’ = t Z Z br,sbi/,er',s <9T/’5 ((wT,W[ ]WI,)S>) ,\/m/2ar’d> eq, Vre[m],

m
Se[dout] r’e[p]
where
2
97",5 = %7
Wl
7[/ —
and W'"! (WEDDE A1), WEIDE Ay, -+, WEDDETY Ay )]y, where

kp,ke) _ (£)
Wk =TT, o, DnW.

In the following theorem, we show that the pseudo RNN can approximate the target concept class,
using the weight W* and A* define above.
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Theorem D.2 (Existence of Good Pseudo Network). The construction of W* and A* in Defini-
tionsatisﬁes the following. For every normalized input sequence xV), - . x(F) we have with

probability at least 1 — e=P*) over W, A, B, it holds for every s € [dout)-

Pyl el Backi DO (Whi—h + Ax()

= 2refp) OhsPras <<WI,57 X3, »i(L_Q)]>

£O(dous Lpp?e + dont L/ 9pp Lo + d¥/2 Loppl Lo Co €. (P, O(e1))m—1/30).
Proof. The theorem has been restated and proven in theorem [F.1] [

D.3 Optimization and Generalization

First, we show that the training loss decreases with gradient descent. The main component of the
proof is to show that overparameterized RNN stays close to its pseudo network throughout training.
Since, the pseudo network is a linear network, it is easier to check the trajectory of the pseudo network
during gradient descent. Since we have already shown that there exists a pseudo network that can
approximate the true function, we can show that gradient descent can find some pseudo network that
performs as well as the constructed pseudo network.

Lemma D.3 (Decrease in training loss). For a constant €, = m and for every constant
1 : o -1 —
€ € (0, p-poly(p)-¢5(®70(€;1))) , there exists C' = €. (P,0(e; 1)), Cp = C4(P,v2L), and a

3 2
parameter A = © (fp) so that, as long as m > poly (C”,p, L, dout,e’l) and N > Q (’)f#) ,

setting learning rate n = © (#) andT = © (M) , we have

ep?m
E[szl E  ObjXy :W+W A+A)}<OPT+€+ 1
— % y": ’ . e 1
wil T g yrimz Y : ’f 2" poly(p)
and ||Wy | p < 2= for A = o2 EVE)
Proof. The lemma has been restated and proven in lemma|G.T] 0

Now, we bound the rademacher complexity of overparameterized RNNs. The main component of the
proof is to use the fact that overparameterized RNN stays close to its pseudo network throughout
training. Since, the pseudo network is a linear network, it is easier to compute the rademacher
complexity of pseudo network.
Lemma D.4 (Rademacher Complexity of RNNs). For every s € [dout], we have
N
1 p7 A4/3 p2 A
E sup =Y FB x W+W A+A)| <oE=—+52),
CEEN Lw) A7 <2 N; oFrune e : Gt U

where X1, ..., Xy denote the training samples in D.
Proof. The proof follows the same outline as lemma 8.1 in [37]. We give the outline here for

completeness. From lemma we have w.p. at least 1 — e=2(°") for all ¢ € [N], s € [doy¢] and for
any W', A’ with|W'[ |A’] < 2,

FiR (& W+ WA+ A) - FIP (x; WA < O(p" A2 19),

Hence, Fr(nLn) is close to F''I) and thus, its rademacher complexity will be close to that of FL) | Since,
F(L) is a linear network, we can apply the rademacher complexity for linear networks (fact|A.8) to
get the final bound. O

Now, we can combine both the theorems above to get the following theorem.
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Theorem D.5. For a constant €,, =

1 1
Doy () and for every constant € € (0, p~p01y(p)'€5(¢',o(€;1))) )

define complexity C = €. (®,0(e; 1)) and N = ﬁLP’ if the number of neurons m >
poly (C’,p, L,dous, 671) and the number of samples is N > poly (C’,p, L,dous, 671) , then SGD

withn = © (Ep%m) and T = O(p*C?poly(p)e=?) satisfies that, with probability at least

2
1— efQ(” ) over the random initialization

T-1

Elr X o Bo[omi(m i Wia)]] sOPT e
t=0 "’

poly(p)’

Proof. The proof follows from Fact[A.7|using Lemma[D.3]and Lemma [D.4] O
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E Invertibility of RNNs at initialization: proofs
E.1 Proof of theorem
Theorem E.1 (Restating theorem . For any €, < % and a given sequence xV) ... x(L),

x®, ... xP] - WH TR

oo

<0 (L4 (" “1/12 Ty, -1/12 +p7m—1/4+p11m—1/4)) +O(p2L11/6ei/3)
with probability at least 1 — e~ Q%)

Proof. Define V) inductively as follows:

V(l) = [dem, IdXd]'r [W’ A] DE(I)%

vm:[[v(f—”, O¢-tyaxa| + Oaxms Laxal, | [W. Al] D(g)

Now, we show three claims that help us to get the desired inequality.
Claim E.2. With probability at least 1 — e~ ("),
H x®, ... xO] — yOR® H
) ) 00

<0 (p11m—1/12 4 pTm Y12 +p7m_1/4+p11m_1/4> ZHV(IC)H £p2L5/6 5/3)
forall L € [L].
Claim E.3.
vO =W foranee ).
Claim E 4.
HWWT < O(L3), forallle[L),

2,00

with probability at least 1 — 2e="7’.

The above claims have been restated and proven in claims [E.6] [E.7)and [E9respectively. Hence, using

claims[E3} [E.2]and [E.4] we have

leLlThw) @, X)) ‘ :Hv(mh@) — B, x|
o0

o0

<0 (p11m71/12 4 pTm V12 g Ty 1/ +p11m71/4> ZHV(@’L JrO(szu/Gei/:a)
<L >0

—0 (p11m71/12 +p7m71/12 +p7m71/4 +p11m71/4> Z W[Z]T JrO(szu/Gei/s)

L<L

2,00

IN

O(p11m71/12+p7m71/12+p7m71/4+p11m71/4> ZO (%) | + o 2L11/662/3)
(<L

—0 <L4 ] (p11m—1/12 +p7m_1/12 +p7m—1/4 +p11m_1/4)) n O(p2L11/6ei/3).
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E.2 Proofs of the helping claims

The following restatement of Lemma [C.3]in matrix notation will be useful in the sequel.

Lemma E.5. Let V € RF¥*(m+d) for | > 1, such that each row of V satisfies assumption with
constants (k, (). Forall £ € {0,1,...,L — 1} and for a given sequence xV), - - x“) we have

VIR <) = v(w, A) TR
<0 (p5+“m’1/12 +p1+"m’4/2 _’_p1+nm71/4 +p5+mm71/4) AV s
with probability at least 1 — ke,
Claim E.6 (Restating claim . With probability at least 1 — e=2("),
H[x<1>7 o x0] - Vw)h(e)H

<0 (p11m71/12 4 pTm V12 Tyl +p11m71/4> 'ZHV(MHQ +0(€p2L5/Gei/3),
k<t et

forall ¢ € [L).
Proof. We prove the claim by induction. For £ = 1, we have

Hx(l) —vORr® H = H[Ode’ Livdl, [h(O)’X(l)] _ V(l)h(l)H
o oo
:H[odm, Liva), [0, xD] = (045, Lixal, [W, A]T Dg(l); h(l)H
SH[Ode, Taxd), h@, xM] — [0y, Liva), [W, A]TT ) h(1)H

+H[Od><m, Livd], [W, A]: (Dg(ng _ D(l)) h(l)H ]

Since by the definition of D), DMh(®) = h(1)| we have
me _V(1>h(1>Hoo SH[OM’ Lial, [0, xD] = [04scm, Laxcal, [W, A]T DO h(l)HOO
+|0icms Taxal, (W, AJL (D) - D) D
0 T, X 0, T, (W, AT 6O @2

T

(o]

+|0icms Taxal, (W, AT (D) -DO)n®| 23)

Now, using Lemma|[E:5] we can show that Eq.[22]is small, i.e.

|Odcms Tasal, B, x V] = Oacms Laxal, [W, AL O

<0 (p5m71/12 + pm~ Y4 4 p5m*1/4) .||[0de, Idxd],,.H

2,00

-0 <p5m—1/12 4 pm /4 —|—p5m_1/4>,

where we have used the fact that [0gx n, Idxdb doesn’t depend on W and A and hence each row
satisfies assumption |1 with (x,() = (0,0). Now, we will show that Eq. 23|is small. Note that

x() = xg(l); after input normalization. Also, h(®) is 0 for any sequence. Thus,

(1) _ (1)
D(O)_D .

Hence,

H[Ode, Lixd], [W, A]TT (Dg(l); -DW) h(l)H =0
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Thus, continuing from Eq. 22]and Eq.[23] we have
Hx(l) _ V(l)h(l)H <0 (p5m71/12 +om V44 p‘r’m’l/‘l) .

Assuming the claim is true for all £ < ¢/, we now try to prove for £ = ¢’ + 1. We have

|: |:V(Z/), Ogldxd:| R [Ode, Id><dL- :| [h(e/)’X(ZH»l)} 7V(€’+1)h(f'+1)

(&

_ H [V“/)h(‘/), X(z'+1)} IR VICESVINCESY
oo
> HV<Z'+1>h<E'+1> = [, )] H
_H [V(f')h(f/),x@”rl)} _ {[X(1)7._. ,X(z’)]7x(e’+1)} H
— Hvu'mhw'ﬂ) —x®, . xHD) ’
o0
_ va/)hw') W, x0T ‘
Thus,
va’ﬂ)hu'ﬂ) O, ’X(“D]H
S |: |:\]'(‘€’)7 Og/dxdi|r, [Ode7 IdXd]T :| [h([’),x(5/+1)] 7V(Z’+1)h(l’+1) (24)
+HV<2’)hw> —x®, . x)] (25)
o0
Using induction, we have in Eq.[25]
va’)[h(z’—l)’,w] —x M, x) ‘
<0 (p11m71/12 4 pTm V12 4 T/ +p11m’1/4) ) ZHV(k)HQ +O(€’p2L5/66i/3).
k<t’ e

Now, we show that Eq. @is small.

VDR E+1)
= [V(f,)7 0@’d><di| N [Ode7 IdXd]T [W, A];r Dgg/)+1)h(£’+1)
= [V(e,), Oé’dxd} s [0dxms Taxadl, (W, A]TT (D%)H) — DA R+

L T dec

+ [ {V(e/)’ OZ’dxd} . [0dsm, Idden ] (W, A]: DEHDRE+D)

C

= | [V, Ovaxa] + [0axm: Laxdl, | [W. A]L (D" =DEFRED - 26)
+ { {V(w, Oé’dxd} s [0dxms Taxal, ] (W, A]TT n+Y), 27
T C
where in the final step, we have used the definition of D' +1) to get h(/’ +1) = D+ KU +1)  Firgt,
we will focus on Eq.[27} Using Lemmal[E-3] we have

[ {V([), Oe/dxd]r, [0d5m, Lixd], }

c c

IN

(&

o (p11m71/12 4 pTm 12 4 Tt/ +p11m—1/4> H HV(M’ Of'dxd}ra [0dsms Laxal, }

2,00

O (p11m71/12 Jr/)7mf1/12 +p7m71/4 +p11m’1/4> 'HV([)

(28)

2,00
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[W,A]:h(l’ﬂ) _ { {V(e/), 0€’d><d:| [0y Taal, } {h(l') <€+D)

}

2,00



In the above steps, we have used Claim [EI0| to show that the rows of the matrix
|:|:V(ZI)7 Oé/dxd] s [Oascms Taxdl, ]

satisfies assumption 1| with (x, () = (6, §). Next, we show
that Eq. 26]is small, i.e.

c

[ {V(w, Oé’dxd}ra [0g5m, Idxd],,:| (W, A];r (D%)H) D+ R+

c

o
:H[ [V, 0vaxa) 5 Oaxm: Taxdl, ] (W, Al (D{y ™) = D) DED (W, A] [0 ]
’ T / / ’
— m?d}]( |: |:V(é ), 05’d><d:| s [demv IdXd]T :| [W’ 1&];r (DEZ)-FU I) D(Z +1) [‘Af7 A]T |:h(€ ),X(E +1):|
i€ T 1,7

= I_ré?j]( Z <[Wk,ak], [ {V([)7 Oé’dxd]ra [0axm; Taxad], } >d(z H)(d%fkl;z 1) <[Wk,ak], [h(e/)7x(e’+1)]>
v ] 1,2

ke[m

S I}é?g]( [W7 A]'f |: I:V(Z/), OZ/dXd:|T5 [dema IdXd]r :|17i N
Z d(g v 1 - Eé)ﬁclk?) <[Wk7 ak] ) |:h(el)7 X(é/+1):| >‘ y (29)
ke[m]

where we use cauchy-schwartz inequality in the final step. First note that,

max||[W, A], [ [V(ll)a Of’dxd} » [0daxms Taxadl, }
i€ld] r Lill o
/ T
||[W7 Al, [ {V(Z ), OZ’dxd} s [0ascm, Taxal, }
" 1 00,00

| brveral

00,00

< max (HWV([)TH s A oo) :
00,00 ’

First, note that using fact[A.4] we have

p
Al

oooof ’
m

with probability at least 1 — m2e””/2, which is equal to 1 — e=%(°*) since we are using p =
100Ldgyt log m. Also, from claim [E.8| we have

e ot

with probability at least 1 — e~(*"), Hence,

max
i€[d]

(W, A, [ [V(e’)7 OIZ’dxd} s [0daxms Taxal, }

Li|| o

= H [WV(HT’ A} 2

0,00

< max (HWV“ )TH AL >

(’)(—).

Elly
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By the definition of D¢ *1) and D%/)H), we can see that

e+1 241 . 241 241
Z dla—dl = {kem]  dl™ =1 & dly - 0}’

f 14
<{{kelm : df ¢d§0)ﬁj,3}‘

_ ’D(Z'+1 D(e +1)H

< O(L5e}/*m),

where we use Lemmam in the final step. Now, we focus on

<[Wkaak] , {h“/),x(f'ﬂ)}>

max

d((’ +1)(1 g )y
ke[m]

(0),kk

First, we note that

o 041 041 0 +1
‘kze (m)] : d,ﬁk“>(1—d§0)jdg):1‘ :‘{ke ml +dg Y =1 & digh) = o}‘

Hence,

‘k € [m] « df V- dlh ) = 1‘

— {k € [m] : <[wk,ak], [h(é/)7x(e/+1)}> < 0and <[Wk,ak], [h%;)7xg(‘;’)+1)}> > 0} .
This implies that for the set S, = ’k € [m] : d((Z +1)(1 - dEé)Jrklk)) 1

(o)

From 1emma we have with probability 1 — e=(#*),

<[Wkaak} , {h(él) _ hgg))7x((g/+1) . Xgé)Jrl)} >

[l

<

<[wk, ], [h“/) - hEg)), <+ ng)')“)} >‘ forallk € S,,.

< C’)(p\/fewm_l/Q).

max
ke[m]
Thus,
(£'+1) 0 +1 / 4
> a0l |l [0 +1>]>\
ke[m]

41 41 (1. (¢ ’ 41 41
<[ Y dita—al i |- | max <[wk,ak], b x +1>}> dyg, V(1= dig b))

kem] k€[m]

IN

(Z +1) (0'+1)
Z dy, (1= (O)kk) - | max

'h(e’) (z’+1)}
keS,, Wk:vak I y X

ke[m]

(é+1) JC+D NG (£) x4 o
< | 2 du U —diga) | - | max <Wk’ak W~ X ]>|
kelm] _
< O(LY/5*m) - O(pV/Leym™/2) = O(pL>°e3/\/m).

Thus, finally Eq.[29]boils down to

[ [V(el)a Oz/dxd} s [0dxms Taxal, } (W, A]TT (D%)H) — DWHDRE+D

c

o0
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< max
i€[d]

(W, A], [ [V(Zl)y Oé’dxd} s [0ascms Taxdl, ]

Liflo

<[Wk, ], [h(é’)7 X(€’+1)} >‘

) - O(pL¥°e/3/m)

241 241
> di V(1 - dEO),kk))

ke[m]

)-O(

P P
< A L
<O O
= O(p*L*/5e3/?).

Hence, continuing from Eq. [26|and Eq.[27] we have

VD RE+1)

= {V([), OZ’dxd}T7 [dem; Idxd]r :| [Wv A]: (DE€)+1) —D(€/+1))h([+1)
+ |: [V(Z/)7 Ozldxd:| s [Ode, IdXd]T :| [W, A]: h(€'+1)

c

= [V(e')’ 0@’d><d:|r [0y Tasal, } [h(zf)7x(e/+1)]

(&

+0 <p11m71/12 +p7m’1/12 +p7m71/4 Jr1011mf1/4) 'va)

+ O(p?LY/0e3/3).

2,00

Hence, from Eq.[24]and Eq. [25] we have

HV“’“)h“'“) O, ’X(HD]H

o0

< { [V(e')7 Of’dxd} , [0a5m, Laxdl, ] [h(f'),x(5’+1)] R VGRS VINCERY

C

o0

+HV(2’>h(w —x®, . x)]

oo

<0 <p11m—1/12 4 pTm V2 g Ty 1/ +p11m_1/4) ) ZHV(k)Hg i O(ﬂ’p2L5/662/3)
k<t’ e

+0 (pllm—1/12 +p7m_1/12 +p7m_1/4+p11m_1/4> 'HV(Z/)HQ +O(L5/6p2€i/3)
,00

-0 (pllm—1/12 +p7m—1/12 +p7m_1/4 +p11m—1/4) ] ZHV(k)HQ Lo+ 1)p2L5/6€i/3)~
[ee]
k<o '

Thus, the claim follows by induction.

Claim E.7 (Restating claim [E-3).
vO =W frane e (L.
Proof. We prove the claim by induction. For £ = 1,

— [T
VO = 04, Lixal, [W, A]TD{Y) =ATD() :=W"",
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Assuming the claim holds true for for all £ < ¢', we now prove for £ = ¢’ + 1.

v+ [\/‘(4/)7 O(Z’)dxd} s [0dxms Idxd]r :| (W, A}:DES)JFI)

= {V([), 0(@/)dxd}r W, A]] D%)H) s [0axms Taxal, [W, AHD%)H)

_: wTpE D A THE+D)

— [ VWTD( ", ATD() }
e ) T T (@41 A T+ ] el +1T
- [W"TwTD{ "), ATD, ]C._W ,

where in the pre-final step, we use induction argument for £ = ¢’. Hence, the claim follows from
induction. [

Claim E.8. With probability 1 — =), for all ¢ € [L],

WV“)TH <oy,
\\ o SO

Proof. Fix an ¢ € [L]. From claim[E.3] we have

vOT — W[Z].
Thus,
v <[
< maXHWW(l’Iﬁl) H
k<t 00,00
- IE??{HWD(@W . D(k“)WD(’“)AH
- ;

<O(—=

<o),
with probability at least 1 — e~%P*). Here, we use lemmain the final step that says

WD(i)w...D(iJrl)WD(i)AH <o
| e SO
with high probability forany 1 <¢ < 5 < L. O
Claim E.9 (Restating claim [E.4).
HWMT <O(L?), foralllelLl,
2,00
with probability at least 1 — 2e="’.
Proof. Since W'! = [WOA, WI-DA, ... Al
_ T
widT — max (W(Z,k+1)D(k)A)
200 FSL ©) 2,00

< max W(Z’k'*'l)D(k)AH
= k<t (O Pt

: k
< marwero ot

< max W<M+UH||A||2.
k<t
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From Fact we can show that with probability exceeding 1 — e,
Al < V2(1 4+ Vdm=1 + V2pm™?) <5,
provided m > dp?. Also, from Lemma we have for any £ < L, w.p. at least 1 — e~ "),
Hw(&kJrl)H = HD(E)WD(FI) < O(L?).

Hence,

HWMT Srkngz{HW(Z,k-&-l)H”AHQ <5. O(LB) _ O(Lg).

2,00
O
Claim E.10. Choose a random subset K C [m] of size |K| = N. Replace the rows {wy,ax }

of W and A with freshly new i.i.d. samples Wy, a;, ~ N (0, %I) to form new matrices W and A.
Define v inductively as follows:

\7(1) = [dema IdXd]r [W7 A:IT DE(I);

- N 0T
v = [ [V(lfl), 0(€71)d><d:|7q7 [0dxm, Taxad), ] [W, AL D%))

C

Then, with probability 1 — e*Q(Pg),for allt > 2,

. { v, Oédxd} s [0dxm, Idxd]r:| <

O(p*(N/m)"/°).

- |: |:V(e)7 OZdXdi| ) [de’ﬂh IdXd]'r‘ :|

c C

2,00

. ({ V(e) Oedxd s [0dxm, Idxd],«} - [ |:V(Z)7 Ozclxd} s [Oascms Taxdl, >[WICaAIC]: <

c dc

2,00
O(pS(N/m)*/3).
W Bk~ i
Proof. Let W = [Li<i<pt1 Dy W. Let W =
[W(Z 1)D(l)A W= 2)DE2;A DE?)A] Then, using the same induction technique as
in Claim we can show that
~ — T
VO =w | forallle[L].
Hence,
[ [\7(8), O(Efl)dxd} » [0asxm, Taxal, } - [ [V(z), O(Zfl)dxd] » [0asxm, Taxal, }
T ¢ T cll2.00
_[go-veo = |er T
2,00
< max (W (L,k+1) k)A w k+1)D(k)A>
k<t © 2,00
< max|| (WD A - Wit ’““)D(k)A)T
k<t © 2,00
= max||(WEHDDEE DA - wit k+1>D<’“)A) + (WD A - W“’v’““)D(’“)A)T
k<t (0) (0) (0)
< max (W“ k+1)D (, k+1)A W k+1)D(k)A) + (W(Z,k—&-l)f)(k):& _ Wk k) A T
= k<t (0) 5 oo (0) (0) -
< max (W“ k+1)D (, k+1)A w k+1)D(k)A) H (W(" k+1)D A w k+1)DE ))A)T
= k<t

2,00 2
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We will bound the two terms separately. From Fact[AT] we can show that with probability exceeding
2
1—e ",

|A|| < V2/m(vm+ Vi+ Vap) < (30)

provided m > dp?. Using the above bound, we get the following for all k € [/]:

(W(e,kﬂ) . W(Z,kJrl)) (DEIS;A>

T
W Lk Ty (R) X L+ (R) A
H(W( DA -~ WEHIDHA) H < max

< max O(p°(N/m)/%) H (k)A>
i€[d]

< O(p°(N/m)'/%),

where in the second-final step we have used Lemma[B.2]to have

— ’ )
H (W(Z,kJrl) _ W([,k+1)) v H DEO))W _ H D(O))W vl < O(pS(N/m)l/())”VH ’

2 >0 >k+1 >0 >k+1

2
for the vectors v € { ( EIOC))A) } . From LemmaE|L we have for any k < ¢, w.p. at least
1— e 00", e

HW(M“)H :HD“)WD“*UW- .-D<k+1>WH < O(L3). 31)
Also, we have used the following fact:

max
i€[d]

Again since only N rows of A and A are different, we can show from Fact-that with probability
exceeding 1 — e~ Q(p? ),

|a - &|| < V2/m(VN + Vi + V20) < O((p + Vd)/N/m) < O(py/Nfm), (32

since we are using p = 100Ld log m. Also from Lemma|B.2] we have that with probability exceeding
1— 20",
3o <o,

Thus, again we can use FactMto show that with probability exceeding 1 — 2e=",

H D{¢) - D)) AH <V2/m(Vd+ H D{p) - 0>H +V2p)

2/ m(Vd 4\ O N3 m2/3) + V2p)
< V2/mO((Vd + V2p)\/ O(p*N/3m?2/3))
< O(p*NYom™110), (3)

where again we are using p = 100Ld log m. Thus,
HW(Z,k-Q—l)f)Eg))K . W(z,k+1)D(k)AH
2

=|[wero] [P A - isial,
2
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_ (£,k+1) D" A (k) X (k) X (k)
~|wern| IDE)A - DA + DA - D) A||

<fwess], (1R oAl oA - o],
2

<[[wes]], (|p6A - oA, <-4,
< O(L) - (O(p* (N/m) /%) + O(p(N/m)'/?) ) < O(p* (N/m)"/%), (34)

since we are using p = 100Ld log m. Hence, we have

< max

_ =T
HWW W
k<t

T
W k+1) (k) X LE+D) T (R) X
(W( + )D(O)A — Wkt )D(O)A) )

L+ (R) X £k+1) 1y (k)
+|| WD A — WD A

2,00

< O(p*(N/m)!/°) + O(p*NYOom~1/%) = O(p*(N/m)'/°),

which gives the first result. Now, we focus on

|:{//(€)7 Oded} s [0dxms Taxal, ]

T

- { [V(D, Oédxd} s [0dxms Taxadl, } > [W)CaA}CLT

C C

2,00

Note that the above is equivalent to

e

using the relation between V( and W4T and V(® and WIIT . Continuing
WATWT _ W[Z]TWTH
[werwe .,

;
w (GE+DTYR) A (6,k+1) (k)
< | (W W VDA - Wiew (A |

,00

= Imax

.
w (GE+D)TYR) A _ (£ k+1) Ty (k) A LE+DTE X (0,k+1)y (k)
nax | (W WHDDHA — W WA DDA + WeW S UD(HA — W W D{)A) H

k=<t 2,00

< max
k<t

T T
W (L k+1D) T (E) X 0k+1) 1R A 0k+1) k) A 0,k+1)1y (k)
< max (WKW( DA — Wi W )D(O)A) H2 +H (WICW( Dy A - WW! )D(O)A)

0) (0)
(35)

N i~ N T
WKW(Z,kJrl)Dglg))A - W;CW(e’kH)DEg;A) H +HWKW(£,1<+1) (D(k)A D(’“)A> H
2,00

Using lemma we have with probability 1 — e~ (") we have for all k < ¢

H (W,CVNV(M“) _ W’CW(Z,k+1)> v

=W J] D“wW- ] p“wW]|v
2 >0 >k+1 (>0 >k+1

< O(p*(N/m)*?)|vll

2

for any fixed vector v.We will use union bound to make sure the above property is satisfied for all

T
vector v in the set { (DES;A) } . From Eq. with probability 1 — e—p°)
i€[d]
HKH <V2(1 + Vdm=1 +v2pm =) < 5,
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provided m > dp2. Thus, the first term in Eq.|35|can be bounded as

-
w kDT E) A R+ E X
rl?%? (W’CW DigyA - WxW D(o)A) -
= max max (W}CW(Z k+1)D(k) WKw(Z,k-i-l)) (ﬁ(k):&)
k<t ie[d] (0) ),

2

< 2/3y. (k)
perr o0 m)-| (BE),

2/3y ||y (k) H
< max O (N/m)*/*) - [ DA

< O(p8(N/m)*/?).
Now, we focus on the second term in Eq. We have for any k < /,
HW;CWW““) (DA -D)A) H

_ (£,k+1) (k) A (k) A (k) (k) A
—||wew (D{)A - DA+ DA - D{j) A H

<|[W Wk (ng)A D k)A H HW W (Gk+D) (D(k))A DE ;A)
2

(Z,k+1) = (k) (k = (k) (k (£k+1)( (k) X (k) )
<|[|[WW D(O) D H H D, — Dy HW W Diy)A - D5 A 2
_ €htD) (DE) _ p®) (k) Ce)pFD (A
= ||DxWwW (Dl D(O))‘QH D) - D(O)) HD,CWW D{;)Dx (A - A) 2

k+1) (135 (k) 5 ( (k (L,k+1) (k)

<||IDxWwW (Dl - D(O))‘QH(D( - D H +|[Deww DD | [|A - A

Since,|| D lly = N andHﬁEg)) - DElg; ‘ < O(p* N/3m?2/3) with probability exceeding 1 — e~ 2(")
from Lemma[B.2] we can use Lemma [B.T]to get

HW W(Zk+1)( DA DE’S) H

< HD,CWW(M“) (D D(k ‘

(B - D) &] +|pewwirpne| & - A

_ [ k+1 (k) (k) (k) (k)
Jpes. e -5 -25)4

T i
<o(p<N/m>1/2>'<H (B -p) &| +[a- AH)
Further using Eq.[33]and Eq.[32] we have
HW)CW(Z,kJrl) (f)EO D(k)A H
o(p<N/m>1/2>~<H (B -p) &| +[a- AH)

O(p(N/m)/2) - (O (N/m) %) + O(p(N/m)'/2)) = O(p* (N/m)*?).
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Thus, connecting all the bounds above in Eq. [35] we get

[wirwie - wirwl,

— ~ ~ ~ ~\ T ~
<< (wew e B A - e oBR) | wewesss (R - pia)
= 2 2
< O(p*(N/m)*?) + O(p*(N/m)*?) = O(p°(N/m)*/*). (36)
O]

F Existence of good pseudo network: proofs

F.1 Proof of theorem
Definition F.1 (Restating defintion|D.2). Define W* and A* as follows.
W*=0

* dou wit A/
ar = mt Z Z br,sbi/’sH'r’,s (97"’,8 (<W7’7W[ ]WI’,S>> ) m/2ar’d> €d, VT € [m]7

s€ [dout] r’'e [P]

where

6., — L/Q’

S W W
and W = (WOEIDDA, - WEDDE VA ], where Wbk =
Hkbzbk-e D%))W'

Using Lemma we have with probability at least 1 — e~ ") forall ¢ € [L] and any vector
ucR?

L
1 (L,e+1 (/3) ) () 1
(1100L) ”uH<HW "Di)Au H*H II D<0>WD<0>A“H§ L+ 1507 ) Il
L>0 >0+

Since, for any vector u € RX?,

. "W(L’ZH)D%))AUM:(@HMH
min
Le[L]

. HW (Lot )D( Y Augy. (Z-i—l)dH
[l <[ W] < man [
Le[L]

Hufd:(ZJrl)dH Huecl (e4+1)d

where Wg:(r41)q € R4 refers to a vector that is equal to the vector u in the dimensions from ¢d to

(¢ + 1)d and 0 outside, we have
— 1\
1 /
—H ( +100L> HW

1 1
(1 00z [
1\ * 1 \"
(i) =V = (1-5z) o0

and thus we have V7’ € [p], s € [dout)s

100L
Theorem F.1 (Restating theorem|[D.2). The construction of W* and A* in Definition|[D.2] satisfies
the following. For every normalized input sequence x™V) - - - xE) we have with probability at least

1— e 2% over W , A, B, it holds for every s € [dout]-
(L) def Ez 1eTBaCkZ_,LD( i) (W*h(i_l) —|—A*x(i))
- ZTG[p] bi,sq)r,s <<WI’S, [i(2)7 L. ,i(lz72)]>

+O(dows Lpp®e + dows L/ Spp* Loed® + d2Ls Lopp"' Lo Co €. (®, O(e;1))m=1/30).
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Proof. We fix a given normalized sequence x(V), - - x(%) and an index s € [doy;]. The pseudo
network for the fixed sequence is given by

L
FS(L) = Ze:Backi_,LD(i) (W*h(i_l) + A*x(i)>

i=1

_ out Z Z Z Z brs/br S,BaCkz—>Lrs

i=1s E[ out]" e[p] 7‘6 ]
H,r.lys/ (07”,5’ <WT7 W[ ]WI/,S’>7 \/mi/Qarvd)HW;rh(iil)J"a:x(i)zo (38)

First of all, we can’t show that the above formulation concentrates on the required signal, because of
the dependencies of randomness between W, A, Back, W[L} and {h(f) }Z - To decouple this
€lL

randomness, we use the fact that ESNs are stable to re-randomization of few rows of the weight
matrices and follow the proof technique of Lemma G.3 in [37]. Choose a random subset K C [m] of

size |KC| = N. Define the function FS(L)’]C

L
FEWR (D) (1)) def %Z SN N bt Backi s

i=1 s'€[dous] r'€[p] TEL
ol
Hy o (0,,./75/ (W, W WI,73/>7 VvV m/2a,.7d Hw:h(i—1)+a:x(1ﬂ)20.

We show the following claim.

. . e _ =9 2) : 1
Claim F.2. With probability at least 1 — e ~**\*"), for any € € (0, min, 0T ),

L

F(L)K:(h(L 2 X(L) OUt Z Z Z Zbr s’br S/BaCkl*)L’l"SQT’ ,S << I ,8) [i(1)7 7X(L)]>)

1=1 s’ E€[dout] ' E[p] TEK
dout
m

< O(dous Lpp€-(®,0(3 1)) N/ 3m~7/0) 4
dou L N
+ Gout PV 9
m

- O(C (P, 0(5;1))[)2 dowt LpN)
P26+ OLop (N/m)%) + O L Lt g m~Y/12 1 LygPLI/O/%) 1 O{p do LpN/om~719)

The above claim has been restated and proven in claim|[F4] The above claim states that the function
FS(L)’K(h(L*I), x (1)) contains information about the true function.
To complete the proof, we divide the set of neurons into /N disjoint sets K1, - - - , K, /v, each set

is of size N. We apply the Claim|[F2]to each subset KC; and then add up the errors from each subset.
That is, with probability at least 1 — Ze=9(%),

FS(L)(h(ffl)7 X(f))
m/N

= Z FIKi(p=1) x(0)
j:l

m/ L W
dou X X\
t Z Z Z Z br,s,bi/vS/BaCki‘)L,T,S@T“S <<WI’,87 [X(2)7 e 7)((L 1)]>> + Z GTTOTIC]'
= M= s'€[dout] 7' €[p] TEK,; =t

ISH

out i Z Z bT’S/bl,’s,Backi%L’m(I),«/,s (<WI,’S, X2, ... ,X(L_l)}>) + Z errory,

=1 s'€[dout] 7' €[p] re[m]

where by Claim|[F.2]

3

lerrork,| < O(dows Lpp®€. (@, O(e;l))N5/3m‘7/6) + % CO(Ce(Pyrs, O(e; 1)) p*\/ dowt LN )+
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dout LpN _ _ :
+ 1;np p2(5+O(L¢p5(N/m)1/6)+O(€m1L¢L4p11m 1/12+L¢L11/6p253/‘3))+

O(ps doutLpN7/6m77/6) :

Thus,

~

FO M x

7‘78/bi/"slBaCki_)Lvrvsch/a‘s (<Wi/7s7 [i(2)7 e aX(Ll)]>>

i=1 s'€[dout] ' €[p] TE[M]
z

d3 Lp
< O( outLpP <. ((I) O( 71))N2/3 71/6) + OTE\; O(¢s(¢7”870(571))p2)

_i_doutLpp2(€_i_(9([]@)[05(]V/,rn)l/ﬁ)_|_(9(63;1L(I>L4'0117nf1/12_‘_LdéLl1/6p2€2/3))_|_(9(p8d0utLp]V1/6,rnfl/6)7

with probability at least 1 — %e‘Q(PQ). Choosing N = m®2, we have

i=1 s'€[dout] 7' €[p] rE€[M]

(L)(h(f 1) X(Z out Z Z Z Z b, Slbr/ S,BaCkqurs@r/ s (< Z o [§(2)’. .. ,X(Ll)]>)

< O(doutLppgc:E(‘I)a 0(5;1))”’171/30) + O(Q:a(q)'r"sa O( z )) dgutmeio'l) (39

+ dow Lpp? (e + O(Lap™m™/1%) + O(e; Lo L*p" ' m ™12 4 Lo L'V/%p%%/%)) 4+ O(p doue Lpm~=2/"?),
(40)

with probability at least 1 — m0-8e=2(P") > 1 _ =",

Now, in the next claim, we show that the f concentrates on the desired term.

Claim F.3. With probability exceeding 1 — e~

bl/’s(br/’s (<WI’,57 [i@)’ ... ,X(L_l)]>)
L
dou ) o
- mt Z Z Z br’slb’lt’,s’BaCkiﬁL,r,s(br/’S (<WI/’57 [X(2), “e ,X(L 1)}>) ‘

i=1 s’ €[dous] mE€[m)]
< O(Ldou pCam™ 7).

>

The claim is restated and proven in claim [F.16]

Thus, introducing claim[F-3]in eq. 40| we have

F(L)(h Z b7 . D, << I8 év[i@),... ,x(L—l)]>)

' €[p]

< O(doutLpp8¢€(¢7 0(5;1))m_1/30) + O(€(Pyrs, O(E; )) dgutme_O'l)
4 doutLpp2(5 i O(Lq>p5m72/15) T (’)(E;lL@lprum*l/lQ i L¢L11/6p25i/3))
+ O(p®dout Lpm™/'%) + O(Lpdous pCom ™)

< O(dows Lpp?e + dows L'/ Opp* Loc?/ + d2ls LPpp*! Lo CaCo(®, O(e;))ym~1/30).

out
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F.2 Proof of Claim

Claim F4 (Restatlng clalm . With probability at least 1 — e~ (), for any ¢ €

(0, mln,«siC @ 0(6,1)))

~

FOME (R (1)

, g,b,ﬁ/ sBackip ;P <<w . [x(l) ,X(L)]>>
i=1 s'€[dous] ' €[p] TEK
dou _
< O(dow Lpp*€(®, O, 1)) N Pm=7/%) 4+ =22 O(€c(Brvs, O(e; 1)) p* v/ dow LpN)
douw LDN
+ Gout LDV o
m

p2(e + O(Laop®(N/m)Y6) + O(e; Lo L p 'm ™1 /12 Lo p? L1 062/3)) + O(pPdous LpNT/Sm~7/°).

Proof. We will replace the rows {wk, ag} kek of W and A with freshly new i.i.d. samples Wy, ay ~

N (0, 21) . to form new matrices W and A. For the given sequence, we follow the notation of
Lemma to denote the hidden states corresponding to the old and the new weight matrices. Let

ﬁs(L)’/C denote the following function:

(L) ’C(h(L 1) def dout Z Z Z Z b, élbr, S/BaCk1_>L s

=1 s'€[dout] 7' E[p] TEL
~ —[L] t
Hyry (9 (W W W), \/m/Qand)]Iw:ﬁ(i_l) AT x50

where
~ m/2
T",S_ i[L] _‘.
‘W W

Using similar technique used to find the bounds of 6, s in eq.[37} we ca show thatVr’ € [p], s € [dout],
w.p. atleast 1 — e=2(F*) over W, A,

—L —L
1 ~ 1
. < \/ e < - — .
<1 * 100L> S V2/mbrs < <1 100L) “h)

Again, there is one important relation between 6, ; and 5,./73 that we will require later on, which we
prove in the next claim.

Claim E.5. With probability at least 1 — e=°"), for all v’ € [p], s € [dout),
07", = 1| < 007 (N/m)°).

The claim has been restated and proven in claim[F.12} A simple corollary of the above claim is given
below.

Corollary F.5.1. With probability at least 1 — e~ for all v’ € [pl, s € [dout),

ér’,s — O | < O(p5(N/m)1/6).

The above corollary follows from the bounds on 6, ; from eq.

We will first show that )7 (h(E=1 x(L)) and F{* (W=D x(1)) are close. The claim has
been restated and proven in claim [F.13]

Claim F.6. With probability at least 1 — e~ P,
FOF R0 1) — FDR D, x0)] < Odg Lpp*€-(®, 0(3 )N om~710).

Now, we show that F is close to the desired signal in the two claims below.
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Claim F.7. With probability at least 1 — e=%(°)

s

L
jd T (L— out o1 = Evd
FPORMED x0) =225 7 % 0 7Y brwbls Backis g P (<wif,s,[x<l>,~-~,x<L>1>)\

i=1 s'€[dous] 7' E[p] TEL

dou —
= mt ~O(€ (P15, 0(e, 1))P2 V douwt LpN)
dous LPN 4

_|_

P2 (e + O(Lap®(N/m)/0) + O(Loe; 'L ptm 112 4 Lo p? L1/ 0e2/3)),

: V3
forany ¢ € (0, min, , o )

7‘,375;1) :

Claim E.8. with probability at least 1 — e~ "),

L
dout Z Z Z Z b, q’br/ S/BaCk7—>L s r’ s (< 1/ - [i(l), Ce ,X(L)]>>

=1 s'€[dout] v €[p] TEK

~

r,s’bi’ JBack; 1, P, (<WI/ o [i(l), ... 7X(L)]>> ’
i=1 s'€[dout] r’'E[p] rEL

< O(pSCdeoutLpN”Gm*?/G).

The above two claims have been restated and proven in claim [F.14]and [FT3] respectively.

Thus, from Clalm Clalm and Claim we have with probability at least 1 — e‘Q(”z), for
any € € (0, min, s W ,

L
FOME (R (1)

r e/b,r,/ sBack; 1 P g << I, o [§(2)7 .. ,x(Ll)]>)

i1=1 s’ E€[dout] ' E[p] TEK

< ‘F§L>,x(h<L—1), x(1)) = FUK (R x(L))‘

+ ﬁs(L)JC(E(L_l) (L) OUt Z Z Z Z br s’br ,8’ BaCkl—>L rs .5 (< I’,s’ [i@)’ e 7X(L_1)]>)

=1 s’ €[dout] ' €[p] TEK

L
out Z Z Z Z bT ybr/ S/Backl_”; r, é(1)7, s (< T,,7 , [§(2)7 . ,X(L_l)]>>

E[dout] r’'e P] rek

L
Z Z Z Zbr,s’bi/,S/BaCkiHL,r,s(I)r’,s <<WI’,57 [2(2)7 .. ,X(L—l)]>> ‘

e[dout] r e[p] rek

dou —
< O(dout Lpp €. (D, O (1)) N/3m~7/6) 4 # L O(C(Drrs, O(e5 1) p?\/dows LpN)

dout LDN
+ Ou;np p2(6+O(L¢)p5(N/m)1/6)+O(8;1L¢L4p11m71/12+L®L11/6p2632r/8))+O(p8doutLpN7/6m77/6)'

O
F.3 Helping lemmas
F.3.1 Function approximation using hermite polynomials

The following theorem on approximating a smooth function using hermite polynomials has been

taken from [15] and we will use this theorem to show that pseudo RNNs can approximate the target
concept class.
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Theorem F.9 (Lemma 6.2 in [15])). For every smooth function ¢, every € € (0, m) there exists

aH:R?— (=€ (¢,1),€.(¢,1)), satisfying|H| < €. (¢,1), and is €. (¢, 1)-lipschitz continuous
in the first variable and for all x; € (—1,1)

<e

Ea,,81,b0 |:Ha1I1+ﬂ1m+b0>0H (a1, bO):| — ¢ (21)
where a1, 81 and by ~ N (0, 1) are independent random variables.

In [15]], the function H is shown to be lipschitz continuous in expectation w.r.t. the first variable o
which follows a normal distribution. However, one can also show that the function H is lipschitz
continuous w.r.t. the first variable, even when the variable is perturbed by bounded noise to a variable
that does not necessarily follow a gaussian distribution i.e. one can show that

Eoy .61 b0~ (0,1) Bayo)<y [H (01,b0) — H (01 + 6, bo)]) <€ (0, 1).

The proof will follow along the similar lines of Claim C.2 in [[15]. We give a brief overview here.
The function H was shown to be a weighted combination of different hermite polynomials. Using
the following property of hermite polynomials,

Mot =3 ()2 *tuto)

k=0

we expand the function H (a + 6,bg) and then, bound each term using the procedure in Claim C.2
of [15]].

Corollary F9.1. Forany o > 0, r, > 0s.t. 0 > r,/10, ko > 0, and for every smooth function
¢, any € € (0, W) there exists a H : R? — (—Tl - (&, kors) , = ¢, (o, korz)), which is
=&, (@, kory)-lipschitz continuous and for all xy € (—ry,7;)

<e¢

Ea, 81,00 |:I[a1w1+,81m+b020H (0417 bO):| - (kOxl)

where a, 31 ~ N (0,1) and by ~ N (07 02) are independent random variables.

Lemma F.10 (Function Approximators). Let r, = \/2+ (L — 2)e2. For each O, ; and a constant
kors = @(E ), there exists a function H, s such that for any ¢ € (0,min, s & @

o)
H. s - R2 — (7HQ:E( r,sakO,r,srx) 3 rl Q: ( r g7k077>,37"x)>, is TQ: ( T, ska,r,sTx)'lipSChitZ
continuous, and for all x1 € (—ry, 1)

Eas 81,00 |:Ha1z1+51, /T‘g,z%+b020Hr,S (ou, bO)] -, (ko,r,siﬂl) <e

where oy, 31 ~ N (0,1) and by ~ N (0, 1) are independent random variables.

For any e, < 7, we can see that for all ®,,, |H, | < %Qﬁe (®,.0,0(c51)) and H,., is
%Qﬁa (®r,s, O(e;1)) lipschitz, for any e < #ﬁm

F.3.2 Proofs of the helping lemmas

First, we mention one of the properties on correlations of Back;_,; matrices, which will be heavily
used later on.

Lemma F.11 (Lemma C.1 in [37]). For every e, < 1/L and every normalized input sequence,
X1, X, ..., X1, With probability at least I - e=200%) oyer W, A andB: foreveryl <i<j < j <L,

(uTBacki_)j,vTBacki_)j/>’ <0 (m0-75p) [ullfv],

for any two vectors u and v in Rut,
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Claim F.12 (Restating claim|ES). With probability at least 1 — e=%"), for all 1 € [p], s € [dout),
G0, = 1| < (07 (N/m) ).

Proof. First of all,

~ =] —
N |HW wh || = [ wl.
=] —
< HW WI/,S - W[L]WI/,S
< max (W(L’Z) — W(L’Z)) wi,
= 4<L r’.s )

< O(p°(N/m)'/%)

where in the pre-final step, we have used Lemmato have w.p. exceeding 1 — e=2(") for any
(<L,

H (W0 - W0) wl,

5

_ NORY (0) T
=l II DoW- II DGW |w..
2 L>0'>0 L>0'>0

2
< O (N/m) %) | wl, .|| = OG> (/m)! /).
Hence,
o071y = 1| < /m/2|0rro| (7 (N/m) /) < O(07 (N/m) ),
where we have used the upper bound on +/m /2 gr/“g from eq. [41|in the final step. O

Claim F.13 (Restating claim [F.6). With probability at least 1 — e=("),
‘ﬁS(L),IC(E(L—l))X(L)) _ FS(L),)C(h(L—l)7X(L)>‘ < O(doutLpp8¢5(¢, 0<E;1))Ns/3m—7/ﬁ).

Proof. We break the required term into three different terms.

’ FUK(RE-1 5 (1)) _ FS(L),IC(h(Lfl)’X(L))’

L
d — ~ —[L]
o Z Z Z Z bT“S'bi’7S'BaCki_>L,T75HT/’S' (QT';S’ <W7‘? w WI’,S’>7 V m/2ar,d) ijﬁ(ﬂr—l)Jra;rx(i)ZO

m
i=1 s'€[dous] v’ E[p] TEK

L
d —I[L
=YY D> bewbl yBackisp o Hys <9r',s'<WmW[ ]Wif,sf%\/m/2ar,d)Hw,,Th<ifl>+a,,Tx<i>zo

m
1=1 s’ E€[dout) ' E[p] TEK

L
d —~— ~ t[L]
:rll,lt Z Z Z Z br’slbi”vslBaCki_)L’T’erl’sl (9,’.1,8/ <WT7 w WI”,S’)? V m/Qar,d> Hwiﬁ(i—1)+a;rx(i)20

i=1 s'€[dous] v’ E[p] TEK

<

L
d - —[L]
Sy gy Zbm,bi,ﬁS,BackHL,r,er,’s,<9TQS/<WT,W wi,’s,>,\/m/2ar,d)11w:ﬁ(i,n a0

m
1=1 s’ E€[dout] ' E[p] TEK

(42)

L
d ~ —{L]
o Z Z Z Z br’s/biﬂs’BaCkiﬁL’r’er,’sl (grl’s/ <WT’ w Wi’,s/>v V m/2ar,d) Hw:ﬁ(i—1)+a:x(i)20

m
1=1 s’ €[dout] ' €[p] TEKX

+

L
d ~ —[L]
- Z Z Z Z bm’bi’,s'BaCkHL’"er'vs' (9“75' {w,, W Wj",s’>’ % m/zand) I hG-14aTx®>0

m <
i=1 s’ E€[dout] ' E[p] TEK

(43)
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L
d - —[1]
T,:t Yo > DD brwbl JBackisr,sHy (9r',s' (W, Wwl, ), \/m/2ar,d>Hth<i—1>+aIx<i>zo

=1 s’€[dout] ' €[p] TEK

L
d —
_ nl;t Z Z Z br,s’bi/,s'BaCkieL,r,er',s’ (HT,7S, <WT,W[ ]Wigs’>’ \/m/2aup7d)ijh(i71)+ajx('i)20 .

1=1 s'€[dous] ' €[p] TEK

~.

(44)

We now show that each of the three equations, eq. 2] eq.[#3|and eq.[#4]are small. First, we will need
a couple of bounds on the terms that appear in the equations.

* Since b, s ~ N(0 ’dom
maer/ |br5 ‘ < \/?

out

), using the fact we can show that with probability 1 — e~ "),

* From the definition of concept class, max, g \br ol <L
* By the definition of H from def we have
~ =t t

max, s |Hy g (Qr/7s/ (w,., W WT/7S,>, «/m/2ar7d>| < (D,0(e;h)).

* Since by ~ N(0, 72-T), using fact we can show that [|bs]| < O(_2=), wp
1— e ", Hence, from lemma we have w.p. atleast 1 — -Q(p? ) for any 1 <
i < j < L;s € [dout],r € [m], i_>jeT| = ‘bsTD(eW---D(“rl ‘ <
|- We || < O(m)

First, let’s focus on eq. From Lemma we have with probability at least 1 — e~ "),

o] (Backi_,; - Backi; ) e, =|b] (DVW-..DOW - DOW ... DIW ) e,

< HbH H (DU)W . DOW _DOW... ﬁ(i>W) e,

< O(p"d L ANYSm=1/8) forallr € [m], s € [dow] and 1 <i < j < L.
Thus,

dou L Y N[L]
#Z S D Y bl BackirHo ((# oW, Wowl ), \/m/2and>ﬂw:ﬁ<m>+a:x<i>zo

1=1 s’ E€[dout] ' €[p] TEK

L =l
- Z Z Z Z br b/brl S/BaCkl_)L ra s (97" s’ <W7 , W WT/ /> V m/2aﬂr'7d)ijﬁ(i—l)-'ra:x(i)20

1=1 s’ €[dous] ' €[p] TEK

> Y e

Tle[p g/e[dout] rek

9

(Backiﬁj — ﬁ(iﬂj) e,

IA
M= 3

—[L]
b’r‘ s’br/ s’HT/,s’ (9,,4 s/ <W7~,W WT > \/m/2ar7d)ﬂw;rﬁ(i,1)+a;rx(i)20

oy e

r’€[p] 8’ €[dout] TEK

esT (Backi_,j — ]gz;g{i_)j) e,

ﬂMr«
I

L

~ —[L]
1
. br,s/ Hr/,s' (97'/)3/ <WT,W Wr’,s’>7 \Y m/2ar,d) ‘ijﬁ(i*1>+a:x(i>20‘

b'[",sl

HMh

dout —1/2 7 1/6 P -1
E E : O out P (N/m) ) ! -1 Qta(q)v O(gz )) -1 (45)
bt Vdouy

| s’ €[dout] TEK out
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< O(doupLp*Ce(2pr, O(e; ) (N/m)T/°). (46)
Now, we focus on eq. 43| LemmalB.2]shows that with probability at least 1 — e~2(?"),

lw (h=D —h-D) <O (p5N2/?’m*2/3) for every r € [m], ¢ € [L].

From lemma , we have w.p. at least 1 — e~ %) for any s < %,
S
vm

This can be modified for the subset /C, w.p. at least 1 — e—2P%) for any s < %

< O(sm).

{r € [m}HwTTh(Lfl) + ajx(Lfl)‘ <

< O(sN).

{7“ € KHWTTh(L_l) + ajx(L_l)‘ < S}

m

Thus, w.p. at least 1 — e=%("),

ZH [W;Fh(L—l) _|_aTTX(L—1)‘ < psNz/sm—2/3] < O(pP N*/3m~1/6),
rek

Hence, that implies w.p. at least 1 — e~ 20",

Sl {th(L—l) n an(LA)} 1 [ijl(ul) n a:x(L’l)} ‘
rekl

< Z I |:|W7Th(L_1) +a x| < |W;rl~1(L_1) +a xE7) —wThE=D _ g Tx(E-D)|
rek

= D1 [w Y alxE D)< fw (B¢ —hE))]
rek

< Z I [W:h(L—l) + a:X(L—l)‘ <0 (p5N2/3m_2/3)]
relkl
< O(p°N*3m~1/6).
Thus, we have in eq. 3]

L
d ~ =1
;;t Z Z Z Z bT’S,bj"aslBaCki_)L’r’erl’sl (97"/75/ <W7"’ w Wj",s'>’ V m/zar,d) HW:ﬂ(i—1>+aIx(7‘,)20

i=1 s'€[dous] ' €[p] TEK

L
d ~ =]
SN Y X3 beblBackin i Ho (B (90, W wh )V 200 )b a0

m
1=1 s'€[dous] ' €[p) TEK

~ =[]
bT Hr/,s’ <9r’,s’<wrv w W:[’,s’>’ \/mar,d)

s’

< max|br S| - max
r,5 ’ r’,s’

. max}BackiﬁLm S| - max
i ’ T/7S'

7,8 T

dout
Y Y 3 Y ernenrarez0 = Lygicon parxo o)

i=1 s’ €[dout] ' €[p] TEKX

2
< L1 O( ) (8, 0(51) - L O N /%) < O Lpp NPT/, 0(651).
out out
(47)

Now, we focus on eq.[#4] We have

L
d ~ =
23 D D D bl Backio i Ho (B (e W Wl V0 2 )b o 20

m
i=1 s'€[dous] ' €[p] TEL
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~

i Wi ot I~
r,s/br/7s/BaCki—>L,r,er/,s’ 0r’,s’<wraw Wr/75/>a m/2ar,d Hw:h(i—1)+ajx(i)20

1=1 s/ €[dous] ' E[p) TEK

bT

< ma,X’br,s" -max|b,,

r s’

S S 3h

i=1 s’ E€[dout] ' €[p] TEKX

P
< 1.0 1 48
o dout (\/dout) ( )

ot SN S S e (@00, 0(51) -

,7,8

max’Backl_)L r S‘ maX’ijh(i—l)+aIx(i)Zo‘

—IL]

st ( st WT,W[L]WT, o) \/m/2ar7d) —Hy o <§T/,S/<WT,W w:[, S,>,\/m/2and)

~

. ~ ==L
0r/7s/<WT7W[L]Wi/75/> — 9,,4/7SI<WT,W WI/)S/>

m i=1 s'€[dous] ' €[p] TEK
(49)
d2, pLN _ 3m~
< \/57.1.(9(\/57).1. t:; (C(2,0(e;1)) - O(p°N2Pm=2/%) 0
out out

< O(dous Lpp® €. (P, O(e *1))]\[5/3 75/3)

where we get eq. Pf_glby using the lipschitz continuity of the function H,. y from def. @ We get
eq.[50| by bounding the following term:

. ~ =IL]
Ors s <WmW[L]Wi’,s'> — O 5 (W, W Wl’,s/>

— =IL]
< 97‘/,8/ ((WT;W[L]WI/’S» — <WT7W WI/’S/>> +

— =IL]
. <W7‘, (W[L] — W ) W’I‘,,S/> +

< O(p°(N/m)*),

where we use the following bounds that are true for all » € K,r" € [p], s’ € [dous] W.p. at least
1 - eiQ(pz):

(HT/,S/ - gr,}s,) <W7‘,W WI,,S,>

S‘a,r/’s/ 6‘7”/’5/ —é;/’sl . <WT,W WT/ />

‘ =L

* Eq. gives an upper bound of O(1) on |6, s |.

— =I[L]
Eq. can be easily modified to get a similar upper bound on |(w.., (W[L] -W w! )-

r!,s’
Cor. gives an upper bound on |0,/ s — 6, +|.

—[L] ~
. Since‘ \)\% wi,’s, ’ =/m/20,, 18,, we can use Eq. to give an upper bound on the norm.
- L] —[L
Then, we can use FaCtMto bound max,¢i [(w,, W WI,7S/>| = ﬁ HW Wi,)s, .

Claim F.14 (Restating claimﬁ. With probability at least 1 — e=27"),

FK(RE-D) (D)) _ Dour Z > Y S bt Backir, P << f &M, ,x(L>]>> ]

1=1 s’ €[dout] ' €[p] TEKX

n dout LpN

< d;);:t ’ O(QE((bT/S’ O(é\;l))pQ dOlltLpN)

P&+ O(Lap® (N/m)V0) + O(La,  LpMm 12 4 Lo P LI/02)),
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forany e € (0, min, 4 CL)

s (Prs,ex ")

Proof. We will take the expectation w.r.t. the weights {w,, a, } The difference between F and

the expected value is given by

‘ PR RED 5 (L))

rek:

FIK(RE-1), X<L>)‘

E{W'r‘va7‘}7-elc s

dou L = 1 =L
mt Z Z Z Z br,s’bII’SIBaCkiﬁL,r,sHT’,S (97" s<Wr7 AY% WT, > A /m/2a’7"d)Hw:ﬁ(L*1)+aTTx(L>ZO

i=1 s'€[dout] v’ E[p] rEL

L
- ]E[w,a]NN(O,%I) d:;t Z Z Z Z br,s’bi’,s/BaCkiqL,r,s

i=1 s’ €[dout] ' €[p] TEKX
~ =t n
-Hy g (0,4173<W7W WT,,S>7 \/m/2ad)HwTﬁ(L_1)+aTx(L)20’

L
doy — — L
= - E E E bns'blf,s'BaCkHL,r,er’,s(9r s{wr, W WT« o) \/m/2and)Hw:ﬂ<L—1>+a:x<L>zo

m
1=1 s'€[dout] 7' €[p] TEK

L
B % Z Z Z Z bras/bj”,s/BaCki%L,r,s

i=1 s’ €[dous] ' €[p] TEK

=lL]
. Ew,aNN(O, 2 )H’r" S(a,,/ s<W W WT/ > \/m/2a'd)Hwal(L_l)+aTx(L)ZO 5
(5D

where in the final step, we have used the fact that Back and B are independent of the variables
{wr,a;}, cx w.rt. which we are taking the expectation.

Note that, the random variable under consideration is a bounded random variable, because: us-
ing the fact that b, o ~ N(0,1), it is bounded by p with high probability, Back;_, Lirs =
bT(Hz<£<L DW)e, is bounded by O(p) using bound on norm of b, and Claim [B.1| and the

function H is bounded by def. [F.10, Denoting the inequality in eq. |51} .as P({w,, ar} , we get
using hoeffding’s inequality for ounded variables (fact[A:3)

dou —
Pr[P((wr ) ) > S8 O(€ (D10 06 NP To L) | < P

Now, we focus on the expected value in eq.[51] For typographical simplicity in the next few steps,

L=1) vector q = v/m/2 - w and vector t = 0, , - \/2/m W w:[s

Also, let t* denote a vector in the subspace orthogonal to t that is closest to the vector v.

By the definition of the function H, ; from Def. , where we use ko s = € Ly/m / 29;,15 for
each 1’ € [pl, s € [dout] in def. (0, is defined in def. |[D.2)), we have

~ —[L] ~
Eoy an(0, 2 )HT/&(QT, AW, W W), \/m/2ad> 1 [<w,h<L—1>> tag> o}

= Ew a~nvo, 21 S( (w, W WT/ o) \/m/2ad) -1 [\/m/2<w,f1(L*1)> +v/m/2aq > 0}

=E, ,a~N (0,2 I)Hﬂ s( 2ad> I [<V,q> +vVm/2aq > 0}

we denote the vector v = h(

=E, a~A(0,2 I)Hr S( 2ad) -1 [(v,t)(q,t> + ||v||2 _ <V,t>2<q’tl> + m/2ad > O:|
= q)r/75 ( \/ 9 ) +e

- =l N
=d, <5I19T/ O (W w, h<“>>) +e
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—
=D, ( W wl, S,h(L1)>> +e+O(La, p°(N/m)'/"),

where in the pre-final step, we have used claim [F.5|to bound the value of 6, HT ,s and in the final
step, we have used the lipschitz constant of ®,- , in the desired range. Corollary |m_T| shows that
with probability at least 1 — e~ ") w.rt. the weights W and A,

i

=I[L]T~
’W A=Y g x@) L gD

<0 (L4 ) (p11m71/12 +p7m71/12 +p7m71/4 +p11m71/4)) +O(P2L11/65?¢/3)
< O(LAptm=1/12 4 p2[11/6.5/3),
Thus,

~ —[L] ~
Ew,aNN(o,lr)Hr/,s (07,/75<W,W wi,ws>, \/m/Qad> -1 [(w7 h(L*1)> +aq>0

=L
:%,s( YW wl,  h~ 1>>> te+O(La, p°(N/m)'/%)

=ILIT.
:@,./,s< 1<WT, W h(- 1)>> :l:s:l:(’)(L¢T/ysp5(N/m)1/6)

=D, (EI (wh, e [x®, - xED)) + 5') +e+O(Ls, P (N/m)"/")

= @y (Wl KO, XV ) £ e+ O(La, P (N/m) V%) % L, <,

where € € (0, min, 4 %) and &’ = O(e; LAp tm=1/12 4 p2[11/622/3) Thus, we have

s €x )

L
S S X Sl Bk

i=1 s'€[dout] r’'€[p] TEL

~ =t
’ Ew,aNN(O,%I)HW# (97”/75<W7W W:[/,s>’ \% m/2a’d>HleN1(L—1)+aTx<L>20

L
_ dout Z Z Z me/b, ,BackHL”q)T p (< T 87[2(2)7... ,E(L—l)D)) (52)
i=1 s’ E€[dout] ' €[p] rEK
L
< e Z Z Z br s’br/ g/BaCkz—>L r,8 " (5 + O(L<1> , S B(N/m)l/G) + L@T,’Sé‘/)
i=1 s’ €[dout] ' €[p] TEKX
d, out L

IN

2 2 2 2 leesfe

i=1 s’ €[dout] ' €[p] rEKX

dowt LpN
G LN (e 4+ O(La? (N/m)%) + Lae), (53)

; /-\_/i s ( , / O([(I) , 5(N/m)1/6>)
— T 9 II?"l/a,S:iLq)T ,SE r! st
S

where € € (O,minr’s %) and ¢/ = 0(6;1L4p11m_1/12 + p2L11/65i/3), Hence, using
eq.and eq. we have w.p. at least 1 — e‘Q(pz),

’ (D)D) (L)) _ Dout Z S S S bubl  Backisr e << f &, ,x(“]>>’

1=1 s’ E€[dout] ' E[p] TEK
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< |FOERED, x0) — By, 0y, FORRED,x0)]

rex” S

+ ’E{w,,.7a,.} EKﬁgL)’K(h(L71)7 X(L))

_ dout Z Z Z Zb S,b, ,BackHmebr s (< I,737[§(1)7... 7X(L)]>> ‘

i=1 s'E€[dout] T’ E[p] TEK

dou LpN dou —
< tTpr(s + O(Lap® (N/m)"/6) + Loe’) + # - O(C.(Dyrs,0(e, 1)) p*/dowt LPN),

where € € (0, min, 4 %) and &/ = O(e; LApttm—1/12 4 p2[11/6.2/3),

rs €z )

Claim F.15 (Restating claim . With probability at least 1 — e*Q(p2),

L
d;;l;t Z Z Z Z br,s’bil’Slﬁ‘;CT{i%L,r,s(br’,s (<WI/’57 [i(1)7 T ’X(L)]>>

i=1 s'€[dout] r’'E[p] rEL

r,s’b;r«/’S/BaCki%L,r,s(pr/,s (<Wi/757 [i(l)v e aX(L)]>> ’
i=1 s’ €[dout] ' €[p] TEKX

< O(p*Copdous LpN™/¥m~7/%).

Proof. From Lemma we have with probability at least 1 — e~ "),

e: (Backi_m- — Backi_”-) e,

bj(DUW DOW - DOW .. DUW)eT

(me . DOW_DUOW... ﬁ(i)VNV) e,

< O(dys?p"NYOm=1%) forall r € [m], s € [dow] and 1 < i < j < L.

Hence,

L
7t b s’b /BaCkz—)Lrs(I)r ,S Jr/ 1X(1 X(L
S S S (Wl

1=1 s’ E€[dout] ' E[p] TEK

d’n;t XL: Z Z Z b, é/br’ s/BaCkz—>LT 5(1)7’ s <<WI/,S’[ ’ 7(L >) ‘

i=1 s’ E€[dout] ' E[p] TEK

L
d;;‘t S Y Y bl e (BackHL<I>r S—BackHL 6, ® ( LED, ,x<L>]>>‘

i=1 s’ €[dout] v’ €[p] rEK
S5 D b O, <<Wl/,s,[x<”w“ 7X<L)]>)|.
1-Cp-0(d Oult/2p7N1/6m—1/6)

<.

MI

e,T (E&IJQ;QL@W’S — Backi_w) e

r’ s’

,_.

i=1 s’ €[dout] ' €[p] TEKX
dgutLpN P
m V dout

< O(p*Codout LpN™/Om~7/%).

In the final step, we have used the bounds of different terms as follows. we will need a couple of
bounds on the terms that appear in the equations.

 Using the fact we can show that with probability 1 — e~ %% , max, ¢ |by s | < \/ﬁ'

 From the definition of concept class, max, ¢ |b | <1and maxr/ys|<I)rgs| < Cgp in the

desired range.

r’,s’
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Claim F.16 (Restating claim . With probability exceeding 1 — e~ "),

b, B, <<Wj, LRD, ,X<L—1>]>>
o Z Z Z bm/b7 wBacki . P (< T,é,[ x@ ... ’X(L—l)]>>‘

i=1 s’ E€[dout] TE[M]

< O(Ldoutp0<pm_0'25).

Proof.

‘@W,s (<WI, o [i@), ... ,X(L_l)]>>
L
_ d;,l:t Z Z Z br,s’bi’,s/BaCkiA)L,'r,s(I)r”s <<WI,’S’ [§(2)7 C 7X(L—l)]>> ’

1=1 s'€[dous] r€[mM]

< ‘(I)T,’S <<WI’ o [i(Q), - ,X(L_l)]>> _ @ Z bnsbil SBaCkL—)L,T7S(bT/7S (<WI’ o [§(2)’ - 7X(L—l)]>> ’
) m ) )

re[m]

d _ —(L—
+ ;;t Z Z bm/bi,,s/BackLﬁLm,(g(I)rgs <<wi/7s, x?,... x& 1)]>> ‘
s’ Eldout]:s'#s r€[M]
L-1

+ % Z Z brs’br wBacki P << I,’S’[§(2)7... 7X(L—l)]>> ’

i=1 g'€[dout]:8'#s r€[mM]

—1
+ ou Z Z bnsbi/7SBaCki—>L,r,s®W,S (<W7T"’,s7 [i@), C.. ,X(Ll)}>) ‘
i=1 refm]

Since, B = Back; _, 1, by definition, we can simplify the above 4 terms as

“br’,s (<WI’757 [i@), L ,X(L_l)}>) (54)

L
rs’br Y Backz_wrs s << j",s’[i(Q)"” 7X(L_l)]>> ’

1=1 s'€[dous] r€[mM]

S ‘(I)r’,s <<Wi/ s? [i@), e 7§(L 1) >> - Ollt Z b72" sbi’ .8 <<W1',sv [i(Q)a e 7X(L1)]>> ’

re[m]

N %Zt 2: 2: brbesJ»s@r S<< T,y[xa)f..,xullq>>}

s/e[ out]:8'#s r€[m)]

+ dout Z Z Z BaCkL—>Lr5/b . gBackip P s (<Wi,7s7 [§(2)7... ,X(L_l)]>> ‘

1=1 s’ €[dout]:s'#s r€[m]

L-1
dOU — | — —
| X Back bl Bk ((wh (29 507 )|

i=1 re[m]

= [0 <<Wifs7[x(2)w“ (1) >) LT R (<Wif,s»[x(2)w“ ’X<L—1>]>>‘

re[m]

(55)

. ’ d:?;t Z Z brs’br/ bra®, << wh [x(2),'~ ,x(Ll)]>> ‘ (56)

s'€[dout]:s’#s r€[m]
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L1
dou — — —
+ ’ # g g bi, o Prs <<wl,ys, [x(z), e ,x(L 1)]>> <e:BackL_,L,esT/Backi_>L> ‘

1=1 s'€[dout]:s'#s

(57)
dout Zb . << LR ,X<L1>]>>< TBack;_,p,e] Back,_,L>‘ (58)

First, we can use Lemma [FT1]to show that both eq.[57]and eq. 58| are small.

L-1
dou — | — —
‘ mt E E b1/75/@r’,s (<Wi,,s7 [X(Q), s ,X(L 1)}>) <e;—BackLﬂL7e;Backi%L> ‘

i=1 s'€[dout]:s'#s
D (<W1/,s» x®, ... 7X(L1)]>>

dout |, ¢
§ Z ,:;Ll ‘ b’l“’,s’

i=1 5/ €[douc]is’ s

< O(Ldgyy pCoem™2%).

. <eIBackL_>L, e;—/ Back;_,, >

Also,

L—1

dou g— p— —

Zout E bi, P s <<WI, o [x(2)7 s ,x(L 1)]>) <eZBackLﬁL,eZBackiﬁL> ‘
m 4 , ,

< E dou . L <<WI/,S’ [§(2)’ e 7X(Ll)]>>

< O(Lqum”fO 25,

. <e;rBackL_)L, e;,rBacki_”;>

Since, by ~ O(0, ﬁﬂ), we can show using using factthat with probability at least 1 — e~ %),
T S 12 -1 <O(L).
m re[m] 7 \/ﬁ
Hence, eq. [55]can be simplified as

‘(I)TQS <<w1,’5’ x®, ... LY >> _ dout Z bﬁgbi ) <<wl/,s7[x(2)’”. 7X(L1)]>> ’

re[m]

Py, , tox®@ L xE-D P
< O(L) Joh o ((wh 2, x500) ) < OCo L)
Also,
out 1 2 2
E br sbr s = 2m (Hbr,s + br,s’ _Hbr,s - br,s’ ) .

re[m]

Since, both b, and by are independent gaussian vectors, bg + bg ~ N(0, 2 ]I) and by, — by ~
N(0, 72-T). Hence, using factwe have with probability at least 1 — e‘Q(P d ,for all 8" € [dout],

dout Z 2 P
e (br,s’ + br,s) -2/ < 0(7
m re[m] \/m

dout Z 2 P
(br,s’ - br,s) -2 é 0(7
m re[m] \/TTL
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and thus
dout 37 brsbrs| < 0(%).
m e m
This can be used to simplify eq. [58]

Dous T T —(L—1
br.sbl, by s @y < R )> ‘
m Z Z ,8 Ul s VT , (Wr,s [X X ]

s’ €[dout]:8'#s r€[M]

d ut X X\
< Z OW Z bns,bi,,s,bwq%,,s <<wi,7s, [X(2)7... . x(E 1)]>> ‘

s’ Eldout]:s'#£s re[m]
P t fog®@ L (L)
<O(—=) Z -’br, o || Pr s (<wr,s,[x yre X ]
\/TTL s’ €[dout]:s'#s
L)
vm’

Hence, adding everything up, we have with probability exceeding 1 — e~ 20,

‘q)r’,s <<WI LE®, ,X(L—l)]>>
L
dout Z Z Z bns'bI/7S/BaCki—>L,T,s(I)T’,s (<W7T_,,s,[x(2)7... ,X(L_l)]>) ‘

s’ €[dout] TE[M]
\/7) + O(Cédout

< O(LdguypCem™925).

S O(Oi)dout

< O(Cs ) + O(Ldou pCoem™22%) + O(LpCpm %)

f

Thus, introducing claim[F3]in eq. 40} we have

FO D x0) = Y b, @, (< LR, X(L—l)]>)

' €[p]
< O(dow Lpp*€.(®,0(e,1))m ™) + O(€o(®,rs, O(e; ) p* ) d3 Lpm ™)
+ doutLpp2(<€ + (’)(Lq>p5m_2/15) + (’)(5;1L<1>L4p11m_1/12 + L¢L11/6p25i/3))
+ (’)(psdoutme_2/15) + O(Lpdouy pCoem~-2%)
< O(douwt Lpp2e + dowt L'/ Spp* Loe?/ + d2/2 LOpp" Lo Co €. (@, O(c5 1))m~1/30).
Lemma F.17. With probability at least 1 — e=4"),
[W*[r =0,

. 1/2€:(®,0(e; 1))
A" <O (Pdoét\/ﬁ :

Proof. The norm of W* follows from the fact that it is a zero matrix. From def. we have that

dOu Xx7
ar = 22 Z Z bT’SbI,’SHT“S (9“5 ((WT,W[L]WI,’Q) ,\/m/2ar,d> eq, Vre[m),
s€[dout] ' €[p]

where
m/2

O = —Y 12
W, i

)
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Since, there is a dependence between w,. and W[L], we again need to re-randomize some rows of
W[L] as has been done in thm. Following the steps as has been done to bound eq. , we can get

A*=A*+ A",
where HK*HF < O(€.(D,0(51))pPm=5/6) with probability at least 1 — e~2(**) and for each
r € [m],

~ dou =IL]
a: = mt Z Z br,sbl/ﬁsH'r‘/’s 97‘/75 <<WT7W WI/.’S>> ﬂmar,d eq,

s€[dout] ' E[D]

—[L]
where W doesn’t depend on the weight vector w,.. Using the properties of the function H, ; from

def. , we can show that with probability at least 1 — e~ Q")
|8 = owgie.@ 06 1)m ).

G Optimization and Generalization: proofs

G.1 Proof of lemma

Lemma G.1 (Restating lemma . For a constant €, = m and for every constant € €

1 . /! —1 _ -
(O, p~poly(p)~€5(q>,0(5;1))) , there exists C' = €.(®,0(e; 1)) asndza parameter A\ = © (Lp) 50
that, as long as m > poly (C”,p7 L,dyys, &‘_1) and N > Q ("i’#) , setting learning rate n =

S} <¥) andT = © (wfjﬂy(p)) , we have

ep*m €
1= e 1
E[— E  ObjX,y W+ W,A+A ]gOPT+—+77
sgd T;@y*wz iy ! 2 2 " poly(p)

C/Q 2 1
and |Wy||p < ﬁforA = %Y(P)_

Proof. The proof will follow exactly the same routine as lemma 7.1 in [37]]. We allow A to change,
which leads to changes in the proof. We outline the major differences here for completeness. For
simplicity, we outline the proof for Gradient Descent.
The training objective is given by
ObJ (Wt, A.f) = ( IE) ObJ (i, y*7 Wt, 1&,5)7 where
X, y*)~Z
Obj(X,y"; Wi, Ay) = GOF(x, 5" W + Wi, A+ Ay)).
Let X be a true sequence and x be its normalized version. Let’s consider the matrices W + W,
A + A, after SGD iteration ¢. Let

 at RNN cell i, h¥, Back,_,;, and D) are defined w.r.t. A, W, B, x.

« at RNN cell i, h® + h{”, Back;_,, + Back,;_,z; and D®) + D" are defined w.r.t.
A—'—At,W—FWt,B,X.

Define the following regularization term:
L
R(x; W', A") =Y " (Back;_,; + Back,_,1,,)(D”) + D{"))(W'(h0~1 + hi"" V) + A’xD),

=2
L
Back; ., + Back; ;) (D® + DY) [ [W,A’] [hG-D £ n{ xO
, t r t
=2
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which is a linear function over [W’, A'],.. Define the following regularized loss function:

GWW, A= E GXy*; W', A, where

(X,y*)~Z

GX,y" ;W A) = GOFE (T W+ Wi, A+ Ay) + AR(x; W/, A'))

Note that, é(O, 0) = ObJ(Wt, At) and V[w/ﬁA/}é(O, 0) = V[Wt,At]Obj(Wta At) First of a]l,
we have

FOXW+ W, A+A) - FO((xW,A) (difference between RNN output)

= 3" Back, ., DY (Wh(") + Ax(0) + (using lemma[G23)
Le[L]

= Z (Back_.1, + Back_, 1, ) (D(Z) + D,@) (Wt (h(é_l) + h§671)> + Atx(€)> +e'+¢&"
Le(L]

(using lemma|G.2)

= R(x; Wy, Ay) +¢ +¢€", (using the definition of R)

where 0 < &/, &” < O(p” A*3m~1/6). Also, from lemma we have
R(x; W* A*) = F*(x) £ ",

with &’ < &/2 + poly(p) !, when e, < poly(p)~t, e < (p- poly(p) - €s(®,0(e; 1))t and
m > poly(o). Hence,

1_A*)

A
(L 1 * 1 *
Frnn X5 W + Wt,A—|—At)—|—)\R X,XVV - Vvt,xA _At

A

1
G [ AFE) (x; W, A) + AR (x; Wy, Ay) + AR (x; “W* — W, X

1
—A* — At) + El + EU
(using the difference of Fr(nLn) derived above)

=G (AFr%n %W, A) + R (x; W, A*)) te +e”

=G(R(x;W* A")) te' +e" +¢ (39)
=G(F*(x))+e +e&" et (using eq. [using the difference of F}i derived above)
1
= OPT + O(e) + : (60)
poly(p)

after setting everything properly. Here A is chosen above such that with high probability
AR (E;W,A)’ < eto get eq.

Now, at each step of gradient descent, we have
(Weit, Arv1] = Wi, Ad]l = Viw, a,)0bj (W, Ay)

= [Wi, Ay] — 0V wr,41G(0,0).
(using the equivalence between gradient derived above)
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Hence, we have

2 2

1 1
H[Wt+17At+1] - X[W*’A*] :H[Wt,At} — X[W*7A*] +H[Wt+1)At+1] — [WtaAt]H2
1
+2 <[Wt+17At+1} — [Wi, Ag], [We, Ay] — /\[W*7A*]>
1 2 ~ 2
:H[Wt,At] — X[W*,A*] +7’]2HV[W/,A/]G<O,O)H
(from descent update)
~ 1
— 27’] <V[w/’A/]G(O, 0), [Wt, At] — X[W*, A*]>
1 2 ~ 2
2 H[thAt} - X[W*aA*] + UQHV[W/,A/]G(OaO)H
~ 1 1 ~
(using the convexity of G)
1 2 . 2
— WA A [, ObiCWe. )|
1
—2n | OPT + O(e) + ———— — Obj(W, A )
(using eq. [60)
Thus,
1 1 It 2
= > Obj(Wi, Ay) < —— (||[Wr,Ar] — <[W* A%]|| —|<[W* A"]
20T A A
te[T]
2T e poly(p)

We can then finish the proof by bounding ||V w, a,]Obj(W¢, Ay)|| || VODbj(0,0)| < O(Ap*v/m)
for W, A, < %. We then show that A = C"%poly(p)e~2, since it can be bounded by the term

nT\/ﬁsupte[T] -||V[wt,At]Obj(Wta At)”' -
G.2 Helping lemmas

Lemma G.2. [first order coupling] Let W, A, B be at random initialization, x| - . | x(F) be a
fixed normalized input sequence, and A € [9_1007 9100] . With probability at least 1 — e=2() over

W, A, B the following holds. Given any matrices W' with HW’H2 < Am, A’ with HA’H2 < j%,

and any W with ||\~7V||2 < A with |Al|z < e letting h®) D® Back;_,, be defined with

respect to W, A, B, X, and h'¥ + h®’ D® + D’ Back,_,; + Backzﬂj be defined with respect
toW +W' A+ A’ B X, then

|| ZZE[L] (BaCké—>L + BaCk2—>L) (D(f) + D(E)/) (W (h(é—l) 4 h(f—l)/) + A’X(e)>

Sk (W A) 0 (457).

ml/6

Proof. The proof will follow the same technique as has been used in Lemma 6.2 in [37]. We give a
brief overview here.

We allow a change in A by A’, which wasn’t allowed in their lemma. However, we show now that
the primary 3 properties (specified in Lemma F.1 in [37]) used to prove the lemma change only by a

constant factor, with the introduction of perturbation in A. With probability at least 1 — e*”(’ﬂ),

67



1. th

, S O (p°A/y/m) .

2. HDW

<0 (p4A2/3m2/3> .
0
3. |[Backi_, ||, < O (AY350m1/3).

Property 1 and property 2 will follow from Claim C.2 and property 3 will follow from Claim C.9 in
[19] with the following change. Due to the introduction of perturbation in A, eq. C.2 in [19] changes
to

g =w'DWOg® 4 (W +W')- DO . g® 4 (W +W'). (D(Z) + D(f)/) g 4 A%,

where we introduce an extra last term. Thus, since || A/x(O || < ||A’ H

<)
similarly written as gi“’ + géz)/, where Hggé)'H <n anng;e)/H < 79, with 71 just changing by a
0

< O(25). 8" canbe

factor 2 in eq. C.1[19]. This minor change percolates to minor changes in the constant factors in
Hh(e)/ ,HD(@/

!/
. and ||Back)_, ||,
Now, the proof follows from the following set of equations.

[ Z (Back,_,;, + Back)_,;) (D(Z) + D(é)/) <W (h(é—l) + h(é—l)/) + AX(€)>
(e[L]

— > Back,,, D" (Wh“*) + Axw) I

Le[L]
< Z Back, . (D(f) +D(€)/) (W (h(e—l) +h(e—1)/> +f&x“)> I
Le[L]
<Y Back;,, (DY +D®) W (n*D 4 1) |
Le[L]
Term 1
+ 1Y Back,, (D@ + D) Wh |+ | 3~ Back,,,D@"Wh*1)]|
Le(L] Le[L]
Term 2 Term 3
+]1 > Back) (D“) + D“)’) AxO)+] Y Back,, ;D' Ax®)|
LelL] Ce[L]
Term 4 Term 5

Term 1, 2 and 3 appear in the proof of Claim 6.2[37]. Terms 4 and 5 can be bounded using similar
technique by using the bound on ||Back2 oL H and HD(Z)’

respectively. O
0

Lemma G.3. [first order approximation] Let W, A, B be at random initialization, x| - . x(L) pe

a fixed normalized input sequence, and A € [9_100, QlOO] . With probability at least 1 — e~ ) over
W, A, B the following holds. Given any matrices W' with HW’H2 < %, A’ with HA’H2 < %7,
letting h'® DY) Back;_,, be defined with respect to W, A, B, X, and h*) + h®®’ D®) 4 D)’
Back;_,;, + Backzﬁj be defined with respect to W + W', A + A’ B, X, then

Fr(nlil)(wi + W/vA + A/) - F(L) (X,W,A) - F(L)(Xvwlv AI)

rnn

pTAY/3

=Bn®™" - 3" Back,, . D (W’h“—” + A’x(“) <ol=—
m1/6

Le[L]
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Proof. The proof will follow the same technique as has been used in Lemma 6.1 in [37]. We give a
brief outline here.

We allow a change in A by A’, which wasn’t allowed in their lemma. This leads to an introduction
of an additional term in eq. H.1 in [37]. That is, there exist diagonal matrices D®W” where

di‘?” € [—1,1] and is non zero only when d%)/ # d%),

B(h'®) + ") - Bh") = Z B(DY + DWW ... WD+ DOV YW/ (W@ 4 h()7)

Term 1
L-1
+ Z B(D(L) + D(L)//)W L W(D(i+1) + D(i+1)//)A/x(i) )
i=1

Term 2

In lemma 6.2 of [37]], Term 1 was shown to be close to
7T A4/3
S BDOW . WDEHD W () by O(pmAl/; ). The bound will stay the same, since we have

and Hh“ in the proof of lemma
0 2

Using the same technique, we can show that Term 2 is close to Zf;ll BDOW ... WDEFD A/x(®)
since Term 2 can be similarly broken down into at most 2% terms of the form

shown similar bounds for HD Ol

(BDW ---DW)D”(W...DW)D”...D"(W ... DW)A’x)
and each term can then be similarly bounded to give an extra error bound O(%). O

Lemma G.4. Let W* and A* be as defined in def. [D.2] Let W, A, B be at random initialization,
xW ... %) e a fixed normalized input sequence, and A € [ ~100 9100} With probability at
least 1 — e~ %) over W, A, B the following holds. Given any matrices W' with HW’H2 < %,
A’ with ||A’||2 f’ Letting h'Y DO Back,_,;, be defined with respect to W, A, B, X, and

h® +h® DO+ DO’ Back,_, + Backlgﬁj be defined with respect to W +W', A+ A’ , B, X,
then for all s € [k]

Z el (Back,_,;, + Backj_, ) (D(E) + D(Z)/) (W* (h(Z—l) + h([—l)/) + A*X(Z)>
Le(L]

_ Z br/ s*rl,s << W s [X(2)’ o 7X(L1)]>>

r’'€[p]

+ O( dowt Lpp*e + doutL7/3pp2Lq>ei/3 + doutL5pp11Lq>Cq>C€(<I>, (’)(6;1))m_1/30)
0 (cg<¢,0<e;1>>di£fpw/3> |

ml/6

Proof. The proof follows from Lemma|G.2] using the bound on||W*|| and ||A*|| from lemma[F.17]
O

H On Concept Classes

The concept class in [37]] matched the output to a true label at each step using loss function G, i.e.
F* belongs to RL*4 — Réut | given by

Z Z ¢1—>JT5 1—>]rsx(i))7 61)

1:19<J re[p)
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forall j € [2,L] and s € [doy). Here ¢, s : R — R are smooth functions and w;_, , s unit
vectors. We can rewrite (61)) in a more compact vector form

FrOl(x) = ) i (x1), (62)

ini<j

where 1;_,;(x(?)) is defined in the obvious way: it is the vector of inner sums in (6I). From the
previous equation it is clear that F*(9) (x(¥)) is a sum of functions of individual tokens x(*). This
suggests that this concept class can represent only a limited set of concepts. A clean framework
for illustrating these issues is afforded by the task of recognizing membership in a given formal
language. Fix a finite alphabet > with each letter also encoded by a vector so that it can be processed
by RNNs. We say that the RNN recognizes a language A over X if after processing the sequences
(xM,...,x1)) encoding a string w = (wy, ..., w;) € ¥/, the output y /) satisfies [y/) — 1| < 1/3,
if w € A and [y)| < 1/3, otherwise. For simplicity, in the following, we will require the more
stringent conditions yU) = 1 and y) = 0; these can be easily relaxed with some extra work. Since
our output is binary, the output dimension d, is set to 1; this is the setting in which our experiments
are also done.

Below, we give examples of some simple regular languages that the above concept class can’t
recognize but can be recognized by functions in our concept class with small complexity.

We first consider a simple regular language L, over the alphabet {0, 1} given by the regular expression
0*10*. In words, a string is in L; iff it contains a single 1. This language can be thought of as
modeling the occurrence of an event (a single blip) in a time series.

Consider the set S of strings {02000L~972,09110L-9-2 07010£-972,09100£~972} where 0 <
q < L — 2. Clearly, 09000£=972 ¢ L; and 09110%=972 ¢ L; whereas 09010972 € L, and
091004972 € L,. We choose uniform distribution on S as the data distribution Dy, .

Theorem H.1. Any concept class of type (61) must err with probability at least 1/4 on Dy, .
Proof. (sketch) Fix a q. Let w = 09ab0L~972 where a,b € {0, 1}, we can rewrite (62)) as

FrP(w) = 37 ai(0) + agai(a) + agra(d) + D> ai(0)

ii<q i:q4+3<i<L
= A+ agr1(a) + ag2(b),

where each (a;(0), a; (1)) € R? is any two-dimensional vector. Now, we must have A + a41(1) +
ag1+2(0) = 1and A + ag41(0) + ag12(1) = 1. And also, A + a4+1(0) + a442(0) = 0 and
A+ agri1(1) + age2(1) = 0. Summing the first two equations gives 24 + ag41(0) + ag41(1) +
ag1+2(0) + ag42(1) = 2 and summing the next two equations gives 24 + ay4+1(0) + ag11(1) +
aq1+2(0) + ag42(1) = 0. Thus at least one of the four equations above must fail. The concept class
thus incurs an error with probability at least 1/4. O

We can show that our concept class (Eq. (Z)) can recognize the language Dy, . Assume that we get
an length-L string as a length-L input sequence x, with ‘0’ represented by one-dimensional vector
0 and ‘1’ represented by one-dimensional vector 1. E.g. ‘0010’ will be represented as a sequence
0,0, 1,0. Then, one can count the number of 1’s in the given input and claim that if the number of
1’s is exactly 1, the string belongs to the language Dy, . The required condition can be checked using
a single neuron with activation ¢(x) = 22 — 22, which is a quadratic activation, and weight vector
containing all ones (1). Hence, one can show that acceptance condition is satisfied iff ¢((1,x) +1/2)
is positive. Thus overall, we have shown that the language Dy, can be computed by a one-hidden
layer neural network with a quadratic activation and 1 neuron, implying that our concept class can
approximate the language Dy, .

Other pattern matching languages. Dy, can be thought of as a very simple pattern matching
problem. In fact, we can show a more general class of languages that can be learned by our concept
class efficiently. Consider the following language: a string (of length at most L) belongs to the
language iff it contains a particular substring (of some constant length k). We will denote this
substring by 5. Assume that we get an L-length string as L-dimensional input x, with ‘0’ represented
by a one-dimensional vector —1 and ‘1’ represented by one-dimensional vector 1. E.g. ‘0010 will be
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represented by the sequence —1, —1, 1, —1. Let vz denote the vector representation of the sequence
for the substring 5. Then, we can enumerate all the consecutive substrings in the input and check
if the required substring occurs in at least one of them. Mathematically, this translates to creating
a one layer neural network with (I — k + 1) neurons and activation function ¢(t) = e, for some
constant ¢ = Q(log L). The i-th neuron will contain the weight vector v;, where the substring

between position ¢ and ¢ + k£ — 1 contains v and the rest of the positions contain 0. One can check
that if the input string contains the desired substring 5, then ZiL:1 o((v;,x) — k) > 1, otherwise
it is less than % Thus, overall we have shown that the language can be recognized by a one-layer
network with exponential activations. Since, we have discussed before that exponential activations
have O(1) complexity (see Def. [2.1)), we have shown that our concept class can efficiently solve the

pattern matching problem.

We can generalize the above ideas to address some other related problems where we need to find
multiple substrings, problems where we need to make sure that the number of times a particular
substring occurs is at most a certain limit, etc.

General regular languages. More generally, our concept class can express all regular languages.
However, the complexity of the concept class can be super-polynomial in the sequence length L
depending on the regular language. Here is a sketch of a general construction. As previously men-
tioned, RNNs with ReLU activations and finite precision are known to be equivalent to deterministic
finite automata (DFA) and thus capture regular languages [[11]. The ReLU can be approximated by
polynomials [47] so that the resulting RNN still approximates the DFA up to some required length
(the larger the length, the better the approximation needs to be—and the higher the degree of the
approximating polynomial). In turn, such an RNN using polynomial activations can be easily repre-
sented by our concept class. The complexity (Def. [2.T) of the concept class is small as polynomials
have small complexity. We omit the routine but technical details of this construction.

Many regular languages allow special treatment though. For example, consider the language PARITY.
PARITY is the language over alphabet {0, 1} with a string w = (w1,...,w;) € PARITY iff
wy + ...+ w; = 1mod?2, for j > 1. We can show that PARITY is hard for the above concept
class for the uniform distribution on {0, 1}¥. A simple proof of this can be obtained via Boolean
Fourier analysis (e.g., [48]) which we now sketch. In this setting, we note that PARITY of L bits
corresponds to a degree-L polynomial (2w; —1)(2ws —1) ... (2wy, — 1); the output now takes values
in {—1,1} instead of {0, 1}. On the other hand, the functions in (6I) with dy,s = 1 correspond to
linear functions of the form Zi o;w; + B; for some constants a;, 5; € R for all i. Using these facts,
the correlation between the two can be easily shown to be 0 via the Plancherel-Parseval theorem,
which implies that all functions of type (61) make significant error on PARITY.

However, we can show that PARITY is easily expressible by our concept class with small complexity.
Assume that we get an length-L string as a length-L input sequence x, with ‘0’ represented by
one-dimensional vector 0 and ‘1’ represented by one-dimensional vector 1. E.g. ‘0010° will be
represented as a sequence 0,0, 1,0. Then, one can count the number of 1’s in the given input and
claim that if the number of 1’s is even, the string belongs to the language PARITY. The required
condition can be checked using a single neuron with activation ¢(x) = cos(mz) and weight vector
containing all ones (1). Hence, one can show that acceptance condition is satisfied iff ¢({1,x) — 1) is
positive. Thus overall, we have shown that the language PARITY can be computed by a one-hidden
layer neural network with a cos activation and 1 neuron. Since, we have discussed before that cos
activations have O(1) complexity (see Def. , we have shown that our concept class can efficiently
recognize PARITY.

We performed experiments on the ability of RNNs to learn various regular languages (see sec.[[| for
details). In almost all of the regular languages that we tested on, RNNs can achieve near perfect test
accuracies (table[T).

I Experiments

RNN inversion at random initialization. We consider a randomly initialized RNN, with the entries
of the weights W and A randomly picked from the distribution A/(0, 1). Sequences are generated
iid. from normal distribution i.e. for each sequence, x(¥ ~ N(0,1I) for each i € [L]. We use
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Figure 4: Invertibitiliy of RNNs at random initialization: Checking behavior of inversion error with
number of neurons and the sequence length at different data dimensions.

SGD with batch size 128, momentum 0.9 and learning rate 0.1 to compute the linear matrix W[L]

(L 2 . .
so that [|W Hlpe — [xM, ..., x| is minimized. We compute the following two quantities on
WL (D) (1) (L)
.. . W ht™ — yees
the test dataset, containing 1000 sequences: average Lo error given by Ex I T [x(”,.[.}:x( L)]Hx Il

and average L error given by Ey HW[L]h(L) — [xW, ..., xB)]||__. We plot both the quantities for
different settings of data dimension d, sequence length L and the number of neurons m. L takes
values from the set {2, 4, 6}, d takes from {2, 4, 8} and m takes from {500, 1000, 2000, 5000, 10000}
(Figure[d). The trends support our bounds in Theorem[4.3] i.e. the error increases with increasing L
and decreases with increasing m. Note that the data distribution is different from the one assumed in
normalized sequence Def. It was easier to conduct experiments in the current data setting and a
similar statement as Thm. can be given.

Performance of RNNs on different regular languages. We check the performance of RNNs on
the formal language recognition task for a wide variety of regular languages. We follow the set-up in
[10] who conducted experiments on LSTMs etc. but not on RNNs.

We consider the regular languages as considered in [10]]. Tomita grammars [49] contain 7 regular
languages representable by DFAs of small sizes, a popular benchmark for evaluating recurrent models
(see references in [[10]). We reproduce the definitions of the Tomita grammars from there verbatim:
Tomita Grammars are 7 regular langauges defined on the alphabet 3 = {0, 1}. Tomita-1 has the
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regular expression 1*. Tomita-2 is defined by the regular expression (10)*. Tomita-3 accepts the
strings where odd number of consecutive 1s are always followed by an even number of 0’s. Tomita-4
accepts the strings that do not contain three consecutive 0’s. In Tomita-5 only the strings containing
an even number of 0’s and even number of 1’s are allowed. In Tomita-6 the difference in the number
of 1’s and 0’s should be divisible by 3 and finally, Tomita-7 has the regular expression 0*1*0*1*.

We also check the performance of RNNs on Parity, which contains all languages with strings of
the form (wyq,...,wr) s.t. wy + ... +wy =1 mod 2. Languages D,, are recursively defined as
the set of all strings of the form (Ow1)*, where w € D,,_1, with Dy containing only ¢, the empty
word. Other languages considered are (00)*, (0101)* and (00)*(11)*. Table[I|shows the number of
examples in train and test data, the range of the length of the strings in the language, and the test
accuracy of the RNNs with activation functions ReLU and tanh on the regular languages mentioned

above.

H Task No. of Training/Test examples | Range of length of strings ‘ RNN(Relu) ‘ RNN(Tanh) H
Tomita 1 50/100 [2, 50] 1.0 1.0
Tomita 2 25/50 [2, 50] 1.0 1.0
Tomita 3 10000/2000 [2, 50] 1.0 1.0
Tomita 4 10000/2000 [2, 50] 1.0 1.0
Tomita 5 10000/2000 [2, 50] 1.0 1.0
Tomita 6 10000/2000 [2, 50] 1.0 1.0
Tomita 7 10000/2000 [2, 50] 0.259 0.99

Parity 10000/2000 [2, 50] 1.0 1.0
Dy 10000/2000 [2, 100] 1.0 1.0
Ds 10000/2000 [2, 100] 0.99 1.0
Dy 10000/2000 [2, 100] 1.0 0.99

(00)* 250/50 (2, 500] 1.0 1.0

(0101)* 125/25 [4, 500] 0.99 1.0
(00)*(11)* 10000/2000 [2, 200] 0.99 1.0

Table 1: Performance of RNNs on different regular languages.

We vary m, the dimension of the hidden state, in the range [3, 32], used RMSProp optimizer [50]
with the smoothing constant v = 0.99 and varied the learning rate in the range [10~2,10~3]. For
each language we train models corresponding to each language for 100 epochs and a batch size of 32.
We experimented with two different activations ReLU and tanh. In all but one case (Tomita 7 with
ReLU) the test accuracies with near-perfect. This was the case across runs. Tomita 7 results could
perhaps be improved by more extensive hyperparameter tuning. We train and test on strings of length
up to 50, and in a few cases strings of larger lengths (when the number of strings in the language is
small).
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