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Abstract

Motivated by both theory and practice, we study
how random pruning of the weights affects a neu-
ral network’s neural tangent kernel (NTK). In
particular, this work establishes an equivalence
of the NTKs between a fully-connected neural
network and its randomly pruned version. The
equivalence is established under two cases. The
first main result studies the infinite-width asymp-
totic. It is shown that given a pruning proba-
bility, for fully-connected neural networks with
the weights randomly pruned at the initializa-
tion, as the width of each layer grows to infin-
ity sequentially, the NTK of the pruned neural
network converges to the limiting NTK of the
original network with some extra scaling. If the
network weights are rescaled appropriately af-
ter pruning, this extra scaling can be removed.
The second main result considers the finite-width
case. It is shown that to ensure the NTK’s close-
ness to the limit, the dependence of width on the
sparsity parameter is asymptotically linear, as the
NTK’s gap to its limit goes down to zero. More-
over, if the pruning probability is set to zero (i.e.,
no pruning), the bound on the required width
matches the bound for fully-connected neural
networks in previous works up to logarithmic
factors. The proof of this result requires develop-
ing a novel analysis of a network structure which
we called mask-induced pseudo-networks. Ex-
periments are provided to evaluate our results.

1 INTRODUCTION

Can a sparse neural network achieve competitive perfor-
mance as a dense network? The answer to this question
can be traced back to the early work of (LeCun et al.,|1990)
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which showed that pruning a fully-trained neural network
can preserve the original network’s performance while re-
ducing the inference cost. This led to many further devel-
opments in post-training pruning such as (Han et al.|[2015).

However, such gain seems hard to be transferred to the
training phase until the discovery of the lottery ticket hy-
pothesis (LTH) (Frankle and Carbin, 2018). The LTH states
that there exists a sparse subnetwork inside a dense net-
work at the initialization stage such that when trained in
isolation, it can achieve almost matching performance with
the original dense network. However, the method they used
to find such a network is computationally expensive: they
proposed iterative magnitude-based pruning (IMP) with
rewinding which requires multiple rounds of pruning and
re-training (Frankle and Carbin} 2018} [Frankle et al.,|2019;
Chen et al., |2020). Subsequent work has been making
effort in finding good sparse subnetworks at initialization
with little or no training (Lee et al., | 2018;|Wang et al.,|2019;
Tanaka et al., [2020; [Frankle et al.,[2020; Sreenivasan et al.,
2022b). Nonetheless, these methods suffer a degenerate
performance than IMP. Surprisingly, even random pruning,
albeit the most naive approach, has been observed to be
competitive for sparse training in practice (Su et al.| 2020
Frankle et al.| [2020; [Liu et al., [2022a)).

On the theory side, a recent line of work (Malach et al.|
2020; Pensia et al.| 2020; [Sreenivasan et al., [2022a)) proves
that there exists a subnetwork in a larger network at the
random initialization, that can match the performance of a
smaller trained network without further training. However,
finding such a subnetwork is computationally hard. Other
than that, little theoretical understanding of the aforemen-
tioned practical pruning method is established. Now, since
random pruning is the simplest (and cheapest) avenue to-
wards sparsity, if we can understand how good a random
pruned subnetwork could be, compared to the original un-
pruned network, then we can establish a “lower bound”-
type understanding on the effectiveness of neural network
pruning, compared to other sophisticated pruning options.

To understand the success of deep networks theoretically,
people have proved that running (stochastic) gradient de-
scent on a sufficiently overparameterized deep neural net-
work can rapidly drive the training error toward zero (Du
et al., 2018} |Allen-Zhu et al., [2019; [Du et al., [2019; J1 and
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Telgarsky}, [2019; [Lee et al., 2019} |[Zou et al. [2020), and
further, under some conditions, those networks are able to
generalize (Arora et al.,2019a; (Cao and Gu,[2019). All the
aforementioned works either explicitly or implicitly estab-
lish that the neural network is close to its neural tangent
kernel (NTK) (Jacot et al., [2018), provided that the neural
network is sufficiently overparameterized. Further, if the
network width grows to infinity, this matrix converges to
some deterministic matrix under Gaussian initialization. In
addition, it is shown that the convergence and generaliza-
tion of the networks heavily depend on the condition num-
ber and the smallest eigenvalue of the NTK (Du et al.}[2018|
2019; |Arora et al., 2019a;; |(Cao and Gu, [2019).

Motivated by the established theory on NTK and the recent
empirical observation that random pruning becomes par-
ticularly effective if the original network is wide and deep
(Liu et al.,[2022a)), we study the effect of randomly pruning
an overparameterized neural network in the NTK regime
by asking the following question:

How does random pruning affect the wide neural
network’s tangent kernel?

If we can understand and bound the difference between the
pruned network’s NTK and its unpruned version, then we
can hope for formalized results suggesting that the pruned
neural network can achieve fast convergence to zero train-
ing error and yield good generalization after training. For
practitioners, this perhaps surprising result is likely to bring
random pruning back to the spotlight of model compression
and efficient training, in our era when neural networks are
practically scaled a lot wider and deeper, say those gigantic
“foundational models” (Bommasani and et al., [2021)).

Interestingly, we show that random pruning only incur lim-
ited changes to the neural network’s tangent kernel. We
now summarize the main contributions of this work:

* Asymptotic limit. The first result shows that pruning
does not change the NTK much, asymptotically. More
specifically, Theorem [3.1] states that given a pruning
probability, the NTK of the pruned network converges
to the limiting NTK of the original network at the ini-
tialization with some extra scaling factors depending
on the pruning probability, as the network width grows
to infinity sequentially. As a simple corollary, this
scaling can be removed by rescaling the weights after
pruning. Further, this sequential limit can be indeed
approached by increasing the width of the network.

* Non-asymptotic bound. The second main result
studies how large the network width needs to be to
ensure that the pruned network’s NTK is close to its
infinite-width limit. Theorem [3.5] shows an asymp-
totically linear dependence of the network width on
the sparsity parameter, as the gap between the pruned
network’s NTK and its limit goes down to zero. Fur-
ther, if the pruning probability is set to zero, our

width lower bound recovers the bound in (Arora et al.,
2019b) for fully-connected neural networks up to
some logarithmic factors. The proof of Theorem
requires developing novel analysis of a network struc-
ture that is closely related to the pruned network which
we called mask-induced pseudo-networks. We give
a detailed explanation in Section[5.2] We further vali-
date our theory experimentally in Section

Although our result is about the networks at the initializa-
tion, Du et al.|(2018));|Arora et al.|(2019b)); /Allen-Zhu et al.
(2019) suggested that the network is still closely related to
the NTK after training, provided that the network is suffi-
ciently overparameterized. Therefore, by further applying
the established analysis in the previous work, the equiva-
lence can still hold after training.

1.1 Related Work

Sparse Neural Networks in Practice. Since the discov-
ery of the Lottery Ticket Hypothesis (Frankle and Carbin,
2018), many efforts have been made to develop methods
to find good sparse networks with little overhead. Those
methodologies can be divided into two groups: static sparse
training and dynamic sparse training (Liu and Wang} [2023).

Static sparse training can be based on either random prun-
ing and non-random pruning. As for random pruning, every
layer can be uniformly pruned with the same pre-defined
pruning ratio (Mariet and Sra, 2015} He et al., 2017; |Gale
et al., [2019) or the pruning ratio can be varied for differ-
ent layers such as Erdo-Rényi (Mocanu et al., |2018) and
Erdo-Rényi Kernel (Evci et al.l [2020). For non-random
pruning, those methods usually prune network weights ac-
cording to some proposed saliency criteria such as SNIP
(Lee et al., [2018), GraSP Wang et al.| (2019), SynFlow
Tanaka et al.| (2020) and NTK-based score [Liu and Zenke
(2020). On the other hand, dynamic sparse training (Mo-
canu et al, 2018} |Liu et al. 2021a) explores the sparsity
pattern in a prune-and-grow scheme according to some
criteria (Mocanu et al., 2018; Mostafa and Wang, 2019;
Dettmers and Zettlemoyer,[2019; Evci et al.,[2020; Ye et al.|
2020; Jayakumar et al), [2020; Liu et al) 2021b). Fur-
ther, the sparsity pattern can be learned by using sparsity-
inducing regularizer (Yang et al.,[2020). Other ways of re-
ducing the computational cost include finding a good sub-
network and then fine-tuning (Sreenivasan et al., [2022b)),
and transferring lottery tickets (Morcos et al., 2019} |Chen
et al., |2021c). To understand the transferability of lottery
tickets, Redman et al.| (2021) studied IMP via the renor-
malization group theory in physics. Based on this develop-
ment, people in practice use sparsity to improve robustness
(Chen et al.L[2021b} [Liu et al.,|2022bj Ding et al.,[2021)) and
data efficiency (Chen et al.|[2021a; Zhang et al.| [2021).

Theoretical Study of The Lottery Ticket Hypothesis. On
the theory side, there are works proving that a small dense
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network can indeed be approximated by pruning a larger
network. Malach et al.| (2020) proved that a target network
of width d and depth [ can be indeed approximated by prun-
ing a randomly initialized network that is of a polynomial
factor (in d,!) wider and twice deeper even without fur-
ther training. Ramanujan et al.|(2020) empirically verified
this stronger version of LTH. Later, [Pensia et al.| (2020)
improved the widening factor to a logarithmic bound, and
Sreenivasan et al.[(2022a)) proves that with a polylogarith-
mic widening factor, such a result holds even if the network
weights are binary. Unsurprisingly, all of the above results
are computationally hard to achieve. In addition, all these
works are based on a functional approximation argument
and don’t consider how pruning affects the training process
(and, subsequently, generalization).

Neural Tangent Kernels. Over the past few years, there
is tremendous progress on understanding training overpa-
rameterized deep neural networks. A series of works (Du
et al., 2018; |Allen-Zhu et al., 2019; [Du et al., 2019; J1 and
Telgarsky, 2019;|Lee et al., 2019;|Zou et al.,|2020) have es-
tablished gradient descent convergence guarantee based on
NTK (Jacot et al., [2018). Further, under some conditions,
these networks are able to generalize (Arora et al., |2019a;
Cao and Gu, |2019)). [Yang|(2019); |Arora et al.|(2019b) pro-
vided asymptotic and non-asymptotic proofs on the lim-
iting NTK. Further, algorithms for computing the tangent
kernels are developed for various architectures (Lee et al.|
2019; |Arora et al., |2019b; [Han et al.l [2022). Other re-
lated works include studying how depth affects the diago-
nal of NTK (Hanin and Nica,2019) and the smallest eigen-
value of NTK under certain data distribution assumption
(Nguyen et al., [2021). Overall, the neural tangent kernel
provides valuable, yet oversimplified, explanation on the
neural network’s success (Chizat et al., [2019).

One work in a similar spirit to ours is (Liao and Kyril-
lidis| [2022) which studies the convergence of training an
over-parameterized one-hidden-layer neural network with
sparse activation by gradient descent. Although both works
consider random pruning (or masking), our work is differ-
ent from theirs in a sense that the sparsity in our setting is
from pruning the weights instead of neurons whereas their
sparsity is obtained from masking neurons at the each step
of gradient descent. Further, we consider neural networks
of arbitrary depth and their work is focusing on the one-
hidden-layer neural networks. Note that for the problem
considered in this work, pruning (masking) neurons will be
trivial since it merely incur changes to the network width.

2 PRELIMINARIES

Notations. We use lowercase letters to denote scalars and
boldface letters and symbols (e.g. x) to denote vectors and
matrices. Element-wise product is denoted by ©® and ®
denotes the Kronecker product. IIx denotes the orthogonal

projection onto the vector space generated by x and Iz
denote the orthogonal projection onto the column space of
A. We use diag(x) to denote a diagonal matrix where its
diagonals are elements from the vector x. Further, 9] , (:), Q
are used to suppress logarithmic factors in O, ©, €.

2.1 Problem Formulation

Here we want to study the training dynamics of a sparse
sub-network in an ultra-wide neural network. For simplic-
ity, we first apply our analysis on fully-connected neural
networks. We denote by f(x) = f(0,x) the output of
the full network, f(x) = f(6 ® m,x) € R the output of
a sparse sub-network obtained by random pruning where
0 c RY denotes the network parameters, m € RY is
the sparse mask and x € R is the input. We distinguish
the output of each layer of the original full networks from
the sparse sub-networks by adding tilde to the symbols.
For simplicity, we assume the network outputs a scalar
We assume that the sparse mask is obtained from sampling
each individual weight i.i.d. from a Bernoulli distribution
with probability o.. Formally, let x € R¢ be the input, and
denote g(°)(x) = x and dy = d. An L-hidden-layer fully
connected network can be defined recursively as:

fmyx):(“ﬂmcnnmggw—m@)eR%7

&UGW@DER%,hZLZ”WL
dp,

g (x) =
where W) ¢ Rér*dn-1 is the weight matrix in the h-
th layer, m(» ¢ R%*@-1 is the sparse mask for the
h-th layer 0 : R — R is a coordinate-wise activation
function which we only consider ReLU activation in this
work and ¢, = (E,n(0,1) [0(2)2})_1 is used to normal-
ize the output of the activation. For ReLU, a simple cal-
culation shows ¢, = 2. Let m = (m®, ... m({+D)
and @ = (WO 'WUEHD) represents the masks and
weights in the network, respectively. All the weights Wijh)
(

") are
ij

are initialized i.i.d. from A/(0, 1) and the masks m;

sampled i.i.d. from Bernoulli(c).

The NTK of the pruned network is given by

=/ 0fx) 9f(x)
=2 <aw<h> " OW ()

h=1
ey

O(x.x) - <6'f(X)’ af(x')>

00 00

We now compute the gradient of the pruned network. Note
that since the weights being pruned are staying at zero al-
ways during the training process, the gradient of the pruned
network is simply the masked gradient of the unpruned net-

"Without loss of generality, our analysis can be extended to
the vector-output case.

> |
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work. Thus, its gradient is given by

af (x)
OW (h)

~ T
— (660 (2" 00) ) om®. @)
where b® is given by
b (x) =1 R,
b (x) =
CCTZ]S(}L) (x) (W(h-H) ® m(}L+1))TB(iL+1)(X) € R,
(3)

and

D™ (x) = diag (d (?<h>(x))) eR%>dh p=1.. L

Further, in order to give the infinite-width limit of the NTK
for the fully-connected neural networks we need to define
the following quantities: for h € [L], define

2O (x,x)=x"x/,

(h—1) (h—1) /

(h) N |2 (x,x) X (x,x') 2% 2
A (X7X)_ E(hfl)(xlvx) E(hfl)(xlvx/) eR ’
M (x,x') = ¢, E o(u)o(v)],

(x, %) oo A (u)o(v)]
and
EW(x,x) = ¢, [6(u)é(v)],

(u,v)~N(0,AH))

where ¢ denotes the derivative of ReLU: 6(z) = I(z > 0).
We define similar quantities of ¥.(") for randomly pruned
neural networks in Section 4! It can be shown that

L+1 ,
On(x,x)=  lim Z<6f<67x> af<0,x)>

d17d2,...,dL—)OO he1 aW(h) ’ aW(h)
L+1 L+1 )

= Z (Z(hl)(x,x') H G )(x,x’)> .
h=1 h'=h

3 MAIN RESULTS

In this section, we present the main results of our work. We
show that given the pruning probability, the NTK of the
pruned network is closely related to the limiting NTK of
the unpruned network, if the network is sufficiently wide.

Asymptotic Limit. We first present the asymptotic limit of
the pruned network as width grows to infinity.

Theorem 3.1 (The limiting NTK of randomly pruned net-
works). Consider an L-hidden-layer fully-connected ReLU
neural network. Suppose the network weights are initial-
ized from an i.i.d. standard Gaussian distribution and the
weights except the input layer are pruned independently

with probability 1 — « at the initialization. Assume the
backpropagation is computed by sampling an independent
copy of weights. Then, as the width of each layer goes to
infinity sequentially,
li O(x,x') =al® '

I T e
where © denotes the NTK of the pruned network and ©
denotes the limiting NTK of the unpruned network.

The theorem suggests that given a pruning probability,
asymptotically as the network width grows to infinity, the
NTK of the randomly pruned network will converges to the
limiting NTK of the full network up to some scaling de-
pending on the pruning probability. Although we assume
an independent copy of weights for the backward propaga-
tion, we will remove this assumption in Theorem@
Remark 3.2. From (Arora et al., 2019D), if the training
dataset of size n is given by (X,y), the function induced
by the NTK © (X, X) € R"*" is given as

fa(x) = O(x,X)TO(X, X) " ly,

where ©(x,X) € R™ Thus, any scaling factor in front
of the NTK is cancelled and the actual function induced by
the NTK is the same.

On the other hand, this scaling factor can be removed sim-
ply by rescaling the weights according to the pruning prob-
ability which is given in the following corollary.

Corollary 3.3. Consider the same setting as in Theo-
rem except now we rescale the mask by 1/\/a. Then,
the neural tangent kernel after rescaling © , satisfies

lim O, (x,x') = O (x,x").

di,da,...,d,—00

Proof. Let fa be the network after rescaling and m,, de-
note the rescaled mask, i.e., m, = m- (1/1/a). Based the

definition of b(")(x) in Equation (3), we define by*" =
landforh=1,2,...,L,

h

Based on this definition we have g,(lh)(x) =
(1/\/a)Er1=rbM (x).  Similarly, define the rescaled
activation output: g&” = \/%U(W(’”x) and for
h=2,... 1L,

B0 = |5 (W 0 m® ) Bl ) € R

Since ReLU is positively homogeneous, i.e., o(cx) = ¢ -
o(z) for ¢ > 0, we have 4" (x) = (1//a)"~1g™). Thus,
by Equation (2), for all h € [L + 1] we have

Ofa(x) _ ( 1 )L 0f(x)

oWm — \Va) owm’
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Plugging this in Equation () finishes our proof. O

From Asymptotic to Non-asymptotic. Since Theorem3.T]
considers sequential limits which assumes all the previous
layers are already at the limit distribution when we ana-
lyze with a given layer. However, a typical drawback of
such analysis is that the limit of expectation (as the previous
layer’s width grows to infinity) is not necessarily the same
as the expectation of limit (the previous layer’s width is ex-
actly infinite). Thus, we need to justify that the network is
indeed able to approach the limit by increasing width. In
mathematical language, this is the same as justifying the
exchange of limit for Eo(+) and E 5(-). Fortunately, ReLU
(and its derivative) are nice enough and we can justify this
by leveraging the tools in measure-theoretic probability.

Lemma 3.4. Conditioned on g\"~)(x), g~V (x). Con-
sider a fixed i € [dp41]. Let
d A1) (h+1 h
= W o (7 ()
Zdh W h+1 ) (D o (f(h)(x,))

)

X4, = € R?,

andlet g : R? — Rtobe g(z,y) € {o(x)o(y),s(x)5(y)}.
Then,

lim E[g(Xg,)] = Elg ( lim Xg,)].

dh~>oo h*}OO

The proof can be found in Section [8.T]in the Appendix.

Non-Asymptotic Bound. Building upon the asymptotic
result in Theorem [3.1] given the pruning probability, we
study how wide the neural network needs to be in order for
its NTK to be close to the limiting NTK.

Theorem 3.5 (Non-asymptotic Bound of Randomly
Pruned Network’s NTK, Simplified Version of Theo-
rem [9.8). Consider an L-hidden-layer fully-connected
ReLU neural network with the h-th layer of width dy,. Sup-
pose dy = ds = ... = dy = d. Let the weights be initial-
ized i.i.d. by standard Gaussian distribution. Suppose all
the weights except the input layer are pruned independently
with probability 1 — « at the initialization and rescaled by
1/+/« after pruning. For 6 € (0,1) and sufficiently small

e>0,if
~ 1L5 1 L2
d 2 Q <maX <a64’0(2€2)> s (4)

then for any inputs x,x' € R such that ||x|,
1, |x'|ly < 1, with probability at least 1 — 6 over the ran-
domness in the initialization and pruning, we have

‘(:)(x, x') — Ou(x,%)| < (L + 1)e.

Note that the two terms in Equation (4)) has different depen-
dence on 1/a: only 1/« is needed for the forward propaga-
tion and 1/a? is needed for the backward pass, which we

show in Section E} If we let € — 0, the first term in Equa-
tion (4) will dominate and the required width d only needs
to scale linearly with 1/« in this asymptotic case. We vali-
date our theory by comparing the Monte Carlo estimate of
NTK value to the limiting NTK value in Section[6.1]

Remark 3.6. By setting the probability of pruning a given
weight to be zero, our result matches the bound for fully-
connected neural networks in (Arora et al.| |2019b) up to
logarithmic factors.

4 THE ASYMPTOTIC LIMIT

In this section, we show how to derive the asymptotic limit
of the NTK of the pruned networks, which gives a proof
outline of Theorem [3.1] We give an outline of our analysis
in this section and we defer the complete proof to Section [§]
in Appendix.

We first introduce two quantities for randomly pruned neu-
ral networks analogous to the fully-connected networks.

Definition 4.1. Define

S (x,x) = . li;n
Lyeeey@p—>00

(8" ().8" (),
where the limit is taken sequentially from d to dp,.

As a simple consequence of the law of large numbers, Q)
is well-defined. Based on Equation (TJ), we compute

(s i) - ) e

(h 1)

where G(*~1) is a diagonal matrix and G,
<g(h D(x) om{™ gh-D(x') ©m!" )>.N0tlcethatun—

der the sequential limit, as dp_1 — o0, Ggl -1 —
ax (=1 (x,x’). Thus, the NTK depends on analyzing both
the forward propagation and the backward propagation of
the pruned neural network. We show the results in the fol-
lowing two simple lemmas.

Lemma 4.2. Suppose a fully-connected neural network
uses ReLU as its activation and dy,ds, . ..,d;, — 00 se-
quentially, then

g(h)(x x) o~ Ixnh )( /)

forh=1,2,... L.

Lemma 4.3. Assume we use a fresh sample of weights in
the backward pass, then

lim <B<h> (x), B<h>(x')>

di,...,d,—o0

= obti-h Z(h/)(x, x').
h

h'=
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The proof of Lemma [4.3] assumes that we use an indepen-
dent Gaussian copy in the backward propagation which can
be removed in the next section. Combining the two lemmas
provided above, we can prove Theorem [3.1]

Note that pruning the input layer creates additional difficul-
ties since the input dimension is fixed. The NTK of the full
network depends on X(¥)(x,x’) = x"x’. If we prune the
input layer then £(0) (x,x') = (m ® x)T (m ® x’) which
is random. In this case, it seems hard to relate (1) (x,x")
to (1 (x,x’) in this asymptotic regime.

S THE NON-ASYMPTOTIC BOUND

In this section, we give a proof outline of Theorem [3.5]
Since in this section we are only talking about the pruned
network, there is no longer ambiguity in distinguishing
pruned and unpruned networks. For notation ease, we re-
move the tilde above all the symbols of the quantities in the

(h)

pruned network. In addition, we use m; ’ to denote the

i-th row of m™ and similar for wfh). From a high level,
the proof consists of analyzing the forward propagation and
the backward propagation. We give a complete treatment in

Section[9]in the Appendix.

5.1 Analyzing the Forward Propagation

We first present our result on the forward propagation.

Theorem 5.1 (Simplified Version of Theorem[9.11). Con-
sider the same setting as in Theorem[3.5] There exist con-

stants ¢ such that if e < min(c, 1) and

. 2
dzg(li),
Q€

then with probability 1 — § over the randomness in the ini-
tialization of all the weights and masks, for all h € [L], i €
[dh—i-l]a (X(l)v X(2)) € {(Xv X)v (X7 X,)v (X/7 X/)},

} <g(h) =)@ m§h+1))T (g(h) x2) o m§h+1))

_ g(h)(x(l),xﬂ))‘ <e

Our result provides the required width to ensure the activa-
tion of each layer is close to its limit. The dependence on
1/a is precisely due to the presence of random masks and
notice that each mask is a sub-Gaussian random variable
with variance proxy 1/a.

5.2 Analyzing the Backward Propagation

In this section, we show that (b(" (x(1)), b(" (x(?))) ~
T _, 2" (x™) x(2)) under the assumption that the

event in Theorem [5.1] occurs. This is where we for-
mally justify the fresh Gaussian copy trick. We con-
sider a fixed pair (x(*),x(®)) and suppress the depen-
dence on inputs when there is no confusion. We do
this by induction: assume b(*+1) (x(1))TH(+1)(x(2)) ~
H,’:j,:hH »(x™M,x®).  Define Ggh) (g™ (x) ®
m"V), (g (x)om" ) and F"Y = (WD
m*+1)G{" . Notice that the dependence of b(#*+1) on
WD s by F"TY 1f W+ is independent to b(*+1)
(which it isn’t), then

£— E [(bw) (xM) TH® (x@) (5)

T W+
_ 2 Z bl(h+1)(X(1))bl(_h+1)(X(Q))Tr<Ml(_h+1)DMZ(_h+1)).

dh p
It is easy to show that Tr(M§}L+1)DM§h+1)) ~ ¥ and
(b (xM)) b (x(2)) is close to its expectation. Then
by induction hypothesis we are done. Now we show that
WD) s nearly independent to b("*1) Recall a spe-
cial property of the standard Gaussian: given w ~
N(0,1) and two fixed vectors x,y, if x'y = 0, then
w ' x and wTy are independent. Thus, conditioned on

h h+1 h+1 D
bt+D G FUD m () we have w )Héi =
lel(hH)Héi where w\" ") is an i.i.d. copy of w!" "), Let

r o~ (ht1 ht1) 7
[ @) Tg,) o mittY
b(f) — (b(h+1)) : D,
~(h+D\T.L (h+1)
((Wdh+1 ) HGth) dnt1 |
r h+t1 ht1) ]
[ ) Te,) o mittY
bﬁh) — (b<h+1>) : D.
ht1 h+1
_((Wt(ih+1 ))THGth ) © m‘(ih+1 )_

Notice that b(") = bT) + bl(‘h). Next, we are going to

show that the main contribution of (b(®)(x), b("(x")) is
from bT) and (bf))TbT) ~ & whereas the contribution

from the dependent part b‘(h) is small. We show these two
results in Proposition [5.2] and Proposition [5.3]

Proposition 5.2 (Informal Version of Proposition [9.20).
Under some appropriate conditions, with probability at

least 1 — 02/2 over the randomness in w(ht1) for any
(x(D,x2)) € {(x,%), (x,x), (x, %)}, we have

T j 1

2 (h) (1) (h) (2) 1 g d2
— — < -2
; (b (X )) b (x ) & o .

Proposition 5.3 (Informal Version of Proposition [9.27).
Under some appropriate conditions, if d > Q(éé—;) with
probability 1 — §2 /2 over the randomness in the initializa-
tion of WD) 1) - W (EAD i (L41)]

1 (h)H 1 1
J— <0(y/——1log=).
dh HbH 2 0 Ol2dh 08 52
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The proof of Proposition [5.2] requires some intricate cal-
culation and then applying Gaussian chaos concentration
bound which is left in Section in Appendix. We now
give a detailed description of the proof of Proposition [5.3]
For the ease of presentation, we omit the dependence on
layer and inputs when there is no confusion. First of all, we
can decompose Ilg, = Igx)om; + la,/g(x)om; Where
G, /g(x) ® m; denotes the subspace of G, orthogonal to
g(x) ®m;. Bounding the second part is simple by utilizing
the special property of the standard Gaussian. We now fo-
cus on bounding the first part. Writing g; short for g ® m;,

h+1 h+1
(W), ) © m{"*V

(b<h+1> !
(h+1 h+1)
((Wdh+1))T gdh+1) © fih+1
(h+1) h+1))T g1g7. (6)
\/> Z Hg2||2

The presence of the mask introduces further difficulties in
the analysis. In particular, without the pruning masks, the
above vector nicely simplifies to

g™ (x)
ls™ )],

(h)( )

(b(h+1))TW(h+1)g(h) ||g e H

We would like the above relation to also hold for pruned
network. However, this is not true since each g; is different.
A closer examination of the expression in Equation (6] tells
us that like the relation in Equation , the i-th coordinate
of this vector can be written as the product of ggh) (x) and
some structure similar to the pruned network, which we call
mask-induced pseudo-networks.

5.2.1 Mask-Induced Pseudo-Network

Definition 5.4 (Pseudo-network induced by mask). Define
the pseudo-network induced by the h-th layer j-th column
of sparse masks m™) for all h € {2,...,L}, j € [dy_1]
and W' € {h+1,h+2,...,L} to be
(h)
Ve £(h)

g(h»j’h) =\/7 D(h)dlagl
V dn th 1) @m(h)H

f(hdn) (W(h’) ® m(h')) gldh'=1)

3

JR) —

g Lo p) (x) sk

dh’
The output of this pseudo-network is f3L+1),

Using this definition, we can write

Z h+1 (h+1))ng( )g'E T
f h)H

J

1 (h)f h+1,5,L+1)
o ]

Now our goal is to show that |f(*+1.3-L+D)| = O(1) for
all &, j. This requires us to analyze the forward propaga-
tion of this pseudo-network. Specifically, we need to show
that the norm of g(™7"") is O(1) for all h < h' < L.
However, whether a neuron turns on depends on the input
it receives in the pruned network instead of the pseudo-
network. Nonetheless, we show that this doesn’t matter
when we consider the norm of the activation in the pseudo-
network, since it has the same distribution as the activation
in the pruned network.

Proposition 5.5. For any given nonzero vectors Xx,y,
the distribution of (w'x)?I(w'y > 0) is the same as
(wTx)2(w ' x > 0) where w ~ N(0,1).

This proposition says we can bound the norm of the acti-
vation by ignoring which neurons turn on. Thus, utilizing
this result, we can analyze the forward propagation of the
pseudo-network just as analyzmg the pruned network and
show that we indeed have |f(T14L+1)| = O(1) for all
h, j. This completes the proof outline of Proposition[5.3]

6 EXPERIMENTS

This section presents our empirical results. Our results con-
tain two parts: first we validate our theory; then, we evalu-
ate our theory on real world dataset.

6.1 Validating Our Theory

Monte Carlo Estimate of NTK

—— Limiting NTK
5 —+— Full model
Pruned model

FS
L

NTK value
w

N
L

279 2710 2711 2712 2713
Width

2”5 276 277 278

Figure 1: Figure (a) validates Corollary which shows
the empirical NTK value generated by the full model and
pruned model with varying width compared with theoreti-
cal NTK limit. The limiting NTK value is computed by a
known closed-form formula in (Arora et al., 2019b)).

Validation of Corollary 3.3] (and, thus, Theorem [3.1):
We show that the empirical NTK value computed from the
pruned network converges to the theoretical NTK limit as
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Mean Absolute Deviation from Limiting NTK

-

o
5]

—— linear scaling
qudratic scaling

Absolute Deviation
o o o
N w »

°
P

°
S

0.0 0.125 0.25 0.375 0.5 0.625 0.75 0.875
Pruning Probability

Figure 2: The results of the mean absolute deviation of the
empirical NTK value from the limiting NTK. At each prun-
ing probability, the width of the network is scaled quadrat-
ically and linearly with respect to 1/c.

the width increases. We use fully-connected neural net-
works with 3-hidden layers of the same width as our model.
We rescale the weights by 1/+/« after pruning. We first
randomly generate two data points x, y and then randomly
initialize the networks with Gaussian distribution. We fix
the pruning probability to be 1/2 and vary the width from
32 to 8192. For each trial, we create 64 samples of the em-
pirical NTK values generated by the unpruned and pruned
networks, and plot their mean. Figure E] shows that, as the
width increase, our empirical estimates from both unpruned
and pruned model converge to the limiting NTK value.

Validation of Theorem 3.5} Theorem [3.5]suggests that dj,
needs to scale asymptotically linearly with respect to 1/«
to maintain the gap between the empirical NTK and limit-
ing NTK. To evaluate our Theorem we start with a full
model of width 1024 and then prune the model with vari-
ous probability 1 — o while scaling the width quadratically
and linearly with 1/«. Since quadratically scaling width is
expensive, we stop at 0.5 pruning probability. We gener-
ate 100 samples for each pruning probability and take their
mean absolute deviation from the theoretically computed
NTK value. The result is shown in Figure[2} In both cases,
the gap to the limiting NTK is non-increasing.

6.2 On the Real World Data

In this section, we further evaluate our theory on real-
world data. Our theory suggests that if the network is wide
enough, the pruned networks should retain much of the per-
formance of the full networks. We note that here we prune
all layers of the neural networks. We adopt the implemen-
tation from Chen et al.| (2021c).

We extensively test our theory across different neural
network architectures and datasets. For pruning meth-
ods, in addition to random pruning (with and without
rescaling weights after pruning), we also include Iterative

Test Accuracy Gap of ResNets under Random Pruning

—— ResNet-20-128
ResNet-20-64
—}— ResNet-20-32

Accuracy Gap
i
o

0.0 20.0 36.0 48.8 59.0 67.2 73.8 79.0 83.2 86.6
Sparsity (%)

Figure 3: Performance of random pruning without rescal-
ing on ResNet-20 of different widths. Sparsity on the x-axis
means the fraction of weights remaining in IMP and prun-
ing probability in random pruning.

Magnitude-based Pruning (IMP) in our experiments. We
train fully-connected neural networks on MNIST dataset
Deng| (2012)) and, VGGs and ResNets He et al.|(2016) on
CIFAR-10 Krizhevsky et al.| (2009), and vary the width of
these architectures. We generate each data point in the plot
by averaging over 2 independent runs. We defer the de-
tailed experiment setup in Section in Appendix.

Results. In Figure[3] for random pruning without rescaling,
the testing performance gap narrows as the network width
is getting larger. For ResNet-20-128, at sparsity 86.6%,
the performance of random pruning and the full model is
within 1% on CIFAR-10. Similar results have been ob-
served for other pruning methods and other architectures
and datasets. Further experiment results are shown in Sec-

tion[I0.2]in Appendix.
7 DISCUSSION AND FUTURE WORK

In this paper, we establish an equivalence between the NTK
of a randomly pruned neural network and the limiting NTK
of the unpruned network under both asymptotic and finite-
width cases. For the finite width case, we establish an
asymptotically linear dependence of network width on the
sparsity parameter 1/«. One open problem is whether
1/a? dependence is indeed necessary for the backward
propagation so that the width dependence on 1/« can be
improved to exactly linear instead of asymptotically linear.
We leave further investigation on this open problem.

One limitation of our current analysis is that it only applies
to random pruning and assumes that the pruning distribu-
tion is completely independent from the weight initializa-
tion. Therefore, our analysis is not valid for magnitude-
based pruning or gradient-based pruning, as the weights
being pruned have internal correlations with the magnitude
of the weights. Another limitation is that the NTK analysis
inherently restricts the neural network’s ability to perform
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feature learning. We believe that the advantages of pruning,
such as improving network generalization, can be demon-
strated in a feature learning setting. This direction is left
for future research and exploration as well.
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8 ASYMPTOTIC ANALYSIS (Proof of Theorem [3.1))

This section is devoted to prove the asymptotic limit of the pruned networks” NTK. Recall that we use tilde over a symbol to
denote the quantity in the pruned network and the corresponding symbol without tilde denotes the quantity in the unpruned
network.

Theorem 8.1 (The limiting NTK of randomly pruned networks, Restatement of Theorem [3.1). Consider an L-hidden-
layer fully-connected ReLU neural network. Suppose the network weights are initialized from an i.i.d. standard Gaussian
distribution and the weights except the input layer are pruned independently with probability 1 — « at the initialization.
Assume the backpropagation is computed by sampling a independent copy of weights. Then, as the width of each layer
goes to infinity sequentially,

lim O(x,x) = a"O, (x,%),

di,ds,...ds,—so0
where © denotes the NTK of the pruned network and © o, denotes the limiting NTK of the unpruned network.

For the pruned neural networks, its gradient is given by

gg&ch)) _ (g(m (x) (g(hl)(x))T) om®™, h=2 ... L+1

where
_ 1R, h=L+1
b (x) = =Ty (h) (h+1) (h+1)\ TR (h+1) d ®)
DM (x)(W G m )'b (x) eR*™, h=1,...,L,
and
D™ (x) = diag (d (¥<h>(x))) eRWXd =1 . L ©)

Note that since the weights being pruned are staying at zero always during the training process, the gradient of the pruned
network is simply the masked gradient of the unpruned network.

Now, we have

<§‘{~‘§“‘)) g‘f’v‘(ffhw <<b(h)( ) (g(“)@‘))T) om®, <5<h)(x’> (é“’”(x'))T) @m<h>>.

Now we write

o
- N T b (x)g" =V (x) © my
(b(h) (x) (g(h_l)(x)) ) om = :

T (h ~ _. h
b (x)g" ) (x) © m{"

<88\J77\S(h)> aw(h)> << g"” 1)(X))T) ®m", (B(h)(x') (§<h1>(x'))T) o m(h>>

Z B p0b{" () (D (x) © m{. V() o m("))

Thus,

- (BW (x)) G=Dp®) (x), (10)

where we define G("~1) as a diagonal matrix and G\~ = <§(h_1) (x) om™ gh-D(x') @ mgh)>. Observe that

dp—1

(B0 ) omi) = S () (1) ()

—1—>00
1 j=1
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5 [ (§0) (5 ()]
- e (5 ) (800) 2 ()

W {cga (Fj(h—l)(x)> o (fj(h—l)(x’))] .

This requires us to analyze £ (x) for h € [L).
We now analyze the forward dynamics of the pruned neural network:

dn
Pl = S o m )i ol

\/> n WD © m D] (F(h)(x)} >

Conditioned on g~ (x), g»~1)(x’), we have Ffv'j(h) (x),’fv';h)(x’) are i.i.d. random variables for all j € [n]. However,

for h € {1,...,L}, as d, — oo, by the central limit theorem, [F(hﬂ)(x)]i converges to a Gaussian random variable.
This is certainly not true for the output in the first layer because the input dimension can’t go to infinity. Thus, we make
assumption that the pruning only starts from the second layer.

Now by i.i.d assumption of the mask and weights, we can compute the covariance of pre-activation as

E Hf(mn(x)} F(m)(xf)] f‘(h))m(h+1)} :<~g<h>( ) om" (h)(X/)®m§h+l)>
W(h+1) 1 i
:Zzi ([f(h)( )L>U(F(h)( )L)( AR) I

by the law of large number.

Recall Definition 4.1} we define

S, (#0000) =, i %3 ([00] )o ([ ).

where the limit is taking sequentially from d; to dj. We further define

X(l) _

2O (x,x)  £O(x,x)
> (x x) BO(x,x)|’

)

K(h) . sh-D(x,x) Sh-D(x,x)
20D (xx) 20D (x,x)

Lemma 8.2 (Restatement of Lemma @) Suppose the neural network uses ReLU as its activation and dy,ds, . .. ,d, —
oo sequentially, then

» ) (x,x") = ¢, E [o(u)o(v)],
(u,0)~N(0,A"™)

(") (x,x") = " 1xM(x,x'),

forh=1,2,... L.
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Proof. We prove by induction. First, notice that £(0) (x, x’) = £(9)(x,x’). When h = 1, there is noting to prove. Now,
assume the induction hypothesis holds for all & such that h < ¢ where ¢ > 1 and we want to show that y(t+1) (x,x) =
!B (x, x"). Notice that Equationis true for h € {1,..., L}. Therefore, as d; — 0o

i(t+1)(x7 x') = ¢y [f“(t+1)(x)]l]jE[F<n+1)(x')]l [cr (F(Hl)(x)] 1) o (F(Ml)(x/)} 1)} )

Assume all the previous layers are already at the limit, fort = 1,..., L,

(] o] )~ o

This proves the first equality.

By induction hypothesis on () (x, x'), we have A 0 TACHD Hence
YO (x, %) = ¢, E o(u)o(v
(x,x') (u,y)NN(o,atmw)[ (u)o(v)]
=Cq E o(azu)o(azv
(w0~ N(0,A+1)) ( ) ( )]
=a'e, E [o(u")o(v")]

(u!,0")~N(0,Alt+1))
= o'2H) (x, %),

where the second last inequality is from our assumption that the activation is ReLU. O

This lemma implies that

SM(x,x) = lim <§<h>(x>,§<h>(x’)>:aHE(’”(x,x’)- (12)

dl,...,dh—>oo

Thus, combining Equation (T0) and Equation (I2) we have

< (g<h> () (g(h—l) (x))T) om®, (gan () (§<h_1) (X/)) T) . m<h>>
- (g(h) (X)> ' G-Vp®) (x)
dy,...,dp_1—00

oty (x x') lim (g(h)(x))T b (x'). (13)

di,...,dp_1—00

Lemma 8.3 (Restatement of Lemmal[d.3). Assume we use a fresh sample of weights in the backward pass, then

L
lim <E(h) (x), b (x')> = qfti-h H 2 (x,x). (14)
h'=h

Proof. For the factor <l~)(h) (x), b (x’)>, we expand using the definition of b(" (x)

<B<h> (x), B<h)(x/)>

_ < (CTaf)(h) (%) (W(h+1) 5 m(h+1)>T B+ (), giﬁ(h)(xl) (W(thl) o m(h+1)>T g(h+1)(xz)>
h h

First we analyze D" (x). Since we use ReLU as the activation function, ¢(z) = I(z > 0) and in particular, &(cz) =
I(cx > 0) = I(z > 0) = &(x) for any positive constant ¢. By Lemma we show that under sequential limit, f(*)(x
has the same distribution as o~ f(") (x) which implies D(*)(x) has the same distribution as D" (x).
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Observe that W +1) @ m(#+1) and p(+1) (x) are dependent. Now we apply the independent copy trick which is rigor-
ously justified for ReLU network with Gaussian weights by replacing W **+1) with a fresh new sample W (*+1).

<B<h>(x), B<h>(x')>

_ < /foff)(h) (x) (W(h+1) ® m(hﬂ))T B(h+1)(x)7 /fllf)(h) (x') (W(h+1) ® m(h+1))TB(h+1)(X/)>
h h

~ < CCTaf)(h,) (x) (W(h-{—l) ® m(hH))T B(h-}-l)(x)’ CCTof)(h) (x') (W(h+1) ® m(h+1))Tl~)(h+1)(X/)>
h h

D2 02T (DM (D)) lim (B (), b))

h dy,...,dp—00

i oo, ax®(x, x') 4 li(lirn <E(h+1)(x), B(h+1)(x’)> . (15)
L1yeeesQp —>00

where we justify the limit as the following: first let D short for D (x)D™ (x')

<(Cio({,(7(h+1) ® m(h+1))D(W(h+1) ® m(h+1))T>
h

) J

_ CCTZ Z DkaVEZ“)mEZ“)W(T”mEZH),
] k

which converges to a diagonal matrix as d;, — oo. Thus, the inner product is given by

S N B (x) bt G (1) (b 1) (h+1) . (h+1
a be )(X)bg )(x') %:Dkkwgk )mv(Ik )W§k )mgk )
,]
= CCTZ Z B§h+1)(X)thﬂ)(xf)(wz(hﬂ) o) ml(‘h-&-l))TD(vT,‘gh-i-l) o m§h+1))
2]
5 = T
= (CTZ Zbgh-i-l)(x)bgh—rl)(xl) (V~V§h+1)) M§h+1)DM§h+1)v~‘,§h+1)

(2]
di,....,dp—00 CCTGZB§h+1)(x)]~)£h+1)(X/)Tr(Ml(_h+1)DMZ(_h+1))
h -
Qoo aX®™(x,x')  lim <E(h+1)(x) B(h+1)(x/)>
’ d1 ,,,, d;,,~>oo ’ ’

where M; = diag(m;) and W; is the i-th row of W and limg, e g—ZTr(MEhH)DMEhH)) = aX®(x,x'). Now, we
can unroll the formula of <B(h) (x), ™ (x’ )> in Equation (T3)), we have

L
lim <l~)(h)(x),l;(h)(x')> = qbti=h H 2" (x,x').

di,....dr,—
Lo GLTIO0 h=h

O
Proof of Theorem[8.1] Combining the result in Equation (I3)) and Equation (I4), we have
5J?(X) 6J?(X/) _ T (h) ~(h—1) T (h) [ T(R) (1 [(m(h=1) (ot T (h)
<aw<h>’aw<h> = ( (P70 (8" M6 ) om®™, (606 (8" 6)) ) om
L+1
ndr oo, ol s =D (x, x") H 2" (x,x').
h'=h
We conclude
O (x,x') = lim O(x,x') = a* O, (x,%), (16)

dy,da,...,dr,—00

which proves Theorem 8.1} O



On the Neural Tangent Kernel Analysis of Randomly Pruned Neural Networks

8.1 Proof of Lemma Going from Asymptotic Regime to Non-Asymptotic Regime

Before we give proof for our non-asymptotic result, we note that our asymptotic result is obtained from taking sequential
limits of all the hidden layers which is a somewhat a limited notion of limits since we assume all the layer before is already
at the limit when we deal with a given layer. Non-asymptotic analysis, on the other hand, consider using a large but finite
amount of samples to get close to (but not exactly at) the limit. Thus, we need to justify that the networks are indeed
able to approach by increasing width. In mathematical language, this is the same as justifying taking the limit outside of
We invoke several results from measure-theoretic probability theory.

Definition 8.4 (Uniformly integrable). A sequence of random variables {X,,} is called uniformly integrable if

ILm sup E[| X, [I(|X,| > a)] — 0.

Lemma 8.5 (Theorem 3, Chapter 7.10 in (Grimmett and Stirzaker, 2020)). Suppose that { X, } is a sequence of random
variables satisfying X,, — X in probability. The following statements are equivalent:

1. The family { X, } is uniformly integrable.
2. E|X,| <o forallnand E|X,| = E|X| < co.

Theorem 8.6 (Skorokhod’s Representation Theorem, (Billingsley, |1999)). Let {1, } be a sequence of probability measure
defined on a metric space S such that u,, converges weakly to some probability measure [, on S as n — 0o. Suppose
that the support of | is separable. Then there exists S-valued random variables X,, defined on a common probability
space (0, F,P) such that the law of X,, is is p, for all n (including n = oo) and such that (X,,)nen converges to X,
P-almost surely.

Theorem 8.7 (Continuous Mapping Theorem (Mann and Wald, |1943)). Let {X,,}, X be random variables defined on a
metric space S. Suppose a function g : S — S’ (where S’ is another metric space) has the set of discontinuities of measure
zero. Then

X, B X = g(X,) D g(X),

where 2 represents convergence in distribution.
Lemma 8.8 (Restatement of Lemma . Conditioned on g(hfl) (x), g~V (x'). Fixi € [dy,41]. Let

T, h h
v _[VESL W ;*“ <ffh)<x>>
n z 1
CVESL, W m e (£ (x))

and define let g : R? — R to be g(z,y) € {o(z)o(y),d(x)d(y)}. Then,

€ R?,

lim E[g(X,)] = E[g( lim X,,)].

n—oo n—roo

Proof. First of all, conditioned on g*~1)(x),g"~1)(x’), we have f( )( ),?;h) (x') are i.i.d. random variables for all
j & [nl.

We first prove the exchange of limit for g(z,y) = o(x)o(y) since this function is continuous. By the Central Limit
Theorem, X,, = Xo ~ N(O,K(M—

1
)). By the Continuous Mapping Theorem, g(X,) EEN 9(Xs). Then by the
Skorokhod’s Representation Theorem in Theorem there exists another sequence { X/ } and X’  such that g(X,,) 2

a.s.

X! and g(X o) 2 x /o and X/, — X! . Now we use the fact that the sequence {X/ } is uniformly integrable (see
Definition . By Lemma this 1mp11es convergence in L! (and notice that g(z, ) only outputs non-negative values)

lim E[X]]=E[X]].

n—oo

Since

E[g(Xn)] = E[X],

n
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Elg(Xo0)] = E[XL],
we have

lim E[g(X;)] = E[g(Xe)] = E[g(N (0, A

n—o0

Now we prove the result for g(z,y) = &(z)o(y) = I(x > 0,y > 0). Again, apply Skorokhod’s Representation Theorem,
there exists a sequence of random variables { X!/} and another random variable X/ such that X, 4 X! and X Zx "

a.s. . . . . g
and X/ — X! . Since convergence almost surely implies convergence in probability, we have

lim E[g(X!)] = E[g(XZL)],

n—oo
which implies

lim E[g(X»)] = E[g(Xw)]-

n— oo

9 NON-ASYMPTOTIC ANALYSIS (Proof of Theorem 3.5)

9.1 Probability

Theorem 9.1 (Multiplicative Chernoff Bound). If X, Xo, ..., X,, are i.i.d. Bernoulli random variables with probability

p, then
]P |;

m
> Xi—pm
=1

> epm} < 2exp(—min(e?, €)pm).

Theorem 9.2. Assume X1, ..., X,, are i.i.d. Sub-Gaussian random variables with variance proxy o2 and Y1, ..., Yy, are
i.i.d. Bernoulli random variables with probability p. For € € (0,1/2), t > 0,

|

Proof. Letp = 27:7;3’ By the concentration of Sub-Gaussian random variable with variance proxy o2, we have

> e(|E[X]| +1t) +t| <2exp(—(1 — €)pmt?/(20?)) + 2exp(— min(e?, €)pm).

1 m
— XY~ E[X]
pmi=

1 m
P l o ZXin' —E[X]| > t] < 2exp(—pmt?/(20%)) + 2 exp(— min(e?, €)pm).
i=1

By Theorem we have with probability at least 1 — 2 exp(— min(e?, €)pm), p = (1 + €)p. Thus, with probability at
least 1 — 2 exp(—pmt?/(202)) — 2 exp(— min(e2, €)pm),

1 m ~ 1 m
— 3 XY =P 3KV = (1 £ ) (B[X] 1)
pm i ppm =
O
Theorem 9.3. Assume X1, ..., X,, are i.i.d. Sub-Gamma random variables with parameters (02, c) and Y1, .. .,Y,, are

i.i.d. Bernoulli random variables with probability p. For e € (0,1/2), t > 0,

P [ > €e(|E[X]| +t) +t| <2exp(—(1 — €)pmmin(t?/(202),t/c)) + 2 exp(— min(e?, €)pm).

1 m
— 3 X,Yi — E[X]
pm =
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Proof. By the concentration of Sub-Gamma random variables, we have

|

The rest of proof follows from the proof of Theorem [9.2] O

1% iXiYi ~E[X]| > t] < 2exp(=pmmin(t*/(20%),t/c)).
i=1

Lemma 9.4 (Gaussian Chaos of Order 2 (Boucheron et al.,2013)). Let & ~ N (0,1,,) be an n-dimensional unit Gaussian
random vector, A € R"*™ be a symmetric matrix, then for any t > 0,

P|l¢TAE —El¢T Al > 2[|All VE+ 2[|All 1] < 2exp(—t).

Equivalently,

2
PlleTAE —E[¢TAE) >t <2exp | — : >
€7 AE ~ EleT Ag]| > ] <2 p( 4[| Al + (| Al t

Lemma 9.5 (Example 2.30 in (Wainwright, [2019)). Let w ~ N(0,1,) and A be a set in R%. Then sup, 4 (a, w) is a
sub-Gaussian random variable with variance proxy sup,¢ 4 HaH;

9.2 Other Auxiliary Results
Lemma 9.6 (Lemma E.2 in (Arora et al.,[2019b)). For events A, B, define the event A = B as AV B. Then P[A =
B] > P[B|A.

Lemma 9.7 (Lemma E.3 in (Arora et al.,2019b)). Lerw ~ N (0,1,), G € R** pe some fixed matrix, and random vector
F = w' G, then conditioned on the value of F, w remains Gaussian in the null space of the column space of G, i.e.,

1 D 1~
HGW = F=w'G HGW.

where W ~ N(0,1,) is a fresh i.i.d. copy of w.
9.3 Proof of the Main Result

Now we prove our main result. Notice that we rescale the mask m ~ \/7 Bernoulli(«) so that E(m (h)) = 1. From a
high level, our proof follows the proof outline of our asymptotic result

Theorem 9.8 (Non-Asymptotic Bound, Full Version of Theorem [3.5). Consider an L-hidden-layer fully-connected ReLU
neural network with all the weights initialized with i.i.d. standard Gaussian distribution. Suppose all the weights except

the input layer are pruned with probability 1 — « at the initialization and after pruning we rescale the weights by 1/+/a.
For § € (0,1) and sufficiently small € > 0, if

105 Ld 112 ILd L=l g 1LY 2Ld L
dp > Q [ max(= = log =L — 2 g 2Rt 2= I , —— log ==L =1 by ), vh e [L].
a et ) a? €2 ) a €2 03

Then for any inputs x,x’ € R% such that |x||, < 1, ||x||, < 1, with probability at least 1 — § we have

Kaf(e,x) af(‘s”x')> — 0" (x,x)

< .
50 58 < (L+1)e

Our analysis conditions on the following event occur.

Lemma 9.9. Fore € (0,1/2),5 € (0,1), ifdp, > Q=15 log(zdh“L)), then

ae?

dp
P |Vi € [dhyi], Z]I " £0) — ady| > eady | <6
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Proof. The proof is by applying Theorem[9.1]and then take a union bound over i € [dj,41],h € [L]. O

(

Let mih) denote the i-th row of the mask in h-th layer. We first define the following events:

§61}~
§€1}~

.
s Al(x X ) = {] (e eom™) (g™ ) om" ) - 50 (x,x)

s A (x X @) = N AR ) N ] (7 () g™ () - =0 (x,x)

h

o A (e1) = A (x,%,e1) N A" (x, %, 1) N AR (X, X/, €1).
¢ Aler) = Mzp A" (x. % €2).
« B (x, % e2) = {| (b (x), b® (x')) — TTF_, 5 (x, %)

. Eh(ez) = B"(x,x,6) N B (x,x,€2) N BM (X', X/, €3).

< 62}.

oM

—=h
(2) =M B'(x, ¥, e2).
¢ C(e3): aevent defined in Definition

Tr(M§h+1)D(}”) (x,x/)Mgh+1> )
dn

—uM(x,x)| < 64} where M"Y = diag(m!" ™).

K2

s Dh(x,x/,e4) = { 2

e Dh(x,x,es) = N1 Dh(x, %, €4).

e D'(eq) = DM(x, x, €4) N D" (x, %/, e4) N D!, X', €4).
— —h

« D(es) = NF3 D" (ea).

Proof of Theorem[9.8] Recall that

of(x) Of(x ~ T =

K2

where G("~1) is a diagonal matrix and G{" ") = <§(h_1)(x) om" gh-D(x) e mgh)> and

. of(x) of(x') - Lo
I _ =) ) @ TT 50 (5 (@),
ol PR ST — st ) [ 5000,

The rest of proof of our main result is based on letting Theorem hold for ¢’ and then take € := €'/ L. O

Theorem 9.10. Consider the same setting as in Theorem[9.8] If

102 Ld 11, Ld Lldy 112 2Ld nol
dp, > Q | max(—— log hl n1 = I , —— log htl =1
o €t 0 o €2 03

5§ Ta?e?

dk)) , Vh € [L],

and € < < for some constant c, then for any fixed x,x’ € R% [x|,, [|x'|l, < 1, we have with probability 1 — 6,
V0 < h < L? V(X(l)aX(Q)) € {(X7X)7 (Xa X/)? (X/axl)}’

.
‘(g““(x“)) om") (gMx®)om"Y) - 50 x0), x<2>>\ < /2, Vi [dnl,

and

L
<b(h)(x(1))7b(h)(x(2))> - [T =" x®,x®)
h'=h

< 3Le.
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In other words,
_ 62 —
P [A (2) ﬂB(3Le)} >1-94.

The first part of the result of Theorem[9.10]is proved by the following theorem.

Theorem 9.11 (Full Version of Theorem[5.1). Consider the same setting as in Theorem[9.8} There exist constants ¢ such
that if dj, > Q(2 £ log 18d"+1L , Vh € {1,2,...,L} and ¢ < min(c, 1) then for anyﬁxedx x' e R x|, , x|, <
1, we have withprobablllty 1 — 5, VO <h<L, Vz € [dnia], Y(xM x(z)) e {(x,x), (x,x), (x',x')},

‘(gw xM) e m(h+1)) <g<h>(x<2>) ® m§h+1>) ~ e (x() x@)] < ¢
‘<g<h) (Xu)))T o) (x(2)) _ () (1) X<2>)‘ <e
In other words, if d, > Q(i% og 18dhi“j’) Vh € {1,2,...,L} and e; < min(cy, T) then
P g(el)] >1-90

The proof of Theorem[9.1T|can be found in Section[9.4]
Lemma 9.12. If dj, > Q(£ % log %‘i’b“)for all h € [L], then
4

P M(G%/Q) :>5(61 —|—€4)] >1— d4.

The proof of Lemma [9.12] on a single pair can be found in Section 9.5 and then take a union bound over pairs
(x,x), (x,%x), (x',x).

L2 2Ldpy1 Y0 dj, )
L log M en= T

Lemma 9.13. If d;, > Q( 5

= (éL—z)for all h € [L), then

1
[

e - 4 ’ d ’
P | A(er) = C | 24/log Zh(Sl h >1— 83
3
The proof of Lemma(9.13]can be found in Section[9.6.2]
Lemma 9.14. Let e3 = 24/log L

exists constant C, C' such that for any €5, ¢4 € [0, 1], we have
b y bl

Ifdp, > 2log %, with probability 1 — 6s, the event C(e3) holds and, there

4 E dy
48/2 2log £ g6\ 2l —="5—
+ 48] = + =
a dp Q@ Vdp,

vV,

"@/2)NB" " () NCles) D (ea) = B" | &2

>1—6,/2.
The proof of Lemmal[9.14] can be found in Section[9.6

Proof of Theorem[9.10] We prove by induction on Lemma [0.14] We first let the event in Lemma @l holds with € and
probability 1 — 0/5. In the statement of Theorem , we set 01 = /5, ¢ = S, if dj > Q( #) =
Q(f—) Vh € {1,2,...,L}, we have

a et

P[A(e?/8)] > 1 —4/5.
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In the statement ofLemma | we set 6, = /5 and € = €/2, 4 = /4. If dj, > Q(

th+1)
«a 62
h € [L], then

log =Q(L L) forall

1
a

P[A(e2/8) = D (e)] > 1-4/5.

In the statement of Lemma(9.13} setting d3 = /5, if dj, >

h—1 ’
12 2Ldpy 1 Y17 ),
S lo og h'=1 )

1L 5 = ﬁ(éi—;) for all h € [L], then

P |A(/8) = C 2\/10 202’“ 1w >1-4/5.

Take a union bound we have

P |A(e/2)(C 2\/1og OZ” 14 - | Do) 21515.

Now we begin the induction. First of all, P {ELH(O)} = 1 by definition. For 1 < h < L, in the statement of Lemma

L—1 ~
9.14) seteo = 3(L + 1 — h),e3 = 24/log 202";7:1%',62 = Ifd, > Q(H % logLZh'ildh) = Q(5 %), we have
a k14,
log & 2]og ——h!=1_h" h
4%? +484/2 dh‘sz +% més‘ < €/2. Thus we have

21lo
P |B""(BL - 3h)e)(Cles)(\Dle) = B" | (BL+2— 3h)e + 4% +48 i
>P [5(”“)((3L —30)e) ()T (e2) () Dle) = B" (3L + 3 — 3h) )}
5
21—

Applying union bound for every A € [L], we have
P {XL(62/8) MB(3Le)(\Cles) (Dle) ]
>P l (€2/8) (L] 3(L+1—h)e)()Cles) [ D( ]
12 (e NN )]
- XL: P [ (B(h“) (3L — 3h)e) ()T (ea) () D(e) = B" (3L + 3 — 3h)e))}

h=
>1-96

[

9.4 Proof of Theorem[9.11; Forward Propagation

In this section, we prove A(x, X', €) holds which is shown in Theorem below. The main goal is to obtain bounds on
T
‘(m(h+1) ©gM(x)) " (m"+D o g™ (x')) — B0 (x, ')

Lemma 9.15 (Lemma 13 in (Daniely et al.,[2016)). Define the function

. We first introduce a result from previous work.

o(X) = o E X Ya
(X)) =c (X,Y)~N(072)0( Jo(Y)
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and the set

b by
M = {{Zi; Z;z] EMLl—~7<Eq1,800 < 1+’Y}a

where My denote the set of positive semi-definite matrices. Then @ is (14-o(¢))-Lipschitz on M€ with respect to oo-norm.

Our analysis follows from the proof of Theorem 14 in (Daniely et al., 2016).

Proof of Theorem[9.11] We prove the first inequality first. Define the quantity By = Z?Zl (1+ o(e))".

We begin our proof by saying the h-th layer of a neural network is well-initialized if Vi € [dj11], we have

.
‘<g<h> 0 o m ) (g () o ml" ) - E(h)(x(l),x@))‘ < 6%,
L

We prove the result by induction. Since we don’t prune the input layer, the result trivially holds for A = 0. Assume all the
layers first h — 1 layers are well-initialized.

Now, conditioned on g~ (x(1)), g(»=1)(x(2)) ' m(), we have
T
(h) (x(1) <_h+1>) ((h) (2) <_h+1>)
o By | (V) 0 g (x) & m|

_E [(gm) (Xu)))T g<h>(x<2>)}
= G 2 [ (Wm0 g6 o (Wi mit 0 g 0e)) )|

where Wz(h) denotes the i-th row of W) Define

S0 (x(), x(?)) = (g(h (xM) © m# Y ) ( (1) (x(2) m§h+1)) ’

)( 1), x(2))
')(X(2)7 @)

S(h)
e

S
Egh) (x(2), x(l)) ig’

Notice that for a given j, conditioned on m), g("=1(x(1)) and g("=1)(x(?)), and consider the randomness in W,
o <<W§.h), mgh) o g(hfl)(x(l))>> ol (<W§h), mgh) ©® g(h’l)(x(z))>) is subgamma with parameters (O(1), O(1)) and

E [U (<W§_h)7 m{ g(h—l)(x(l))>> - <<W§h)7 m® o g(h—1)(x(2))>ﬂ
e e i )
< \/E [(<W§h) (k) & g(h—1) ) (x(1) } { W(h) ;h) Qg(h1)(x(2))>>2]

)

_ Hm(h)Gg(h D (xM) H Hm(h)Qg(h D (x (2))H <4

where the first inequality is by Cauchy-Schwarz inequality.
By Theorem[9.3] we have

P High) (xM, x@) — E 5 (k) (x(l),x@))‘ > e] <dexp{-Q(adne®)},

W) mht+1)

for some constant ¢y such that € < cs.
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8dp 41 L

Taking a union bound over i € [dj, 1], we have if dj, > Q(L %

), then with probability 1 — £ forall i € [dp41],

(g(h) (X(l)) @mEthl))T (g(h)(X(Z)) h+1)) i [o(u)o(v)]| < ¢/By.

(u,0)~N (0, A(“ D (x(1) x(2)Y)

Now apply triangle inequality

.
‘(goz) xV) o ml(h+1)> (gm)(X(z)) ® m§h+1>) —nM(xM) %)

dn

h T h Co
< (g(h)(x(l)) ©) mg +1)) (g(h) (x(2)) ® ml(_ +1)) - Z A}El) (o (w)o(v)]
h 521 (wo)~N(0,A5" 7 (x(D) x(2)))
c dp,
+ == E [0(u)o(v)] — =M (xV, x?)
dh = (u,0)~N (0, R D () x(2)))
1 &
<e€/Bp+ — d Z Co A(I,Ef:,l) [o(u)o(v)] — Z(h)(x(l),x@))
bz (u,0)~N (0,45 (x(1) x(D))
dp
1 By By,
<e€/Br+ — 1 Il
<e/Bp+ a ;( +o(€))e B =B,

where the last inequality applies by the fact that & is (1+o(e))-Lipschitz on M7 with respect to the co-norm in Lemma
and the induction hypothesis that the first 4 — 1 layers are well-initialized.

Finally we expand B; = Zle(l + o(€))* and take € = min(cy, 1), we have

The proof for

.
’(g(h)(x(l))) g™ (x®) - z(h)(x(1)7x(2))’ <e

largely follows the same steps as above since

.
(h) <1>> (h) (x(2)) — (7)1 (1) (2)
GE (8™ g™ ) won By S0, x ).

Now applying the concentration of sub-Gamma random variables we have

T T
P H (g<h> (Xu))) g™ (x®) _ E (g<h> (X<1>)> g (x<2>)‘ > e} < 2exp{—€%d,}

for sufficiently small e, which requires d;, > Q( & L log L) by taking a union bound over L. U

Lemma 9.16. Assume the event A(x,x', €) holds for ¢ < 1. Then, with probability at least 1 — & over the randomness of

w(l+D)
2
[FED )] <y [210g 5.

Proof. By definition, we have f(/+1(x) = (w(l+1) @ m(E+D, g(M(x)). By our assumption, ||g" (x) @ m"+1) H; <
2. Thus, by apply standard Gaussian tail bound, with probability at least 1 — 6,

D] < 2108
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9.5 Proof of Lemma[9.12} Analyzing the Activation Gradient of a Single Layer

To prove Lemma([9.12} we first introduce a previous result.
Lemma 9.17 (Lemma E.8. (Arora et al.,[2019b)). Define

1 12
ts:(X) = ¢, E g(u)o(v)] with X' = Y11daz |
B=cr B @) s T
Then
2
HG(h)(x, x) - AP (x,x)|| < % = |ty (G(h) (x,x’)) —ts (A(h) (x,x'))‘ <e.

~(h
Proof of Lemma[9.12] Conditioned on AE ), Vi € [dy] and consider the randomness of W) m(*+1) we have

Tr(M{" D0 (x, x)M{" V)
W) (1) dp

Tr(D™ (x, x')) ]

= E (2
[ dp,

Now, by triangle inequality and our assumption on Ki, Vi € [dp], apply Lemma
dp, dp
1 ~(h) 1 ~(h)
(A "Ny - — . = (A "Ny —¢.
ts (A (x, % )) T ;le ts (Ai ) < ;:1 ‘tg (A (x, % )) ts <AZ- >’ < e
Finally, since d(f;h)( Ne (£ (h)( ') is a 0-1 random variable, it is sub-Gaussian with variance proxy ;. By Theorem

fora given i and ¢t > 0,
Te(M"TVD? (x, x ) M) 1

: : : ~(h)
P ||2—— i _ =S, (A
| a 72 ()

Finally, by taking a union bound over h € [L], i € [dp41], if dy > Q(% % log
4
randomness of W) m""+1) we have Vh € [L],i € [d}, 11

> t] < dexp {—Qadyt®)} .

Lde1y with probability 1 — & over the

Te M HVD® (x, x)MPDY 1 &
2 L : L —— Y ts | A .
By triangle inequality we have
Te(MPHDD (R A+
9 I‘( 4 d(X7X ) i ) —ts (A(h) (X,X/)> <e +ey.
h

9.6 Proof of Lemma[9.14} The Fresh Gaussian Copy Trick

Proof of Lemma The goal is to show that

(b(h+1)(x(1)))T (WD o B+ DM (xW)DW) (xD )W+ @ mD) T+ (x(2)) H (h) (xD), x®)
hl_
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is small. We can write
(b(h+1)(x(1))) T (WD o P+ D)D) (xW)D®) (x @) (WETD @ B+ ThH(+D) (x(2)

Co h+1 h+1 h+1 h+1 ) ) h+1 h+1
_ %Zbg + )(x(l))bg + )(x(z)) (Wz( + )) M§ + )D(})(x(l))D(’)(x@))Mg + )Wg- +1)

We first show that this term is close to

2
o 2B T (v DM ) (17)
A

We do this by the following.
Let G/ = [(g™ (x) ©m{"*) (g™ (x') ©m{"*)] and G = [GIVGI" ... GJ" Jand FIH+D = (WD ¢

m(h“))G(h). We further simplify our notation to let G; = Ggh) since there is no ambiguity on layers. Notice that
conditioned on F("+1) m*+1) G notice that

h+1 h+1
g )THL @mg )

(h+1) THL (h+1)
(b(h+1)(x))T (w3 ) ) ) ©my c R

(h+1)\ Tyl (h+1)
((Wd;L+1 ) HGdh+1 ) dh+1

has multivariate Gaussian distribution and by Lemma[9.7]it has the same distribution as

((wi"")TTIg,) © my Y
1
(A+1\T7L (h+1) d
7| ((wy ) ' 1Ig,) ©m X
(b)) T = M) T o m™,
h+1 ' ht1 -
(wot)Tmg,, ) omity
where vwvth) is a fresh copy of i.i.d. Gaussian. First of all, let MEH ) = = diag(m (hH)) and we have

27«; Zb§h+1)(x(1))b§h+l)(x(2)) (W£h+1)) (g, + HG )M(h+1)D(h) (X(l))D(h)(X(Q))M;thl)(HGj + Héj)W§h+1)

T
_ (CTZZb§h+1)(x(1))b§h+1)(x(2)) (WZ(thl)) HJéngh-‘rl)D(h)(x(l))D(h)( (2))M(h+1)HJ_ (h+1)

(2¥]

T
T (CTU Zb§h+1)(x(1))b§h+l)(x(2)) (WZ(thl)) HJéiMEh-i-l)D(h)(X(l))D(h)( (2))M(h+l)H (h+1)
h
T
Zb(h-‘,—l (1) (h+1)(x(2))(wz(h+l)) HGiMEhH)D(h)(X(l))D(h)(X(2))M§h+1)ﬂéjw§h+l)

T
n (CTZ Zb§h+1)(x(1))b§h+1)(x(2)) (WZ(hH)) HGiMZ(-thl)D(h)(X(l))D(h)( (2))M(h+1)H (h+1) (18)

0]

We now show that the main contribution from the above term is from the part that involves II§ and is close to the term in
Equation (T7), and the part with IIg, is small. This is done by Proposition [0.20]and Proposition[9.27] The rest of proof is

by Proposition[9.18] O

Proposition 9.18. Iij (€2/2)N B! (e2)NC(e3) N D" (e4), then we have

2
dfZbz('hH)(X(l))bz('hH)(X@)) (M(h+1)DM h+1 H $2(h") X(l X )) < eg 1+ 2.
h B h/=h
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Proof.

= th+1 (1))b(h+1)( (2))Tr(M(hH)DM h+1) H E(h (1),x(2))
h

h h 2
<[ b )

h

Tr(MZ(}L+1)DMEh+1)) o Z(h) (X(l),X(z))> ’

n ‘gw)(x(nxm))‘

<b(h+1)(x(1))b(h+1) (2)> H 50 (x1) x(2))
h'=h+1

< Hb(h+1)(x(1>)H Hb(h+1)(x(2))H €4 + €
2 2

= 2€4 + €9.

Before we prove Proposition[9.20]and Proposition we first prove a convenient result.

Proposition 9.19. Ml(»h—H) commutes with Ilg, (and thus HJ@ ).

Proof. We can decompose Ilg, = IIm,g, + g, /Mg, Observe that Tlg, /Mg, is projecting a vector into the space
spanned by M;go — (M; g1, M;g2) M;g1 = M;(g2 — (M,;g1,M;g2) g1). Thus, we can first prove M; commutes with

In,g, and the same result follows for g, /n,g, - Notice that M;IInv, g, = Mi% = ﬁ% =
i 3 i 2
zgl(Mlgl) .
Mg M,; = v, g, M. O

9.6.1 Bounding the Independent Part

Proposition 9.20 (Formal Version of Proposition[5.2). Conditioned on the event in Lemma(9.9|occurs. With probability at

least 1 — 6o, ifﬂ (€2/2) ﬂghﬂ(eg) NCl(e3) ﬂ@h(q), then for any (x(, x?)) € {(x,x), (x,%'), (x',x')}, we have

-
Co Zb(h+1)( (1))b§h+1)(x(2)) (W§h+l)) Héngh-&-l)DM;h-&-l)HéjW](h-&-l)

dn,
2 b+ 5OV, D @V T M DM DY | < 3 8log 5
_EZ’L (x/)b; (x*)Tr(M; i )| < Tody,
which implies for any xV) € {x,x'},
log &
Co (h+1) (DY (5 ® D) 1t MBIl < 85,
H,/dhzi:bz (x )(wz ) g, M D2_ N g <6

ifdn > Slog £.

Proof. First, we compute the difference between the projected version of the inner product and normal inner product in
expectation: First we have

-
W(M) Zb(h+1) (h+1)(x(2)) (W§h+1)) Mgh+1)DM§h+1)v~V§h+1)

_ 272 Z bl(h+1) (X(l))bE}L+1) (X(Q))Tr(Ml(h-‘rl)DM?(;h-‘rl))'

i
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Then,
T
E Co Zb(h+1)( (1))b(‘h+1)(x(2)) (v~v§h+1)) Hé,MEhH)DM(ﬁH)Hé,VA(/(-hH)
W \ dn J i g i
_ Ci Zb(;z+1) (1))b(}z+1)(x(2)) (W§h+1)>T ME;L+1)DM§h+1)W§;z+1)>
_ Co Zb h+1) h+1)( @) r(HéiMz(_h+l)DMl(_h+1)Héi B M§h+1)DMZ(_h+1))
_ C—”Zb(h+1)( (1 ))b(h+1)( (2 ))Tr((H )M(h+1)DM(h+1))
dh
Zb h+1) (hH)(X(2))Tr(HGiM§h+1)DMEh+1)),
dh i )
where the third last equality is true because we can interchange between M( 1 and HJ- And the second

last equality is because Tr(HéiMEhH)DMEhH)Héi - MMIpMttYy = Tr(IIg, M(hH)DM(hH)Hl ) -
Tr(M" VDM ) = (g, MPTVDMM ) - eI DM ) = Te((ng, - I)ME“”DME“”) —
Tr(HGiMEhH)DMEhH)). Since rank(Ilg,) < 2 and HMEhH)DMth)H < 1 we have

, S a

0 < Tr(lle, M IDMH)) < 2.
) [}

Now notice that

Z bgh—&-l)(x(l))bgh—&-l)(X(z))Tr(HG‘M§h+1)DMz(h+1)) — p(h+D) (x (W) Tp(h+D) (x(2)),

where
Tr(Mg, M{" DM ") 0 . 0
0 Tr(Mg, MY VDM ) 0
T = ,
i . ;L+1 h+1
0 0 . Tr(llg,, MG VDM

Notice that | T||, < 2 and thus, [b("+D(x(M)TTb"+D(x@)| < 2 ||b D (xW)]| ||+ (x()]|,. Therefore, we
have

Co htl ht1 ~(h+1)\ " htl ht1 ~ (h+1
W (h+1) (Zbg )(X(l))b§ )(X(2))<W§ )> HJ(_;ME )DM§ )Hé_ng :

Zb h+1 e b(h+1)( 2)) (v~v§h+1))—rMl(h+1)DM§h,+1)‘7v§lz+1)>

Co 2
< 2z
~ d «

8
(h+1) (5 (1) H Hb<h+1> @) H < oo 19
() 2 (<) 2 7 dp « (19

Next, we analyze concentration of
T
Co Zb(hﬂ) (1))b(h+1)( (2)) (~(h+1)> HéiM§h+1)DM§-h+1)HéjV~V§-h+l).
i,j

Since the following new random vector has multivariate Gaussian distribution, we can write

1=1 i=1

T
Zdh+1 b' h+1)( (1 ))((VTIZ(h+1))THé1) ® mz(_h+1) Edh+1 b(h+1)(X(Q))((‘R}Eh+1))THél) ® m§h+1):| 2 Mg’
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where & ~ NV(0,1I54, ), and M € R24*2dn and its covariance matrix is given by a blocked symmetric matrix

c(xM xM) cxm, x®) T
= loxW,x@) cx® x@)| = MM
where each block is given by
C(x(p)7x(Q))
T
dpt1 dht1
_ W}gﬂ) Z bgh"rl)(X(p))((ﬁgh-‘rl))"l'l—[éi) ®m§h+1) Z b(h+1) ( (h+1))THG )® m§h+1)
T e 0y o | (SR (h+1) (h1)
e | 2 PO ) o || 3 b () g ) o
dhy1 dpya
= E Z Z b§h+1)(x(”))b§h+l)(X(Q))Héi (V~V1(h+1) ®m£h+1))(v~v§h+1) @m;h+1))THéj
WeED A\ 21 =1

dn4+1
=Zbi’””<x<P>>b§h“><x<q)>Héi( E (w"o <h+1>><v~v£“1’®m5h“’>T> g,

P W (h+1)
dhiy1 9

= Y B {0 g (")) 1,
i=1

where the third equality is from Proposition [0.19] and the square on a vector in the last equality is applied element-wise.
Therefore, we can write

o C(x®, xM) ¢cx®,x®)

oW, x®)  cx®,x®)
dnt1 b(h+1)( (1))b(h+1)(x(1)) b(_h+1)(x(1))b(_h+1)(x(2))
b(h+1)( (1))b(h+1)(x(2)) b(h+1)(x<2))b(h+1)(x<2))

2
® Héidiag ((mghﬂ)) ) Hé

i=1

Bounding the Operator Norm of the Covariance Matrix C

Next, we want to show that

1 2
® (aI — 11§, diag <<m§.”“)) ) Ha) =0 (20)

Given this, since Kronecker product preserves two norm we have that

b(_h+1)(x(1))b(_h+1)(x(2)) b(h+1)(x(2))bl(_h+1)(x(2))

i=1

d
h41 lb§}L+1) (X(l))bE}H—l) (X(l)) bgh-&-l) (X(l))b(}n+1) (X(Q))

ICll; <

QI

dpa1 h
h+ bgh_‘—l) (X(l))bgh_‘—l) (X(l)) b(l +1)(X 1) bE (
b(h+1) (X(l))bE}L+1) (X(g)) (h-i—l)(X 2) b§h+1)(
(x!

=1 ?

<b(h+1)(x(1)),b(h+1)(x(1))> <b(h+1) (1
&b(h-&-l)(x(l))’b(h+1)(x(2))> <b(h+1)(x(2 ,

1
- (h+1) (5 (1) pht1) (5 (1) (h+1) (5 (1Y pht1) ((2)
< \/§(<b (x'*),b (x )>—|—<b (x'*),b (x )>),

where the last inequality is by applying [|A|, < vm|A|

We prove the matrix in Equation (20) is positive semi-definite by constructing a multivariate Gaussian distribution such that
its covariance matrix is exactly the matrix and exploring the fact that the covariance matrix of two independent Gaussian
distribution is the sum of the two covariance matrix. First, notice that

1 11 diag (( ) ) g, = = (&, +Tlg,) — 11, disg ((mi—h“))Z) Ig,
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1 2 1
i <aI — diag ((m§h+1)) ) Héi> + -,

1 2 1
- 116, (£ (06, +11e,) — aig (")) g, ) + L,
! a
1 Z 1
= Hé‘;i (H(;i + ( I — diag ((m(h+1)) )) Hé‘;) + —Ilg,
o
1
:Hé, < Id1ag(< (h+1)> ))Hé + —Ilg,.
K T a ¢

The final Gaussian is constructed by the sum of the following two groups of Gaussian: let W1, W4 be two independent
standard Gaussian matrices,

{Z?E{l bi(x(l))(wgfli-&-l))"r (ﬁl diag (m ( (h+1))) g, St bi(x(2))(w§fti+1))"r (\1FI — diag (m ( (h+1)>) Hé} 7
dn4+1 h+1 dp4+1 h+1
(S bM)W )T L, S b (x®) (wl )T LG

where w; ; denote the j-th row of W;.

Now conditioned on {b("*+1) (x(1)) b(r+1) (x(2)) g(h) (x(1)) (P (x())1, we have

dhi dpt1
Z b h+1) (h+1) o m(h+1) g, Z b h+1 x®))( w D o m(_h+1))'r1—[é
dhsn dp+1
D Z b§h+1)(x(1))(€v£h+1) ®m§h+1))rné_ D Z b§h+1)( (2))( (h+1) o (h+1))THL
i=1 =1

([La, OIME)'D([0 1,]ME)

Dl v 7|0 D
—¢ M {D o] Mé
Now, let
A= i[9 Pl
and we have
1
Al < 5 IM]3 D]
1
— 5 [T, D,
1
=5 ICll,
< 7[(<b(h+l (x (1))7b(h+1)(x(1))> i <b(h+1)(x(1))7b(h+1)<x(2))>)
<22
(0%

Bounding the Trace of the Covariance Matrix C

Naively apply 2-norm-Frobenius-norm bound for matrices will give us

44/d
| Al < V2dn [A]l, < =2

We prove a better bound. Observe that

1 11 0 D L
— A= ||zMT M M|, M| D = ——\/Tr(MM").
Al = g5 [5 0] < g i Il 1D, = o i = )
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Using the similar idea from bounding the 2-norm of C = MM ", we want to show that

() o )

2
® I, (M§”“>) e = 0. Q1)

3

( (
bz(h,+1)(X(l))b(h,+1)(x(2)) bz(h+1)(x(2 bz(h+1 (x(g

7

dnt1 lb§h+1)(X(1))b(_h+1)(x(1)) p+D) (x(l))b_h+1 (x(2)
) )

i=1

i =

dp
h+1 b§h+1)(x(1))b§h+l)(x(1)) b§h+1)(x(l))b§h+1) x(2
bV (xMb" ) (x®) b (x)b{" Y (x(2))

i=1
If this equation is true, then we have

1 1
—Tr(MM') < —Tr

dn dn b (xM)b ) (x(2) B (x) b (x(2)

i=1

dpy1
h+ [b§h+1) (X(l))bl(h+1) (X(l)) b§h+1)(x(1))b§h+1)(X(g))] 2

dp+1

= i Z |:(b§h+1)(x(1)))2 n (bl(-hﬂ)(x(?)))T o <<M§h+1))2)

h+1

di dZ {(b§h+1)(x(1)))2 i (b§h+1)(x(2))>2} o Tr ((M§h+”)2>
h = :
= max ler<(M(h+1> ) (Hb(h+1) (1) H T Hb(h+1) x(z) H >
v h
< 4mZax iTr ((Mgh+1)) ) .

2
By Lemma with probability > 1 — §, max; iTr <<M§h+1)) ) <1+ 1 =2. Thus, we have

IA

2

Al <o
To prove Equation @), since M; commutes with HJ-Y, , we have
M? — II§ MAIE, = M7 — ML, = Mg, = llg,Mlg,.
The Gaussian vector given by
S b (xO) (Wl ) TG, S bu(x ) (wi ) TMiTIG,

has the covariance matrix.

Now apply Gaussian chaos concentration bound (Lemma i , we have with probability 1 — %2,
1 1 6 6
—|¢"AE —E[£TAL] < — (2]|A]py/log — + 2| Al log —
dh dh 62 52
8log & log &
<[220y 22)
Ozdh adh

Finally, combining Equation[T9)and Equation 22} we have

o ) () D,

2
- Z b§h+1)(x(1))b§h+l)(X(Z))Tr(MZ(_thl)DMZ(_thl))
h —

\5 A¢ —-E[¢T AL+

[s Ag] — ST ) (< Tr(M DM )
h :
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¢, 8 8log5£ log(g 810g5§
< Z— 4y 2 4 4y/2—2 <3 —2=.
—dj o + ady, + \/> adp, — ady,

where we choose dj, > 2 log %. Then take a union bound over (x,x), (x,x’), (x’,x’). Finally, taking x(!) = x(), we
have

Co h+1 ~(ht1)\ | gt
H,/thbg xO) (W) Mng

2

Co ht1 ~ (h41)\ | g (A1 Bt 1) ~ (h41) 3 (h+1
< [ o) (W) Mg DIt MR B ()
%,

6
2 (ht1) (h+1) (h+ 1) yp (1) 8log 5,
< =571 (1)b! @MV DM 3] 202
<\ b T DA ) S
log &
<al44+3 &SG-
Qdp

9.6.2 Proof of Lemma [9.13} Bounding Pseudo Networks’ Output

This is the most involving part of the proof. To facilitate the proof, we first introduce a special property of the standard
Gaussian vector.

Proposition 9.21. For any given nonzero vectors x,y, the distribution of (w'x)?I(w'y > 0) is the same as
(wx)?I(w'x > 0) where w ~ N(0,I).

Proof. Define random variables z; = (WTX)2 I(w'y >0)and 2, = (wa)2 I(w'x > 0). Let Fy, I, be the cumulative
distribution function of z1, z9. It is easy to see that both z; and 29 has probability 1/2 of being zero and thus we consider
the probability that z; and 2z are not identically zero. Then for z > 0,

1 2
o 3IwIE g

P[0<21§z}:/

{w:wTy>0,|lwTx|<{/z} (27T)k 2

_/ L 30wl g
k/2

{w:wTx>0,wTy>0,|w’ x|<z}U{w:wTx<0,wTy>0,|lw’x|<\/z} (27T)

/ 1

- k

{w:wTx>0,wTy>0,|lw’x|<yz} (27T)

1 2
e 2 HWH2 dw

_1 2
e 2 HWHZ dw

“
{wwTx<0,wTy>0,|lw'x|<yz} (271-)]C 2

_1 2
o HIWI2 g

/{w:wa>0,wTy>O,wa<\/E} (ZTF)k/2

1 2
e_ 2 HWHE dW

g/

{wiwTx>0,wTy<0,|lw’x|<yz} (27T)k/2

_ / 1
{w:wTx>0,|lwTx|<\/z} (27r)k/2

=P[0 < 2z < 2],

_1 2
e 2 HWH2 dW

where the third last equality is by spherical symmetry of Gaussian and take w := —w over the region. O

Mask-Induced Pseudo-Network

It turns out that the term in Equation (24)) is closely related to a network structure which we defined as follows.
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Definition 9.22 (Pseudo-network induced by mask). Define the pseudo-network induced by the h-th layer j-th column of
sparse masks m"™) denoted by m for allhe€{2,...,L}, j € [dp—1]and B € {h+ 1,h +2,..., L} to be

b

(h)\/> f(h)( )

= D" (x)diag, 5
gh-Vo mz('h)Hz

(h,3,h)
g (x) = a,

£ k) (x) = (W(h’) ® m(h')) g(hih'=1) (%),

i Co ’ i
gih) (x) = dTID(h )(x)f(m3h) (x).

where 3L+ (x) is the output of the pseudo-network.

We would like to bound | f(*+1.5:L4+1D) (x)| forall h € {2,..., L}, j € [d,_1]. Observe that without the diagonal matrix in

g("7:h) (x) we have
[
g(h+1)(x) — TD(h+1)(X)f(h+l)(X).
h+1

Conditioned on g 1.1 (x), f(rH+1.3:L+1) (x) has distribution A(0, ||g"*19-5) (x) © m(E+1) H;) Therefore, the mag-
nitude of | f("+1:3-L+1) (x)| would depend on ||g!" 7L (x) © m(EFD ||,

Definition 9.23. Define the event

Cile {‘Hgm,h

C2 X2\l 4Zh1(51dh

_ 4
FOIED )] < 24 log

C|24/lo 4Zh/51dhl =Ci(e)NCa | x,2 4Zh161dhl NCy | x',2 4Zh/(51dh'

We are going to show that the event C holds with probability 1 — 4.

‘ o) Hg(hmh

‘ ’<e, Vhe{2,...,L},je[dh1]7h’e{h+17h+2,...,L}},

L—1
r— d’ .
W=LTN yh e {2,.. . LY,j € ldp1], K € {h+1,...,L} %,

First, we show that

Lemma 9.24. Assume A(e1) holds for e, < 1/2. Forall h € {2,...,L}, j € [dn_1], it holds that for all b/ €
{h+1,h+2,h+3,...,L},
5"

)

h.j,h) H
- w<h+1>}m<hr+1>,...,w(h’),m(h')

a6 &
WD mttD) | W) )
Proof. By Proposition [9.21] for two non-zero vectors x,y we have

E [(WTX)2 I(w'y > 0)] =

T.)2 T
o) (w x) I(w X>O)}.

Eon |
w~N(0,I)

This equation tells us that the direction of y doesn’t matter which implies

E {(WTX)2 % ‘.T(WTY)} = E {(WTX)2 Co d(wa)] = |

w~N(0,1) dpy1 w~N(0,I) dpy1
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Now, this implies that conditioned on m,

WNXI;:(O,I) |:((W ® m)T x)2 diil & ((W ® m)T y)}

2 ¢ T Ix © m3
= E (W@mTX) a(w@m x)}zQ. 23
wEon [ (vom %) 25 (wom) = 3)
Now, we fix h and j and prove the inequality holds for all 4’. By Equation (23)),
Hg<h,j,h+1)H2
m(h+1)7w(h+1) 2
dn41 2
- E E ( (h+1) o (h+1)) g(h,j,h) Co 5 ( (h+1) o) (h+1)) g(h) mD
m(nn) | Ot dh+1
.
2

Hence, by iterated expectation, we have forall b’ € {h+ 1,h+2,h+3,... L},
(hod,h") 2 (hh)
Jersofo]

, 2
5005

W (h+1) m(h+1) W) m(r)
2

SRl

2

WD) mt1) | W) mk!) [

By our assumption ||g"~! @ m(h)H; > 1—¢€ > 1/2, we have ||g(h’j>h)(x)HZ <2 ||g(h)(x)Hz. This proves the
lemma.

Corollary 9.25. Assume A(e1) holds for e; < 1/2. Forallh € {2,...,L}, j € [d,_1], ¥ € {h+1,h+2,h+3,...,L}
and i € [dh/+1],

“F““w@m<

g<h.,a:h>}

W (h+1) m(h+1) | W) m(h') m(h'+1)

<2 ’g(h/)(x) ©m

h) (x)] .

WD) 1) WD m ) m b +1) “

Proof. Use the fact that the mask mz(-h s independent and preserve the 2-norm in expectation.

Lemma 9.26. Assume A(e1) holds for e, < 1/2. Let ¢ € (0,1). If for all h € L, it satisfies that d, >

> 2Ld dj,
QL4 %) = Q( L g ), then with probability at least 1 — § over the randomness in the initialization

of weights and masks, we have for all he{2,...,L}, j € [dn-1],

- - 15
(hog, L+1) (hj,L+1) <92 h=1
|f )l |f ()] ﬁ

2Ldny1 S0 d), 3

In other words, if dj, > Q(L L7 L log = ﬁ(ég—;), then

03
_ — 43 dpy
P A(€1)2>C 2 1 Zh(Sl w >1—463
3
Proof. Proposition [9.21| proved that conditioned on g, g, m, the random variable ((w ® m)'g, /;—Z)zd((w ©®m)'g)

has the same distribution as (w ©® m)'g, /2—2)2&((W ®m)'g), which implies their concentration properties are the

. l ! 2
same. At a given layer i/, we want this concentration to holds for all Hg(h’f o )(x) ® m' D H where 2 < h < h’ and
2
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h'—1
h € [dj,_1]. Thus there is in total Zh ! dy, events. Therefore, by Theorem|9.11}, if dj,, > Q(lL—2 g%w)
with probability 1 — §/2, for all layer h’ forallh € {2,...,L},j € [dp—1]and ' € {h+1,h + ., L}, and for both
x, x’

Hg(h,j,h')<x) 5 m(h/+1>H2 <92E Mg(’“)(x) ® m(h/"'l)HZ] +e<3.
2 2

By Lemma[9.16] this implies with probability 1 — 6/2, for all j € [d}],
| fd B (x| | 0B (x )<:2w/4§:h’1dh

9.6.3 Bounding the Dependent Part

Proposition 9.27 (Formal Version of Proposmon Afdp > Q5 L L2 log w), with probability 1 — 03 /2,

the event C(4/log ZTjh) (which we define in the proof) holds and at layer W, forall j € [dp),

1 8 4 4> d
<2+424/—log—+ —4/log 2 h
5 « 52 « 53

Proof. By triangle inequality, combining the result from Lemma[9.28and Lemma[9.29 we have

T
h h h
‘ Zbg +1)(X(1)) (Wz( +1)) H(g<h)(x)®m§h+1))Mz(‘ +1)

?

+
z('thl)(X(l)) (W£h+1)) HGiMEthl)

<

S b (xh) (w(’l“)) ! g M+
2

%

2

ht1 A1) | h+1
Zbg + )(X(l)) (wz( + )) HGi/(g(’L)(x)QmE}L+1))ME +1)
i

d
<242/t 10g5 +f h
2

Thus, we need to upper bound the two terms in Equation (24). We first bound the second term which is easier.

Lemma 9.28. With probability 1 — 6,
/1
<2 (1+ log8) .
o (52

h1 A1) | ht1
‘ Zbg + )(x(l)) (Wz( + )) HG%/(g(h)(x)@mghﬂ))Mg +1)
2

Proof. We omit the superscript denoting layers in this proof when there is no confusion. Notice that
G;/(gM(x)® m(h+1)) is spanned by the vector

u® = g x) om" = (g (x) o m{" Vg™ (x') & m{") g™ (x) @ ml" .

2

(24)

Now conditioned on g™ (x), b("*1)(x), observe that 3", b;(w,/ u®)u® = 3" b,w;u” where w; ~ N(0,1) is Gaus-
sian (independent of g) (x), b("*1) (x)). Let w := [wy, w2, ..., wa,,,]. Its covariance matrix is given by

(o) (S - bt () - S ()"

]
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Let the eigenvalue decomposition of this matrix be UDU T, then the vector > b;w;u'” has the same distribution as
UD'?% where w ~ N(0,I). Thus,

Now, we use the fact that the sum of the eigenvalues of a SPD matrix is its trace and we have

TH(D) = T (Z b2u®) (uw)T) Y ST (w7 = S = i,

2
Further, use the definition of two norm we can write
| = sup <x, Z biwiu(i)> L sup <x, UD1/2v~v> = sup <xD1/2, v~v> .

g Ixlly=1 lIxll,=1 lIxll,=1
The last quant1ty is in form of a Gaussian complexity and, by Lemma [9.5] has sub-Gaussian concentration with variance
proxy 02 = max; D;; < Tr(D) = ||b||2 Thus, with probability 1 — o /4,

(h+1 (1) (h+1) (h+1) H (h+1)H L oe 2
Zb ( ) e, g om0y M 2§<1+,/ log — ) b <2(14+y/loa s ).

O

wa®| | =E [vaDl/QUTUDl/Z’e’v} — Tr(D).

By Jensen’s inequality, we have

2

iwiu(l iwiu(i)

i=

= [bll; -

2

swu®

Now we bound the first term in Equation (24).
Lemma 9.29. With probability 1 — 0,

Proof. Since H(g(h@ (1)) =

T
h+1 h+1 h+1
z(' )(X(l)) (Wf )) H(g(")Qm(h+1>)M( )

(g(h)@m(h+1))(g(h)®m(’b+l))
e

we have

T
Zb§h+1)(x(1)) <W£h+1)) H(g(h@m(hm)M( +1)

2

h h
- Zb (h1) (1)) ( (h+1)) (g™ ©m] H))(g(h)Gm( T M D

H (g® ® m! h+1) H i
2

(h+1))‘l'

htl
- 3 b (1) (W(hﬂ)) (g™ ©m{"")(g" ©m
Va i i H (g™ @m(h-i-l) H

2

Now let’s look at the j-th coordinate of this vector:

h+1 h+1

Zb(hﬂ) ) ( <h+1>) (g™ om{")(g" om{"*)T
e omio]

2 j
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h (ht1)y_(h+1) (h)
— Y M ) (wgh#)) (M Om, " m,; " e
Va5 H(g(h)Ql’ngh+1))H2
( (h+1>®
(h+1) (h+1)
- lg(,h) (b(h“)( dlag <W2 K
al Hg B (h-s-l)H
(h+1)
_( W1 ©
(h+1)
_ h) (b(h+1) (1) dlag f(h+1)(x(1))
i H (h)@m(hH)H

o ]

(h (W(L-H @m(L-H) T /ch L) (x(D) (W(L)Gm(L))

(h+1)
\/> DD (x(D) diag, VA g ()
dh+1 Hg @ m(h+1)H

h)f(h+1,J L+1)( (1))

By Lemma[9.26] we have

\f(h]LH | <2 o 4Zh/61dh'

Finally, by Theorem we have ||g(h) ||2 < 2. This implies

-
M§h+1)H(g(h)®m(h+1))

3B D) (wl )

i 2

T
méh+1)) (g(h)QméhH))\/&

<

MH)) (g™ ©m{"")ya

h+1 T h+1
t(ihil)) (g(h)@mfihil))\/a_

4 log 4Zh' 1dh
«

Continuing Proof of Lemma Wrapping things up, from Equation (I8), by Proposition [9.20]and Proposition [0.27

th+1)
.
\/izbghﬂ)(x(l)) (W§h,+1)) M§h+1)HéiD(h) (x1)
T
N \/ZZbEh—H)(X(l)) (ngh+1)) MV, D (x(V)
a, -
.
N \/Zzbgh+1)(x(1))(wl(h+1)) M D11, DO (xD)
dp, =

IN

12{

<2

2 1o 24\/210g
+124/ = g52 5 +— 242

(h+1)( 2 )) (wz(thl))T Mz(_h+1)HéiD(h) (X(l))D(h) (x(z))HéJ_ M;_h+1)w(_h+1)

i Z b§h+1)(x(1))b§_h+1)<x(2)) (W£h+1)) MZ(_thl)D(h) (x®)D™M (X(z))Mg_hH)W;hH)

J

h '
J
N SR
h <
J
\/ZZb(»h-H) (2))D(h)(x(2))HGjM§»h+1)W§h+l)

o A
d3
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45°d
<48\/§+48 glog%+%\/210g%
~ Vdp a dp « Vdp,

10 ADDITIONAL EXPERIMENT RESULTS
10.1 Experimental Setup
All of our models are trained with SGD and the detailed settings are summarized below.

Table 1: Summary of architectures, dataset and training hyperparameters

MODEL DATA EPOoCH BATCHSIZE LR MOMENTUM LR DECAY, EPOCH WEIGHT DECAY
LENET MNIST 40 128 0.1 0 0 0

VGG CIFAR-10 160 128 0.1 0.9 0.1 x [80, 120] 0.0001
RESNETS CIFAR-10 160 128 0.1 0.9 0.1 x [80, 120] 0.0001

10.2 Further Experiment Results
10.2.1 MNIST

For MNIST dataset, we train a fully-connected neural network with 2-hidden layers of width 2048. The performance is
shown in Figure 4]

Fully-Connected NN

98.4
| |
98.3 A1 ?
& 98.2 1
>
e
I
35 98.11
2 —— IMP
08.0 Full Network
: —}— Random without Rescaling
—— Random with Rescaling
97.9 —}— SNIP
—— GraSP
978 T T T T T T T T T T
0.0 20.0 36.0 48.8 59.0 67.2 73.8 79.0 83.2 86.6

Sparsity(%)

Figure 4: Comparing the performance of random pruning with/without rescaling with IMP, SNIP and GraSP using a fully-
connected neural network with 2 hidden layers of width 2048 on MNIST dataset.

10.2.2 CIFAR-10

VGG. We train standard VGG-11 (i.e., VGG-11-64) and VGG-11-128 on CIFAR-10 dataset. The results are shown in
Figure [5al and Figure [5b]

ResNet. We further train ResNet-20 of width 32, 64 and 128 and compare the performance of random pruning with and
without rescaling against IMP. The results are shown in Figure[6a] Figure [6b|and Figure

We further plot random pruning with rescaling across different width in Figure [7] and pruning by IMP in Figure 8] The
result further shows under the same pruning rate, increasing width can make the pruned model perform on par with the full
model.
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Test Accuracy Gap of VGGs under IMP

Test Accuracy Gap of VGGs under Random Pruning
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Figure 5: The performance of random pruning and IMP using VGG-11 of different width on CIFAR-10 dataset.
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Figure 6: The performance of random pruning with/without rescaling and IMP using ResNet-20 of different width on

CIFAR-10 dataset.
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Test Accuracy Gap of ResNets under Random Pruning with Rescaling
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Figure 7: The test accuracy gap of random pruning with rescaling using ResNet-20 of different width on CIFAR-10 dataset.
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Figure 8: The test accuracy gap of IMP using ResNet-20 of different width on CIFAR-10 dataset.
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