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Abstract

We consider the dynamic of gradient descent for learning a two-layer neural network. We assume
the input z € R? is drawn from a Gaussian distribution and the label of x satisfies f*(x) =
a'|W*x|, where a € R? is a nonnegative vector and W* € R?*¢ is an orthonormal matrix. We
show that an over-parametrized two-layer neural network with ReLU activation, trained by gradient
descent from random initialization, can provably learn the ground truth network with population
loss at most o(1/d) in polynomial time with polynomial samples. On the other hand, we prove that
any kernel method, including Neural Tangent Kernel, with a polynomial number of samples in d,
has population loss at least 2(1/d).

1. Introduction

Gradient-based optimization methods are the method of choice for learning neural networks. How-
ever, it has been challenging to understand their working on non-convex functions. Prior works
prove that stochastic gradient descent provably convergences to an approximate local optimum (Ge
et al. (2015); Sun et al. (2015); Lee et al. (2017); Kleinberg et al. (2018)). Remarkably, for many
highly complex neural net models, gradient-based methods can also find high-quality solutions (Sun
(2019)) and interpretable features (Zeiler and Fergus (2014)).

Recent studies made the connection between training wide neural networks and Neural Tangent
Kernels (NTK) (Jacot et al. (2018); Arora et al. (2019b); Cao and Gu (2019); Du et al. (2018c)).
The main idea is that training neural networks with gradient descent with a particular initialization
is equivalent to using kernel methods. However, the NTK approach has not yet provided a fully
satisfactory theory for explaining the success of neural networks. Empirically, there seems to be a
non-negligible gap between the test performance of neural nets trained by SGD and that of the NTK
(Arora et al. (2019a); Li et al. (2019b)). Recent works have suspected that the gap stems from that
the NTK approach has difficulty dealing with non-trivial explicit regularizers or does not sufficiently
leverage the implicit regularization of the algorithm (Wei et al. (2019); Chizat and Bach (2018b); Li
et al. (2019a); HaoChen et al. (2020)).

In this work, we provide a new convergence analysis of the gradient descent dynamic on an
over-parametrized two-layer ReLU neural network. We prove that for learning a certain two-layer
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target network with orthogonal ground truth weights, gradient descent is provably more accurate
than any kernel method that uses polynomially large feature maps.

1.1. Setup and Main Result

We assume that the input z € R? is drawn from the Gaussian distribution A/ (0,I1dgxq). We focus
on the realizable setting, i.e. the label of x is generated according to a target network f* with d
neurons. We study a two-layer target neural network with absolute value activation:
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where a; is in [-1;, %] for an absolute constant x > 1 and satisfies > icjq) @i = 1, and {w; 4 | forms
an orthonormal basis. Note that equation (1) can be also written as the sum of 2d neurons with of
relu activation:

d
f(x) = Z a; (ReLU(wZ‘Tm’) + ReLU(—wax)) .
i=1
We consider a training dataset of N i.i.d. samples Z = {(z;, yj)}j-v:l,
from the Gaussian distribution with identity covariance and y; = f*(x;).
We learn the target network using an over-parametrized two-layer ReLU network with m > 2d

neurons W = {w;}, given by:

where every z; is drawn

1 m
fw(@) = — > |lwil - ReLU(w; x). 2)
i=1

Note that we have re-parametrized the output layer with the norm of the corresponding neuron, so
that we only have one set of parameters W . This is without loss of generality because when a; > 0,
a; - ReLU(w, z) is equal to |jw]]| - ReLU(nga:) where w, = y/a;/||w;|| - w;. Given a training
dataset Z = {(;,y;)}Y,, we learn the target network by minimizing the following empirical loss:
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Let L(WW') denote the population loss given by the expectation of the above equation over Z.

Algorithm. We focus on truncated gradient descent with random initialization. Algorithm 1 de-
scribes the procedure.An interesting feature is that when a neuron becomes larger than a certain
threshold, we no longer update the neuron. This is a variant of gradient clipping often used in train-
ing recurrent neural networks (e.g. Merity et al. (2017); Gehring et al. (2017); Peters et al. (2018))
— here we drop the gradients of the large weights instead of re-scaling them. The truncation allows
us to upper bound the norm of every neuron. Our main result shows that Algorithm 1 learns the
target network accurately in polynomially many iterations.

Theorem 1 (Main result) Ler Z be a training dataset with N = poly . (d) samples generated by
the model described above.' Let C (k) be a sufficiently large constant that only depends on k. Let

1. Let poly(d) denote a polynomial of d and poly, (d) denote a polynomial whose degree may depend on k.
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Algorithm 1 Truncated gradient descent for two-layer neural nets

Input: A training dataset Z.
Require: Network width m, learning rate 7, truncation parameters Ao, A;.
Output: The final learned network W = { w; € Rd}zl.

Initialization. Initialize wgo) ~N (0, é . Iddxd), forl <i<m.

Stage 1. Let A = \g = @(m). Fort < © (#jlogd} update every neuron as follows:

wdtY = ® _ n-1, w1 -Vw.ﬁ(W), forevery 1 <i < m.
i llw;” 13< 55 i

J1+10Q

Stage 2. Let A = \; = 9(%). Fort < © (

Doty (@) ) update every neuron as follows:

1 o .
wz(t+ ) — wgt) —-n- ﬂllwﬁ”ll%é -V, L(W), forevery 1 <i < m.

1
A1

0 < @ < 1/100 be a sufficiently small absolute constant that does not depend on k. Let \g be a
sufficiently small value on the order of 1/ poly(d) and A1 < \o/O(poly,.(d)) be a sufficiently small
value on the order of 1/ poly,.(d). For a learning rate 1 < min (A3, O0(1/poly,(d))), a network
width m > Q(poly(d)/ poly(\1)), and truncation parameters \o, A1, let W be the final network
learnt by Algorithm 1. With probability 1 — 1/poly(d) over the choice of the random initialization,
we have that the population loss of %4 satisfies

L(W) < O0(1/d"*9).

Our result builds on a connection between the popluation L(W) and tensor decomposition for
Gaussian inputs (Ge et al. (2017, 2018)). By expanding the population loss in the Hermite polyno-
mial basis, the optimization problem becomes an infinite sum of tensor decompositions problems
(cf. equation (4) in Section 2.) To analyze the gradient descent on the infinite sum tensor decom-
position objective, we first analyze the case when m goes to infinity. We establish a conditional-
symmetry condition on the population of neurons, which greatly simplifies the analysis. Informally,
we leverage the fact that our input distribution is symmetric and our labeling function uses the ab-
solute value activation, which is symmetric. Our analysis uncovers a stage-wise convergence of the
gradient descent dynamic as follows, which matches our observations in simulations.

e First, Algorithm 1 minimizes the Oth and 2nd order tensor decompositions. Informally, the
distribution of neurons is fitting to the Oth moment and the 2nd moment of {wi*};i:r

e Second, Algorithm 1 minimizes the 4th and higher order tensor decompositions. Initially,
there is a long plateau where the evolution is slow, but after a certain point gets faster. As
a remark, this behavior has been observed for randomly initialized tensor power method
(Anandkumar et al. (2017)). Because the solution to the 4th and higher order orthogonal
tensor decomposition problems is unique, we can learn the ground truth weights {wi*}?:l.

Then we show that the approximation error between the population and infinite-width case and the
finite-sample and finite-width case is small. The finite-width case can be viewed of as a sample of
the infinite-width case. As the number of neurons increases, the approximation error reduces. In
Section 3 and 4, we present a proof overview. The full proof is given in Section A and B.
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As a complement, we show that the generalization error bound of Theorem 1 cannot be achieved
by kernel functions with polynomially large feature map. Hence, by minimizing the higher order
tensor decomposition terms, the learned neural network is provably more accurate than kernel func-
tions which simply fit the lower order terms. Our result is stated as follows.

Theorem 2 (Lower bound) Under either of the following two situations,
1. We use a feature map ¢(z) : R? — RN with N = poly(d)
2. We use kernel method with any kernel K : RY x RN — R with N = poly(d) samples.

There exists a set of orthonormal weights {w; };c(q) and {ai};ic(q) where a; € (2, 2] forall1 <i <

d satisfying Zie[d] a; = 1, such that the following holds: With probability at least 0.999 over the

training set Z, for any wr, wx € RY with R(z) = whé(z) and K(x) := wi[K (z,2;)]Y,, the

population loss of the feature map ¢(x) and kernel K(x), denoted by L(R) = Ey zr(0,1d,. ) (f*(2)—
R(x))? and L(K) = EzNN(OJddxd)(f*(x) — R(x))?, satisfies

L(R) = Q (;) and L(K) = O (Cli) . 3)

Comparing the above result with Theorem 1, we conclude that provided with polynomially
many samples, Algorithm 1 can recover the target two-layer neural network more accurately than
the feature map and kernel method described above. Section C shows how to prove Theorem 2.

1.2. Related Work

Neural tangent kernel (NTK). A sequence of work shows that the learning process of gradient
descent on over-parametrized neural networks, under certain initializations, reduces to the learning
process of the associated neural tangent kernel. See Jacot et al. (2018); Arora et al. (2019b); Cao
and Gu (2019); Du et al. (2018c¢); Arora et al. (2019a); Allen-Zhu and Li (2019b); Allen-Zhu et al.
(2019c¢,b); Li and Liang (2018); Zou et al. (2018); Du et al. (2018a); Daniely et al. (2016); Ghorbani
et al. (2019); Li et al. (2019a); Hanin and Nica (2019); Yang (2019) and the references therein. For
NTK based results, the learning process of gradient descent can be viewed as solving (convex)
kernel regression. Our work differs by analyzing a non-convex objective that involves an infinite
sum of tensor decomposition problems. By analyzing the higher order tensor decompositions in our
setting, we can achieve a smaller generalization error than kernel methods.

Allen-Zhu and Li (2019a, 2020a) show that over-parametrized neural networks can learn certain
concept class more efficient than any kernel method. Their work assumes the target network satisfies
a certain “information gap” assumption between the first and second layer, while our target network
does not require such gaps. Allen-Zhu et al. (2019a); Bai and Lee (2019) go beyond NTK by
studying quadratic approximations of neural networks. By contrast, our work analyzes higher-order
tensor decompositions that cannot be achieved by quadratic approximations.

Two-layer neural networks given Gaussian inputs. There are a large body of works focusing
on how to learn two-layer neural networks, such as Kawaguchi (2016); Soudry and Carmon (2016);
Xie et al. (2016); Ge et al. (2017); Soltanolkotabi et al. (2017); Tian (2017); Brutzkus and Globerson
(2017); Zhong et al. (2017); Boob and Lan (2017); Li et al. (2018); Vempala and Wilmes (2018); Ge
et al. (2018); Bakshi et al. (2018); Oymak and Soltanolkotabi (2019); Yehudai and Shamir (2019);
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Li and Yuan (2017); Zhang et al. (2018); Li and Liang (2017); Li et al. (2016); Li and Dou (2020);
Allen-Zhu and Li (2020b) . Li and Yuan (2017); Zhong et al. (2017) consider learning two-layer
networks with ReLLU activations with a warm start (tensor initialization), as opposed to from a
random initialization. Du et al. (2017) consider learning a target function consisting of a single
ReLU activation. Brutzkus and Globerson (2017); Tian (2017) study the case where the weight
vector for each neuron has disjoint support. Apart from the gradient descent algorithm, the method
of moments has also been shown to be an effective strategy with provable guarantees (e.g. Bakshi
et al. (2018); Ge et al. (2018)).

The closest work to ours is Ge et al. (2017) that considers a similar concept class. However, their
work requires designing a complicated loss function, which is different from the mean squared loss.
The learner network also uses a low-degree activation function as opposed to the ReL.U activation.
Ge et al. (2017) have stated the question of analyzing the gradient descent dynamic for minimizing
the sum of second and fourth order tensor decompositions as a challenging open question. Our
analysis not only applies to this setting, but also allows for more even order tensor decompositions.
Apart from ReLU activations, quadratic activations have been studied in Li et al. (2018); Oymak
and Soltanolkotabi (2019); Soltanolkotabi et al. (2017).

Infinite-width neural networks. Previous work such as Mei et al. (2018); Chizat and Bach (2018a)
show that as the hidden layer size goes to infinity, gradient descent approaches the Wasserstein
gradient flow. Mei et al. (2018) use tools from partial differential equations to prove the global
convergence of the gradient descent. Both of these results do not provide explicit convergence rates.
Wei et al. (2018) show that under a certain regularity assumption on the activation function, the
Wasserstein gradient flow converges in polynomial iterations for infinite-width neural networks..

Organizations. The rest of the paper is organized as follows. In Section 2, we reduce our setting
to learning a sum of tensor decomposition problems. In Section 3, we describe an overview of
the analysis for the infinite-width case. In Section 4, we show how to connect the above case to
the gradient descent dynamic on the empirical loss for polynomially-wide networks. Finally we
validate our theoretical insight on simulations in Section 5. In Section A, we provide the proof of
the infinite-width case. In Section B, we describe the error analysis of the above case and complete
the proof of Theorem 1. In Section C, we present the proof of Theorem 2.

2. Preliminaries

Recall that the ground-truth weights {w} }?:1 forms an orthonormal basis. Since the input distri-
bution @ ~ N(0, I5x4) and the initialization {w;}!" | ~ N (0,2 - Idgx4) are all rotation invariant,
without loss of generality we can assume that w; = e;, forall 1 < ¢ < d.

We can average out the randomness in x by applying Theorem 2.1 of Ge et al. (2017) on the
loss function L(TV) (which expands the activations function in the Hermite basis).

m 2 m 2 m 2
1 2 1 1 ®2 T
LW) =c¢ —ZHw,H —Zai + —ZHw,HwZ + ¢ —Zwi —Zaieiei
=1 % F i=1 F i=1 7 F
1 m m 2
2 — 25—2 ®27
+ Z €25 || Z w;®? @ w; @) — Z aie; 7|, 4)
§>2 i=1 i=1 o
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where ¢, = % = @( 5 ) is the Hermite coefficients of the absolute value function. We

observe that the population nsk can be written as a infinite sum of tensor decomposition problems.
Intuitively, the 0-th order tensor decomposition term adjusts the /-norm of the weights. The k-order
term concerns about the k-th moment of the weights.

The distribution of neuron weights. We start by considering an infinite-width neural network
and then we extend the proof to polynomial-size neural networks. Following Wei et al. (2018), an
infinite-width neural network specifies a distribution of its neuron weights. Let P be a distribution
over R?. We can write equation (2) in terms of P as follows:

fp(z) = E [Hwn2 ReLU (w x)] 5)

w~P

Correspondingly, the population loss of the neural network defined by P is given as

d 2
Hw||2 Zaz ®2 _ Zaieie;r
i=1

F
2
Epw®2®w (25-2) E:az®]
wn~v

2

Lo(P )—co +01 wIEZPwHwHQ + co

(6)

—i—ZCQj

j>2

F

As a remark, for the case of finite neurons with weights W, the distribution P corresponds to a
uniform distribution over {w; }ig (-

Gradient descent update. It has been shown in prior works that gradient descent in the (natural)
parameter space corresponds to Wasserstein gradient descent in the distributional space. However,
we found that the Wasserstein gradient perspective is not particularly helpful for us to analyze our
algorithms and therefore we work with the update in the parameter space W. The distribution P
can be view as a collection of infinitesimal particles and the update of P can be viewed as the effect
of updating each particle in the system. The update for each particle v, denoted by V, Lo (P), is
given by computing the gradient of the objective L(W) w.r.t a particle v assuming the rest of the
particles follow the distribution P.

VoLoo(P) i=bo ( E_J[wllf = 1) v by ( E_Jwlzwlol + Jw]a(w,0)v) )
d
— 2 2 2 2
+ by (w]glp@u,v)w — Zai<ei,v>ei> —|—z>:2b2j (wINEP<w,v> w, 0y T w — Zal (e;,v){e;, V)™ )
i=1 i
+Zb’2jHUL<]E (w, v){w, D) 2w — Zai ei,v)(e;, )%~ 26), (8)
j>2 v

where b[) = 4Co,b1 = 261, bgj = (4]) X Cgj = O (]%), ij/ = (4] — 4) X €2;. We use vaoo and
V, as a shorthand for V,, Lo, (P). Based on equation (8), we can further decompose V,, L. (P) into
the sum of Vg;,Loo(P) for j > 0, where the 2;j-th term refers to the gradient of the 2;-th tensor
decomposition. As a direct consequence, if we are at a neural network described by PO, then after
a truncated gradient descent update, the next neural network will be P(“+1) such that

D UL oy (1) (1) n:ﬂ.H,U(t)Hggivv(t).[/oo(,])(t)), for v®) ~ P 9



LEARNING OVER-PARAMETRIZED TWO-LAYER RELU NEURAL NETWORKS

Finite-width case. We briefly describe the connection between the above distributional view and the
finite-width case. Intuitively, we can think of the finite-width case as sampling m neurons randomly
from the neuron population P in the infinite-width case. There are two sources of sampling error
that arise from the above process: (i) the error of the gradients between the finite neuron distribution
and the infinite neuron distribution; (ii) the error between the empirical loss and the population loss.
Based of gradient truncation, the norm of every neuron is bounded by 1/A. Therefore, the sampling
errors reduces as m and IV increases, as shown in the following claim.

Claim 2.1 For every \, 8 > 0, for every distribution P over R? supported on the ball {w e R?|
|wll3 < 3}, let W = {w;}, be i.i.d. random samples from P. For every § > 0, with probability
at least 1 — § over the randomness of W, we have that:

< poly (%) log %.

B vm
With probability at least 1 — § over the randomness of {w; }" | and the training dataset Z, for every
w € W, we have that:

[IL(W) = Loo(P)]

vai(W) - vaoo(P)H2 < poly <i> log % (\/1% v \/IN> .

Claim 2.1 can be shown via standard concentration inequalities such as the Chernoff bound.

Notations. Let a = b & ¢ denote a number within [b — |c|, b+ |c|]. Let [d] denote the set including
1,2,...,d. Let Idgyg € R¥? denote the identity matrix in dimension d. For two matrices A, B
with the same dimensions, we use (A, B) = Tr[A " B] to denote their inner product. For a vector
w € RY let ||wl||2 denote its o norm and ||w]||s denote its £o, norm. For i € [d], let w; denote
the i-th coordinate of w and w_; denote the vector which zeroes out the ¢-th coordinate of w. We
define w = m to be the normalized vector, and IT,,1 = (Id —ww ") to be the projection onto the

orthogonal complement of w. For a matrix M, let || M||2 denote the spectral norm of a matrix M.

3. Overview of the Infinite-Width Case

We begin by studying Algorithm 1 for minimizing the population loss using an infinite-width neural
network. The infinite-width case plays a central role in our analysis. First, the infinite-width case
allows us to simplify the gradient update rule through a conditional-symmetry condition that we
describe below. Second, the finite-width case can be reduced to the infinite-width case by bounding
the approximation error of the two cases — we describe the reduction in Section 4.

A natural starting point for the infinite-width case is to simply set the network width m to infinity
in Theorem 1. However, this will include negligible outliers such as those with large norms in the
Gaussian distribution. Therefore, we focus on a truncated probability measure PO) of N (0,1dgxq)
by enforcing a certain bounded condition. The precise definition of P(©) is presented in Definition
5. For the purpose of providing an overview of the analysis in this section, it suffices to think of
P0) as satisfying the following conditional-symmetry condition.

Definition 3 (Conditional-symmetry) We call a distribution P over R? conditionally-symmetric
if for every i € [d] and every v € RY, the following is true.

Pr [w; =v; |w_; =v_j] = Pr [w; = —v; | w_j = v_j]. (10)
w~P w~P
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We will prove the following result for the infinite-width case.

Theorem 4 In the setting of Theorem 1, let the number of samples N go to infinity. Starting from
the initialization W0 = PO) let W be the final output network by Algorithm 1. The population
loss of W satisfies L(W) < O(1/d'*€).

For the rest of this section, we present an overview of how to prove Theorem 4 and the proof
detail can be found in Section A. First, we provide a simplifying formula for the gradient of Lo, (P).
Then, recall that Algorithm 1 consists of two stages that differ by the gradient truncation parameter.
We describe an overview of each stage in Section 3.1 and 3.2, respectively.

Now we show how to simplify the gradient of L, (P) in equation (8). Building on the setup
of Section 2, we can view the weights 7W®) = P® in the ¢-th iteration as a distribution over R,
Note that P(©) is conditionally-symmetric by definition. Our main observation is that when P is
conditionally-symmetric, the conditionally-symmetric property is preserved during the update.

Claim 3.1 Suppose the update rule of P is given in equation (9). If P is conditionally-
symmetric, then P s also conditionally-symmetric.

To see that Claim 3.1 is true, we first observe that the 1-st order gradient is always zero when
PO is conditionally symmetric. Now, we further observe that for every neuron v in P® and
every 1 < j < d, subject to v_; being fixed, V, Lo (P) is a polynomial of v; that only involves
odd degree monomials. Therefore, as long as P is conditionally-symmetric, then P(*+1) is still
conditionally-symmetric. Given the conditionally-symmetric property, we can simplify the gradient
formula of equation (8) as folllows.

Claim 3.2 Suppose that P = PW is conditionally-symmetric. For any j > 0, let Vajv be a
shorthand for the gradient of the 2j-th tensor Vo, Loo(P). For any 1 < i < d, let [V2;,]; be the
i-th coordinate of Vj . Depending on j, we have that [V2;,); is equal to the following

Vool =t (B, ol = 1) eave), [Vauki =t (B 0 — i) (s 0) (1)
[VQj:U]i:(b2j+b,2j) wINEP Z H (u_]ir’Dir)Q (wij)2<eijvv> _ai<eiv’5>2j—2<eiav>
i1, 515 \r€i—1]
—by | B lz >0 [T @iw)? | = 3 aren0) | i ¥j 22 (12)
o i1y i relj] reld

The proof of Claim 3.2 is by applying Claim 3.1 to equation (8), which zeroes out the coordinates
in w that has an odd order before taking the expectation over w ~ P. In particular, the 1st order
tensor in equation (6) becomes zero. For the 2nd order gradient [V2 ,];, we have that

[Vauli = b2 ( EP<w,v>wZ~ — ai<ei,v>ei) = by ( IEP w? — ai) V;.

Similar arguments apply to higher order gradients.
Claim 3.1 and 3.2 together implies that for the infinite-width case, the gradient descent update
is given by equation (11) and (12) . Another implication is that [V,]; equals h(|v|)v; for a fixed
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function h(-), where |v| € R? takes the entry-wise absolute value of v. In other words, the updates
of the coordinates of v are only correlated through the norm of v. This observation enables us to
essentially consider each coordinate of v separately.

3.1. Dynamic during Stage 1

Stage 1.1: learning Oth and 2nd order tensors. We show that Algorithm 1 minimizes the Oth and
2nd order tensor decompositions of the objective L to zero first.

First, we show that the gradients from 4th and higher order tensors are dominated by Vg , and
V2. For the Oth and 2nd order tensors, their gradients for the i-th coordinate of v ~ PO satisfy

1
Voolil + [[Vaulil = © <d15) : (13)

This is because P() is a suitable truncation of A'(0,Idgyq /d), hence we have that

co(})

Applying the above to equation (11), we obtain equation (13). For higher order tensors, in Propo-
sition 13, we show that for any j > 2, |[Va;.]i| = O (1/d*®). Therefore, the Oth and 2nd order
gradients indeed dominate the higher order gradients and Algorithm 1 is simply minimizing the Oth
and 2nd order tensor terms of L.

Based on the above observation, we show that the Oth and 2nd order tensor terms converges to
approximately zero in Lemma 8. The main intuition is as follows. By equation (11), both the Oth and
2nd order gradient only depends on the i-th coordinates of neurons in P. Hence the update can be
viewed as d independent updates on the d dimensions. In Proposition 14, we show that throughout
the algorithm, |Ep ||lw|[3 — 1| is smaller than max;c(q | Ep w? — a;|. Thus, it suffices to show
that the 2nd order term max;¢g] ’Ep wf — ai| converges to zero. This case reduces to principal
component analysis and in Proposition 15, we show that the 2nd order term indeed converges by a
rate of O, (1/d) using standard techniques.

As shown in Lemma 8, Stage 1.1 finishes within O, (d/n) iterations, when eventually |[V¢_,];|+
|[V2.0)i| becomes O(1/d?*®) forall 1 < i < d, which is the same order as |[Va;, ];| for j > 2. Thus,
the process enters the next substage where the gradients of the higher order terms become effective.

E [wﬂ —a

~ (1
2 —112
vl|%, |0 =0/(=] and
ol ol =6 (5) and | &

Stage 1.2: learning higher order tensor decompositions. After the Oth and 2nd order terms
converge to a small value, the gradients from higher order terms will start to dominate the update.
In Lemma 9, we show that for a small fraction of neurons v € R?, their norms become much larger
than an average neuron — a phenomenon that we term as “winning the lottery ticket”. We provide
an informal analysis below.

In Proposition 16, we show that the gradient of most neurons v except a small fraction can be
approximated by a signal term from the 4th order gradient plus a 1/d? error term:

Ci(k)logd

[Volil = (ba + b)) ailes, v) (e, 0)* + |vil, (14)

where C(k) is a function of x that grows with ¢. To intuitively see this, first, except for a fraction
of 1/d® of the neurons, any neuron w satisfies ||w||%, < a’log d/d. Second, for the fraction of 1/d®
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of the neurons, because we clip the gradient when a neuron grows larger than 1/, the norm of any
neuron is no more than 1/Xg. Thus, for a sufficiently large «, the contribution of these neurons to
the gradient is negligible. Combined together, we prove equation (14) in Proposition 16.

Based on equation (14), we reduce the dynamic to tensor power method. We observe that the

Z(Hl) ~ vz@ +n-a;- (vgt))?’, which is analogous to power method

for fourth order tensor decomposition. Hence for a larger initialization of vfo), the growth of vi(o) is
also faster. Based on the above intuition, we introduce the set of “basis-like” neurons S; 4504 in the

population P, which are defined more precisely in Lemma 9. Intuitively, S; 4004 includes neuron

v that satisfies [UZ(O)]Q > (2logd/d, which has probability measure at least 1/d°” by standard
anti-concentration inequalities. Following equation (14), we show that the neurons in S; 4004 keeps
growing until they become roughly equal to e;/(Ag poly(d)).

As shown in Lemma 9, the above process goes through a long plateau of O,;(d?/(n poly log(d))
iterations, until the neurons of S; 4,04 are sufficiently large. Intuitively, the scaling of d? arises from
the 1/d? increment in equation (14). This concludes Stage 1 and the update of these basis-like
neurons will be the focus of Stage 2.

update of v; is approximately v

3.2. Dynamic during Stage 2

In the second stage, we reduce the truncation parameter in Algorithm 1 from \g = O(1/ poly(d))
to a smaller value A\; = ©(1/ poly,(d)). This allows the neurons that are close to basis vectors to
further fit the target network more accurately.

Stage 2.1: obtaining a warm start initialization. This substage reduces the gradient truncation
parameter of the first stage. In Lemma 11, we show that after ©(d log d/n) iterations, the population
loss reduces to less than o(1/(d1og?%! d)). The proof of Lemma 11 involves analyzing the Oth and
2nd order tensor decompositions, similar to Stage 1.1.

At the end of Stage 2.1, the weights of the learner neural network form a “warm start” initializa-
tion, meaning that its population loss is less than o(1/d) (Li and Yuan (2017); Zhong et al. (2017)).
The final substage will show that the population loss can be further reduced from o(1/(d1log”"! d))
to O(1/d**?), where Q is a fixed constant defined in Theorem 1.

Stage 2.2: the final substage. In Lemma 12, we show that the population loss further reduces to
O(1/d"*€9) after ©(d'+1°9 /1) iterations. We describe an informal argument by contrasting the
gradient update of neurons in S; 4,04 and the rest of the neurons for a particular basis vector e;.

For neurons v € S; yo0q, in Claim A.10, we show that v follows the following update during the
dynamic (cf. equation (60)):

aC(k
[Vo]i = bo <I7[§ w3 — 1> v; + bo <I7I§w2-2 - ai> v — 1 tdQ( )vi, (15)

where ¢, is a function that grows with ¢ and C(k) is a fixed function of x. For neurons v ¢ S; good,
in Claim A.10, we show that v; follows a similar update but its corresponding value of ¢; is much
smaller than the neurons in S; 4o04. Thus, the basis-like neurons grow faster than the rest of the
neurons by an additive factor that scales with c; /d?.

Based on the above intuition, we analyze the dynamic following equation (15) using standard
techniques for analyzing the convergence of gradient descent. In Lemma 12, we show for after
O(d"*9 /n) iterations, the population loss of the Oth order tensor by (Ep ||w||3 — 1) and the 2nd

10
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order tensor by (Ep w? — a;) reduces to below d'+€, which corresponds to the scaling of ¢;/d in
the end. This concludes Lemma 12.

Once Lemma 12 is finished, the gradient descent process has learned an accurate approximation
of f*(-) and we can conclude the proof of Theorem 4. Specifically, we show that the population
loss has also reduced to below d'T€ (cf. equation (25)). Thus, we have finished the analysis of
Algorithm 1 for L (P). We provide the proof details of Theorem 4 in Section A.

4. Overview of the Finite-Width Case

Based on the analysis of the infinite-width case, we reduce the finite-width case to the infinite-
width case. By applying Claim 2.1 with P = P®)_ when {wgt) i, are ii.d. samples from PO,
the empirical losses as well as their gradients are tightly concentrated around the population losses
and their corresponding gradients. Furthermore, as we increase the number of neurons m and the
number of samples N, the sampling errors reduce. Therefore, the goal of our reduction is to show
that the sampling errors remain small throughout the iterations of Algorithm 1. We describe our
reduction informally and leave the details to Section B.

We describe the connection between the dynamic of the finite-width case and the infinite-width
case. For a neuron w® sampled from P®), our analysis in Section 3 has shown the dynamic of w(®
in the infinite-width case starting from w(©). In the finite-width case, we introduce the notation @ ®
as the ¢-th iterate starting from the same initialization w(®) using Algorithm 1. Our goal is to show
that gf,f) = w® — w® does not blow up exponentially large before Algorithm 1 finishes.

Based on the above connection, in Stage 1, we show that the propagation of the error fg ) remains
polynomially small in Lemma 18. Our analysis involves a bound on the average error of all neurons
EwNW[H&gH) |3] and a bound on the individual error of every neuron max,ew ||+ (|3, First,
in Proposition 23, we show that it suffices to consider the first order errors in gij +1), i.e. those that

involve at most one of &(If). Based on the result, in Proposition 21 and 22, we bound the average
error and individual error as

t n t
BB < @ o) (14 T Y EllEQIE)

(H) )12 < pol E (t+1))12.
max [V [3 < poly(d) B 11652

Combined together, we show in Lemma 18 that &(5 ) indeed remains polynomially small. For Stage
2, we analyze the propagation of error in Lemma 19 and 20 using similar arguments.

Combining the above three lemmas on error propagation and Theorem 4, we complete the proof
of Theorem 1 in Section B.

5. Simulations

We provide simulations to complement our theoretical result. We consider a setting where w} = e;
and a; = 1/d, for 1 < i < d. The input is drawn from the Gaussian distribution. For the ith order
tensor, we measure the corresponding tensor term from the loss L(/).

Stage-wise convergence. We validate the insight of our analysis, which shows that the convergence
of gradient descent has two stages. We use the labeling function of equation (1) and a learner

11
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Figure 1: Illustrating the convergence of Figure 2: For properly parametrized gradi-
each tensor during the gradient descent dy- ent descent, the 4th and 6th order tensors get
namic using absolute value activations. stuck using absolute value activations.

network with absolute value activation functions as in Section 3 and A to validate the dynamic. In
the first stage, the Oth and 2nd order tensors converge to zero quickly. In the second stage, the 4th
and higher order tensors converge to zero followed by a long plateau. Figure 1 shows the result.
Here we use d = 30 and m = 100 > 2d. The number of samples is 10*.

We can see that initially, Oth and 2nd order tensor has higher loss than the 4th and higher
ones. However, at the beginning of the training, both the Oth and the 2nd order tensors decrease
significantly from the initial value and converge to below 10~! very quickly. Moreover, after a
quick warm up period, the Oth order term always stays smaller than the 2nd term, as our theory
predicts. This is followed by a long plateau, which corresponds to Stage 1.2 of our analysis. During
this stage, the 4th and higher order tensors dominate the loss function, and the gradient descent
is simulating tensor power method to obtain basis-like neurons. Eventually, the neural network
accumulates enough basis-like neurons from the 4th and higher tensors in the objective function.
The 4th and higher order tensors reduce to the order of 10~2. The Oth and 2nd order tensors further
reduce to closer to zero. Our theory provides an in-depth explanation of this phenomenon.

Over-parametrization is necessary. It has been observed that for properly parameterized gradient
descent, i.e. for m = 2d, gradient descent gets stuck (Ge et al. (2017); Du et al. (2018b)). We
consider the same setting as the previous experiment but use m = 2d. Figure 2 shows the result.
We can see that the Oth order tensor term still converges close to zero. However, the 2nd, 4th and
6th order tensor terms all get stuck even after 10° epochs.

6. Conclusions and Discussions

In this work, we have shown that for learning a target network with absolute value activations,
truncated gradient descent can provably converge in polynomially many iterations starting from a
random initialization. The learned network is more accurate compared to kernel functions with
polynomially large feature mappings. It would be interesting to extend our result to settings where
the input layer weights W™ are not orthonormal. A fundamental challenge is to analyze the gradient
descent dynamic beyond orthogonal tensors.
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part by Lam Research and Google Faculty Award.
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Organizations. The appendix provides complete proofs to Theorem 1 and 2.

e In Section A, we describe the proof of Theorem 4 for the infinite-width case. This section
comprises the bulk of the appendix.

e In Section B, we describe the proof of Theorem 1, by reducing the finite-width case to the
infinite-width case.

e In Section C, we prove Theorem 2 using ideas from the work of Allen-Zhu and Li (2019a).

Appendix A. Proof of the Infinite-Width Case

We provide the proof of Theorem 4, which shows that running truncated gradient descent on an
infinite-width network can recovery the target network with population loss at most d' T, where Q
is a sufficiently small constant defined in Theorem 4. Recall from Section 3 that our analysis begins
by setting up the random initialization, and then proceeds in two stages. We fill in the proof details
missing from Section 3. The rest of this section is organized as follows.

o Initialization: We set up the random initialization of the neuron distribution.

e Stage 1: We fill in the proof details of the dynamic during Stage 1, which subsumes Stage

1.1 and Stage 1.2 described in Section 3.1. This stage runs for @(#;bgd) iterations.

e Stage 2: We fill in the proof details of the dynamic during Stage 2, which subsumes Stage
2.1 and Stage 2.2 described in Section 3.2. This stage runs for @(%) iterations.

Initialization. Recall that for the infinite-width case, our initialization of the neuron distribution is
a probability measure truncated from a Gaussian distribution with identity covariance. We formally
define the truncation and the initialization, denoted by P9, as follows.

Definition 5 (Truncated neuron space) Let S, C R? be the set of all w € R? that satisfy the
following properties:

o The maximum entry of w is bounded: ||w||oc < %\/%g@l)

e The entrywise square of w satisfies

(16)

d
ly log(d ly log(d
|w||% and Zaid‘w? are both in the range |1 — poly log(d) 14 POY og(d)

vi

e There are at most O(log®°! (d)) coordinates i € [d) of w such that w? > logd.

We define P%) as the probability measure of N'(0,1dgxq /d) conditional on the support set S,.

Remark. For our purpose of proving the finite-width case later in Section B, it suffices to consider
PO) as the initialization as opposed to A (0,Idgxq /d). This is because when Algorithm 1 samples
m = poly,.(d) neurons from N (0, Id x4 /d), with high probability all the m samples are in the set
S,. To see this, by standard concentration inequalities for the Gaussian distribution, we can show
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that the set S, has probability measure at least /1(Sq) > 1 —
probability all 7 samples are in S.

As stated in Section 3, we are going to heavily use the conditionally-symmetric property de-
fined in Definition 3 throughout the analysis of the population loss L..(P). We observe that the
initialization P(©) is indeed conditionally-symmetric. This is because N (0, Idgy /d) satisfies the
conditionally-symmetric property and our truncation in Definition 5 only involves restrictions on
the squares of the coordinates of w. Hence the truncation of A/ (0,Idgxq /d) to Sy preserves the
conditionally-symmetric condition.

dw<1> Thus by union bound, with high

Notations for gradients. Before describing the analysis, we first introduce several notations for the
gradients of neurons. Recall from Claim 3.2 that the gradient of a neuron v in the distribution P
can be simplified under the conditionally-symmetric property. For each coordinate 1 < ¢ < d,
the gradient of neuron v satisfies that [V,]; = 3,5 [Va;];, where Vi, = Vi, Loo(P), Vaj0 =
V2j.5Loo(P) denotes the gradient of v for the 2;j-th tensor, and [V,]; denotes the i-th coordinate of
V. To state the proofs, we require the following notation. Let B 2; = bo; + b’2 y and B oj = b/2 o
where by; and b, ,; are the Hermite coefficients of the 2j-th tensor given in Section 2. For a vector
w € Sy, let w(©) denote a neuron with initialization w in the initialization P(9). Let P(®) denote the
t-th iterate of P(©) following the update rule of equation (9).

Stage 1. Recall from Section 3.1 that the goal of Stage 1 is to show that a small fraction of
neurons becomes basis-like, i.e. close to a basis e; times a scaling factor of poly(d) at the end of
O, (d?/nlogd) iterations. To facilitate the analysis, we maintain a running inductive hypothesis
throughout Stage 1 that provides an upper bound on the norm of a typical neuron during the update.
We first introduce the set of neurons that will not become basis-like by the end of Stage 1.

Definition 6 Ler Cy be a large enough constant. Let ¢ = Cylogd and S be the set of all vectors
w in Sy such that

€0

w2, < 2 and ]2, < 2,

where w = w/||w|| denotes w after being normalized.

Based on the above definition, we introduce the following inductive hypothesis that shows the
neurons in S remain “small and dense” (i.e. not basis-like) throughout Stage 1. This stage runs for
2 . .
@(ﬁ) iterations. We use k1 to denote a value on the order of ©(exp(poly(k))).
Proposition 7 (Inductive hypothesis 1, for Stage 1) In the setting of Theorem 4, let the number

. . . 2 . . .
of iterations in the second stage be Ty = O( m). There exists an increasing sequence

{Ct}tTil where ¢; < exp(poly(k))log d such that for every neuron w®) € S, and every t < Ty, the
t-th iterate of the neuron w® satisfies that

2 < = ||lw 17

w2, < %, @2, < % (7)
Furthermore, for every coordinate i € |d], we have that in expectation,
2K -2 4

E Oh <28 md E 0] < 2 18

w® P i 1 = d w® P w9 < d (18)
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Equation (17) and (18), which we also refer to as the inductive hypothesis 7, show that the neurons
in S will not grow beyond Oy (log d/d). Hence they will not become basis-like at the end of Stage
1.

The set S consists of most of neurons in P(©) because by standard anti-concentration inequali-
ties, the measure of the set S is at least 1 — d~9(C0)_ Hence, 1 — x(S) is at most d—9(C0), Based
on this fact, we state a simple fact on the norm of neurons that are not in S that will be used later in
the analysis:

B s a=0(La-usn) < (19)

w® PO (O ¢S Ao ~ poly(d)’
To see that equation (19) is true, recall that the truncation of Algorithm 1 ensures that ||w]||? < 1/\o.
Combined with the fact that 1 — ;(S) < d=9(©) and Ay = ©(1/ poly(d)), we have that equation
(19) holds for a sufficiently large constant Cy. This finishes our introduction of the inductive hy-
pothesis H;. The proof of Proposition 7 can be found in Section A.2.2.

Given the inductive hypothesis 1, we can state the formal result that corresponds to Stage 1.1
in Section 3.1. For a neuron distribution P, let us first introduce the following notations, which
corresponds to the population loss of the Oth and 2nd order tensors.

AL = b Z[ E wf—al" A= b Z[ai - E il

w~P w~P
1€[d] 1€[d]
6y =bymax[ E w? —a;]",0_ :=bymax[a; — E_w?]T.
i€[d] w~P 1€[d] w~P

Let A := A, — A_ denote an absolute upper bound on the loss of the Oth tensor. Let §; :=
ba(Ep w? —a;) forevery 1 < i < d. At the ¢-th iteration, we use 51@ to denote the value of §; given

the neuron distribution P®), as well as A®) for A, 55? for §, and 5@ ford_.
Based on the above notations, we show the following convergence result at the end of Stage 1.1.

Lemma 8 (Stage 1.1: learning Oth and 2nd order tensors) In the setting of Theorem 4, suppose
that Proposition 7 holds. Let Ty = © (M). Then, for every t > T, we have that

AW, 59, 5(_t) are all less than %}2’(”1), where c; is given in Proposition 7.

The above result implies that after 77 iterations, the population loss of equation (6), which can be
upper bounded by A®) + 55:) + 6", remains less than O(c; poly(r1)/d?). The proof of Lemma 8
can be found in Section A.2.1.

Once Stage 1.1 is finished, recall from Section 3 that the higher order tensors begin to dominate
the gradient update. Hence Algorithm 1 enters Stage 1.2. We state the formal result that corresponds
to Stage 1.2 in Section 3 below. Let us introduce the following notations in order to state the

2 .
formal result. Let T = Tb — m. Forevery 1 < i < d,letl; = m. Let

p= M. Here, by our assumption, we know that a? = ©(1/d?), Ty = ©(d?/(nlogd)), so
we can see that I'; = O(log d/d). Consider a coordinate i € [d]. We define the set of good neurons
whose i-th coordinate is larger than I'; + p as

Si.good = {v €S, | [v(o)]? > T'; + p and for all other j : [v(o)ﬁ <TIj;— p} .
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Then we define the set of bad neurons that have two large coordinates as
Sibad = {v €S, | [v9)? > T; — pand there exists  # i : [v(9]2 > T, — p} .

The following lemma shows that, among other statements, the neurons in S; 4004 Will win the lottery
and become basis-like at the end of Stage 1.2 in the sense described below.

Lemma 9 (Stage 1.2: learning higher order tensors) In the setting of Theorem 4, suppose that
Proposition 7 holds. At iteration T5, the following holds for S; gooq and S; paq:

e Foreveryi € [d] and v € S; good, we have that

)2 >

1

2
U(.TQ)’ < M
! Vd

——— > poly(d), and for every j # 1,
Z Sopoly(@ =P y(d) f ryj#

o Foreveryl <i < dandeveryv € S,, if there exists j # i such that ]vZ(TZ)\ and \v§T2)| are
2
both greater than %, then the neuron v is in both S; pqq and S paq.
e For every i € [d], the probability measure of S; good and S; peq satisfies that

/’L(Sz,good) Z di exp(p01y(N1)) and ILL(SZ,QOOd) 2 IU‘(SZ,bCLd) : dexp(pOIy(Kl))'

In the above result, the set S; 4,04 contains neurons that become approximately a large scaling
of the basis e; after 75 iterations, a phenomenon that we term as winning the lottery ticket. These
neurons become much larger than the neurons in S, which are bounded by O, (logd/d). The set
Si paa contains neurons whose coordinate 7 might be large in the end, but not close to a basis — In
other words, these are neurons that “win the lottery ticket” but not close to a scaling of e;. The final
statement in this lemma shows that the measurements of such neurons is small, comparing to those
who are basis-like. Lemma 9 is proved in Section A.3. This concludes Stage 1.

Stage 2. The second stage begins by reducing the gradient truncation parameter from A\g =
@(m) to Ay = @(ﬁﬁ(d)).2 Recall from Section 3.2 that the goal of Stage 2 is to allow
basis-like neurons to grow until they fit the target network with population loss at most O(d1+Q).

o The first substage of the analysis shows that the population loss reduces below O(m),

after 73 = ©(dlog d/n) many iterations.

e The second substage of the analysis shows that the population loss further reduces below
O (1/d**@), after Ty = ©(d' 199 /) many iterations.

To facilitate the analysis, we introduce a running inductive hypothesis throughout Stage 2 that
describes the behavior of the good and bad neurons. Let us introduce several notations first. Let the
union of the bad neurons for all coordinates be given by

Spad = {v €Sy | i # j € [d], W]} > T; — pand [v!V)? > T; — p}.

2. As a remark, the rational for this technical twist is that the neurons do not grow too large during the process. This is
useful for the error analysis later in the finite-width case.
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The set of potential neurons is given by
Sipr = {v € S | O] 2 Ti = p}.

We remark that these are the set of neurons whose coordinate 7 can have a magnitude larger than
poly log(d)/v/d at the end of Stage 1 (cf. Section A.2.1). As another remark, the set of good
neurons, which grows much larger larger than poly log(d)/ V/d for a particular coordinate, is a
subset of potential neurons. Let the union of the potential neurons for all coordinates be given by

Spot = {v €S, | Field,[v 2 >T; - p}.

We maintain the following running hypothesis that, among other things, specifies the behavior of
the potential, good, and bad neurons in detail.

Proposition 10 (Inductive hypothesis 7, for Stage 2) In the setting of Theorem 4, there exists
cr, = poly(logd) and a monotonically increasing sequence cr, < ¢; < dO@) < @19 such that
for every Ty < t < Ty, the following list of properties hold for the neuron distribution P\) at the
t-th iteration.

v® 3 < 1/X1. As a result, gradient truncation never happens during this

1. Foreveryv € S,
stage.

2. Forevery v ¢ Spot,

_ (& C
10913 < = and [v?]%, < Et- (20)
For everyi € [d], every v € S; pot \Sbad> and j # i
B2 » &
llo "1z < —- 1)
3. The mass of the set of bad neurons is small:
E b9 < (22)
vO~P®) vESyaa poly(d)
4. Foreveryi € [d] and every v € S; good, We have that Hvl(t)H% > m.
5. Forevery i € [d], the following masses regarding the potential and bad neurons hold:
2 1
NONS E W% < PO Y(ﬁ2)7 23)
U<t)NP(t>7U€Si,pot\Sbad d
B0 = g WP POV 24)
vO~P® v Spor d

where ko denotes exp(poly(k1)) and k1 denotes exp(poly(k)).
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We remark that in the above inductive hypothesis, equation (20) and (21) show similar con-
ditions as equation (17) provided in Proposition 7. For the rest of the section, we refer to the
conclusion of Proposition 10 as inductive hypothesis 2. The proof of Proposition 10 can be found
in Section A.4.1.

Given the inductive hypothesis, we can state the formal result that corresponds to Stage 2.1 in
Section 3.1. We introduce the notation A®*) = 2bg (Zle(v-(t) + 51@) -4 az-) that measures

(2
the average error of the neurons across all coordinates. We show that by the end of 73 = T, +

©(dlogd/n) iterations, we have obtained a warm start neuron distribution for A, { %t), A Bc(lt)}
, and {7@, e C(lt) } We state the result below.

Lemma 11 (Stage 2.1: Obtaining a warm start initialization) In the setting of Theorem 4, sup-
pose Proposition 10 holds. There exists an iteration T3 = T + ©(dlog d/n) such that at iteration
t = T, the following holds:

. () 1 ) 1
F cld, BV < —— <
oranyi € [d], B;" < 110290 | d10g"0"

The above result implies that the set of potential neurons has fit the i-th coordinate of the target
network by an error less than o(1/d). The population loss of the Oth order tensor is also reduced
below o(1/d). The proof of Lemma 11 can be found in Appendix A.3.

1
t
’ai - ’Yi( )‘ < m; and ’A(t

In the end, we describe the formal result that corresponds to Stage 2.2 in Section 3.2. We
construct a potential function to show that BZ.(t) + ry.(t)

K3
running for Ty = T3 + @(dHan

has converged to a; with error at most O(1/d?*?), for every 1 < i < d.
The result is shown in Lemma 12 below. We need the following notations for defining the

potential function:

(t)
() _ NGORENG) Ca L ®
6_ = max {I}é?j]( {Cl(a’b 6’5 fyz ) + /B(t) 3+ ,Y(t) (a’b /71 )} 70} )

converges to a; beyond iteration ¢ = T3. After

) many iterations, we show that a certain set of potential neurons

(®)
() _ 0y, O _ .
oy —max{?éz[xj]c{Cl(ﬁi +; a;) + B(t)+’)/~(t) (71 az)},()}.

A i

where C7, C denote two sufficiently large constants. Let A = max{A, 0}, and A_ = max{—A,0}.
Consider the following functions:

) _ ®) 1 ) m}
® =max<d)/, 1+ —— | AY 5,
* { * ( poly (k)

(t) (t) 1 (t)
oY = 1 A .
O = {6, (14 Sy ) 20}

Let ﬁgf) =2 maxie[d]{ﬁi(t)}. Let ) = max{@ﬁf), <I>(,t), Ert)} be our potential function. Lemma
11 implies that by the end of ¢ = T3 iterations, we have 5 , 55:), Bg), Ag), AY are all less than

O (1/d1og”?" d). Hence @) < O(1/(d1og®?" d)). The result below shows that after iteration

T3, ®1) further decreases whenever it is at least O(%).
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Lemma 12 (Stage 2.2: the final substage) In the setting of Theorem 4, suppose that Proposition
10 holds. For any Ty < t < Ty, as long as ®® > % (recalling that c; is defined in
Proposition 10) we have that

B < (1 _ nmin{chl}q)(t>> ,

By combining the results from Stage 1 and 2, we are ready to prove Theorem 4.
Proof [Proof of Theorem 4] When Proposition 7 and 10 hold, we can obtain the following obser-
vation. Using the induction hypothesis in Eq (22), we have that for the infinite-width case, the
population loss Lo, (P(!) satisfies:

2
LoPD) =0 [ [ X [+ 80 = 2 ar| | +0 [ 2 [l —2+ 8] | +

ield] ic[d] ie(d] poly(d)

(25

where the first term comes from the zero-order term in the population loss and the second term

comes from 2nd and higher order tensors in the population loss. This observation also implies that
1

poly(d)

At the beginning of Stage 2.2, by Lemma 11, we know that ®(™3) < 1/(d1og®%' d). During

Stage 2.2, by Lemma 12, as long as ®(*) > O, (c;/d?), ®'+1 < &) < d®)(1 — O(®®))). Hence,

after at most d'tO(%) /y) iterations (or Ty — T3 more precisely), ®(7*) reduces to below O(d'1<).
Applying this result to equation (26), we conclude that L. (P(™)) < O(1/d*+9).

Loo(PW) = 0 (d[qﬂ“]?) + (26)

A.1. Stage 1.1: Proof of Convergence for O0th and 2nd Order Tensors

This section provides the proof of Lemma 8 is organized as follows.

e In Proposition 13, we first show that the gradients from 4+ order tensor decomposition terms
are small compared to that of the Oth and 2nd order tensor terms.

e The above shows that the dynamic is mainly dominated by the Oth and 2nd tensor terms
initially. In Proposition 14 and Proposition 15, we show the gradient update of the Oth and
2nd order. Based on these, we show the proof Lemma 8 at the end of this subsection.

Upper bound on the gradient of 4+ order terms. We first show that the 4th and higher order
tensor gradients do not have much contribution to the gradient, for all the neurons in S. We introduce
the following notations for convenience. For a neuron distribution P, let the following denote the
gradient term of v involving only other neurons w.

B, w0} (0002 ) = by (B (wo)(o. o 2w, ) 0. 20

wnv wnY

ij,v,n = (b2j + b/2]) <
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Recall that Vg ,, is the gradient of v for the 2j-th tensor (cf. equation (12)). Let
v247v = Z v2j,va and v24,v7n = Z v?j,vmx
Jj=2 j=2
The following result provides an upper bound on the higher order gradients.
Proposition 13 (Upper bound for 4th or higher order gradients) [n the setting of Lemma 8, sup-

pose Proposition 7 holds. Then there exists an absolute constant C' > 0 such that for every i € [d]
and v € Sy, at the t-th iteration for t < Tb, the neuron v from distribution P satisfies that

Gh | Ro_(t))2 )
Foaali < 5 (S + 510012 ) 1)
Moreover, the gradient from the network satisfies

CCK()

Hvzﬁlﬂhn]i’ < a1 ﬁ‘vz |.

As a corollary, for everyv € S C Sy, we have that

C cm

Hvz‘lﬂ’] ‘ 2 d2

Proof Let us focus on V4, first. We now bound each terms in [V 4 ,,]; in equation (12) separately.

[v47v}i = (b4 + bil) E Z (H(w”virf) (’wij)QUij - CLi<67;, 7)> <€i, 17>2

w~P | T
11,02 \r=1

- bil ]E’ |w||2 Z H w’LTUZr - Z a7‘<er,’(_)>4 V;.
w~ P i1,i2 T=1 reld]

For the second two line of the above,

d d
2 _ o \2 2 — ~\2 2
w; Z(wﬂ)]) vi| < P S w; Z(wﬂ)]) vi| + p w(0)¢8 w; Z v
7j=1 7j=1 7j=1
. 2
< | E 2 - 5 \2 Alwv:
< foil o Pa®es | ;(wjv]) A
d
< 2N (52 .
’U’L’ d w~P, ’lU(O)ES w’t ;(U]) +A‘UZ|
Qthi 1
< lu; 28
< I ( N poly(d)> 29)

where the second inequality uses inequality (19) so E,, p) ,,0)¢s lw]|3 < A, and the second last
inequality uses Ep[w?] < 2 as in Eq (17).
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For the signal term in the gradient, a;(e;, v){e;, 1), because a; < k/d, we have
|ai(eq, v) (e, v } <- |Uz‘||?7i|2 (29)

Another term in the gradient is (again, using the fact that for w with w(® € S, ||Jw||%, < )

2,,2,.2 )2 202,02 0 22,2 )2
WEVIWEV WEVIWS, WIEVEWEV
ZE r r2 i Z/ ‘UZ’ < Z E 7 Up Wy U ‘ z|+ Z FE r r2 jd Z/ ’1}1’
P llwllzllvllz T wPuw®es HwHQHvH w0 [lwll3]v]z
<G 0 P A poly(d)
< poly(d)|v
L E w3 H I3 1
2/{0,5 1
< _ 30
The last term in the gradient is given by:
<Z ar(er, v)(er, >3> Uil < 5 (Zvr > |0
i ||vl3 2
- 31
— d||'UH4| 74| — deH |UZ| ( )

Combining Eq (28), Eq (29), Eq (30) and Eq (31), we obtain that
[V2a0li] < O) x (55 + Z)o)% ) ol

For Ag; ., with j > 3, we can apply the same calculation as above, and show that
[Vasali| < Obey) x (55 + 0% ) ol

Since Va0 = 359 Vajand 3 boj = O(1) we complete the proof. [

Based on the above result, we describe the dynamic of the Oth order tensor in the following
proposition.
Proposition 14 (Learning Oth order tensor) In the setting of Lemma 8, suppose Proposition 7
holds. Assume that for every 1 < i < d, B ), pe) [w(t)?] > ﬁ Then for every t < Tb, at least
one of the following holds:

1. |AW)] < eepolyter)

2. 1FAD > 0, then AW <50 (1= L) [ A® < 0, then |AD] < (1 - 1) 6.
Moreover, when A®) > max {8/{25@, %}2’('{1)} , it holds that

1

INGRIPIN

|S ’ (32)
where S_(:) is the set of all i € [d] with 51@ > 0 and ‘S_(f)) denotes its cardinality.
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®)

Proof Consider the iteration ¢, we have that for every 7 and every v € S, the update of v, ’ is given
as:
1
o = o = (A0 16y — (Ve i
Hence, using Proposition 13 and inequality (19), it holds that
E [w?=(1-2n(A0 + ) E [w?] + 27,0@ Fr s o l). 33
pl+n- L NON d? Ao Ao
This implies that for every sufficiently small n < A2 and A < A2, it holds:
2
(t+1) _ () t (t) 2 GK
o =50 —2n (A0 4+ 517 E [w}] & 300 - (34)

Let us consider two cases when Abs A®) = Q(k$¢;/d?).

Casel. AW =Q (“3?), we have that for every 7 with (51@ > 0, it holds that Ep [w?] > a; >

1
L Hence,

1 cik? 1
s <50 (11— p— Al —
E - "ed +3nC a0 "17 kd

Summing up over all those ¢ gives us

1) A0 (7, LY L A
A < Al <1 H) ng A0S (35)

On the other hand, for every 7 with 5§t) < 0, it holds that E [w?] < a; < 2. Hence,

‘51@-&-1)‘ > ‘51@‘ —n <‘51@| _ A(t)> I%)[wZ] — 3170%. (36)
P

L, when A® > 5% (1 — 8) it holds that (1 — £)A® > 67 (1 — p).
Therefore, when A(®) > 5@(1 - g), Eq (36) implies that

Now, consider a value p =

2

K CtR
501 2 187 — o (187]) 7 — 300" +n5 A0 E ] (37)

Hence, using the assumption that E ) [w?] > ﬁ, it holds that

K K
B0 = 100 o (31) & = 169 (1= o). @9

Summing up all 5 with 6 < 0, this implies that

INGRIWNQ (1 - n%) .
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Combine the above inequality with inequality (35), we have that (using A® > 0 so that Agf) >
AW ):

AW = AU A < AD A(f) - idA( D+ nPal -

< A0 —p— L A0 A(t)]St)|

RN OIEN
2kd |S+ |

Therefore we conclude that when A(®)

2kd
) and A®) > 5@(1 — £), it must holds that

Al < AD) < )

(1) o s+ (4 1
0 0 < n4/€d> .

Here the second inequality comes from Eq (38). This implies that A*1) will decrease faster than
5UFY at the next iteration. Hence, when A®) > Q <C“" > then A® > s(1 - £) can never

Y

happen. Hence, by our choice of p, we conclude that as long as A() > Q) <C“" > then

1
AD <O (1 - .
< o= "6r2d

On the other hand, even when A(®) < 5@ (1— g) but A®) = Q (Kzf t) , we still have that for every
i with 5 < 0, by Eq (37):

2
‘5§t+1)| > |5l(t)‘ 0 <’5§t)| _ A(t)) E [wZQ] _ 37700m

o) d3
> 1601 (1-n2).
> |6, y

Hence, as long as A() = Q ('{%Ct ) , we will always have

d2
AHD 5 AW <1 _ n%) .

d

Combining the above with equation (35), we have that

(t+1) _ AFD A oA A0 L 26, L@y
1

N OITNG)
2/€d ’S—O— ’

<AD 4 n%”(s(ﬁysﬁ)y _

Here, we are using the fact that A(_t) < Agf) < 6$)\SS:)|. Now, this implies that when A®) >
max {8/@259, Q <cht ) } , it also holds that

1
(t+1) < A(D) _ )<
A <A n4/<;dA IS
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Case 2. In the second case AY) < —Q (cm%) we shall use the similar proof, but with the as-

sumption that Ep) [w?] € [ﬁ, —}, it holds that when |[A®)] > 5(t)(1 — p), for p = 10i5d.
1
Therefore, we can also conclude:
A < A g LINC)
- 5r3d
The proof follows by a similar argument to Case 1. |

Based on the above result, next we describe the dynamic of the 2nd order tensor.
Proposition 15 (Learning 2nd order tensor) In the setting of Lemma 8, suppose Proposition 7

holds. Assume that for every 1 <1 < d, E ) p) [w(t)?] > ﬁ. For every t < Ty, we have that

(L ., cpoly(si)
r <1 77poly(m)d) n d3 ’

5ED < 50 <1—n 1 >+n0tp01y(m)_
K1)d

5$+1)

IN

B poly ( d?
Moreover, when AW > 0, we have the following improved bound for oL ().
1 ¢t poly (k1)
s <60 (1 —p— R e A
o=t " 4rd i d3
Proof By the update rule, we can obtain (in Eq (34)) that
2
60 =6 — 2y (A0 +61) E [u?] + 3907
0 d3
Let us first consider the case when A(®) > 0, then, for (5( ) > 0, it holds that Epw [w?] > a; > %,
thus,
1 c /42
s <60 (1 —n— ) + 302
=% Mea) TN

ct poly(k1) (t) <o poly(x1)
2 > a2

Now, for 59“), consider two cases: (5(_” > ord. . In the first case, we have

that when |A®)] > (1 — 15d> 5", it must be that IAD)] > Ctpocll#. By Proposition 14, this can

)(5@. Hence, using Ep[w?] > -1, we

not happen. Therefore, we must have |A®)| < (1 - o

have that

"d

2

D) 50 _ (50O A0)) L iR
s < 5 77(5_ A |) PR

Ct/€2

d3’

1
<6® _ps® +3nC
K

which proves the condition. On the other hand when s < %}2’(&1)

¢t poly (k1)
23

, we directly completes the
proof by choosing a larger poly in . We can apply the same argument for J,, and the

improved bound for the case when A®) > 0. |
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A.1.1. PROOF OF THE MAIN LEMMA

Now we are ready to show the final convergence lemma. We first provide the following claim that
shows on average, each coordinate of the neuron distribution lies in a bounded range. This also
proves the first equation of (18) in the inductive hypothesis H .

Claim A.1 In the setting of Lemma 8, for every t < Ty = O( a2 (K))) and every i € [d],

ner, exp(poly

2
t 1 2
we have that E (t) P () [w( )Z] S [Kl’ jl] .

Proof The upper bound follows from 55:) < 59 < 2 50 Epw[w?] < a; + 59 < 2£_ For the
lower bound, we will prove it by induction. Let us assume that the lower bounds hold for ¢ < Ty
for some Ty < Tb. Fort = Ty + 1, denote 7T the iterations ¢t < Ty + 1 where A® > 0, and 7 be
the other iterations. To show the lower bound, for i € [d], we know that when Ep ) [w?] < ﬁ, by
the update rule in Eq (33), we can conclude that:

teT¢ = E [w?]> E [w?], (39)
P(t+1) Pp(t)
2 > 21 (1 _ pA®
teT = E [Wwf]> E [l (1 nA ) . (40)

Hence, we only need to consider ¢t € T, for these iterations, by Proposition 15 we know that

() 50 (1 _p LY 4, cepoly(s)
0y <oy (1 n4ﬂd>+n B .

On the other hand by Proposition 14, we have that when A(*) > max {8/@259, %ﬁ'(m)} , it
holds that:

1
A < A o —

< : dA(t)‘SJ(:)| <A _p L A0
K

4rd

Now, let us define vo = 60 < 2% with y1 = v (1 —npy) + n”pocllw for every t € T and

ct poly (k1) ¢t poly (k1)
a2

Ye+1 =Vt + Nz otherwise. We know that as long as Al > , we have:

AW < 8K,
This implies that

¢t poly(k cr, poly(k
nY AD<p)” <8ﬁ2% 4 PO d};( 1)> < R deY( D sy 4 n8K> Y v
teT teT teT

1
<1+ 8k2 (4rd) (70 4Py (1)

pE X T2> < 2+ 64k* 41)

Using equation (40), we have that

P (To+1)

> oo {n 3 A0 < o120
seT
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Together with Eq (41) we conclude that Ep(7,+1) [w?] > ﬁ. By induction we complete the proof.
|

Based on Claim A.1, we prove Lemma 8.
Proof [Proof of Lemma 8] Clearly, by Proposition 15 once 55:) or 59) < %ﬁ’(’“), they will stay
within the interval for the next iterations. By Proposition 14, after both 55? and (59) < %ﬁ’(m),
we know A(®) will be within the interval as well.

Hence, we just need to consider the first time that 55:) and (59) goes outside the interval. Fol-

lowing Proposition 15, we know that when 55:) > %ﬁ’(m), it holds:
1
5$+1) < 5_@ (1 —p—

which gives the convergence error rate of d after 77 iterations. The same holds for 5@. |

Finally, we have an estimate of how big each coordinate is for the neurons at the end of Stage
1.1, which can be given by the output layer weights {ai}le. We show the following claim, which
will be used in the proof of Stage 2.

Claim A.2 (The end of Stage 1.1) In the setting of Lemma 8, at iteration T} (recalling that T} =
@( poly(k1)dlog d)

; ), for every v € S, and every i € [d], we have that

T poly(logd
o) = (asd)ol” = dg/Q)

Proof Let us first show the upper bound. For every v(9) e Sy. By the update rule, we have that

D vZ@ —n(A® + 51(”)““) - U[V(ztzl,v]i'

7 [

Using Proposition 13, we have that:

(”fm))Z < (”ft))Q —2p(A® 4 51y (v§”)2 + [V Jwol” + 720 (;2)
0

2 C rak kK _ 1
< (o) (1= 20080 4.6) + 05 (% + S0l tl) P 4720 (55 )
0

On the other hand, we have that by Eq (33), it holds:

2

W] > (1 - 29(A0 1 69)) E [u?] - (:mcct“)

plt+1) N0 d3

Using Claim A.1, we have that E [w?] > ﬁ, which implies

2

CtRK™R CtRKR
g+ (1005 4 0 (S5 4 ol ) 0P

(R 0%
d? d

3 7
Ep+n[w?] ~ Epe [w]
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Similarly, we also have that

2

(U-(Hl))2 (U@)Q CtR™ K1 CthK1 _ ()
i > i _ 10C C (t) - () ~ 2
f ] S B o+ O (25 0Ol [0 ) [0l

Using these two inequalities, with the conclude E ) [w?] € [ﬁ, %’“} in Claim A.1 and the assump-

tion about initialization of S, which says that for every v € S, |0\ |00, |09 || < M, we
can conclude that for every v(¥) € S, we have for every ¢ € [T1],

()2 _ ") _ poly(logd) W)
Epw[wf]  Bp,[wy] d

(®)

;~ will be close to zero, vi-
]
Epary[u?] — ;] < <22y02)

Note that vz-(t) do not change sign during the gradient process (otherwise v

olating the above inequality). Since Ep,[w?] = % and by Lemma 8,
This implies that

T poly(logd
o) = (asd)ol” = dg/2)’

which completes the proof. |

A.2. Stage 1.2: Proof of Convergence for Higher Order Tensors

In this section, we prove Lemma 9, which shows that by the end of Stage 1, a small fraction of
neurons have won the lottgry ticket by growing much larger than a typical neuron. This stage runs
for approximately @K(ﬁ) many iterations (or 7 — 77 more precisely). The proof of Lemma 9
is organized as follows.

e First, in Proposition 16, we show that the dynamic is mainly determined by the 4th order
gradients by bounding the gradients contributed by the Oth and 2nd order terms so that, as
described in Section 3.1. Based on this result, we can relate the dynamic of this substage to
tensor power method.

e Second, we provide a lower bound on the norm of every neuron in Claim A.3. Based on this
result, we prove Claim A.4 that shows the growth of good neurons. This leads to the proof of
Lemma 9 in Section A.2.1.

o Finally, we prove the inductive hypothesis H; in Section A.2.2.
We describe the following proposition to bound the gradients of 4th or higher tensors.

Proposition 16 (Gradient bound for Stage 1.2) [In the setting of Lemma 9, suppose that Proposi-
tion 7 holds. Consider any iteration t € [11 + 1, T3] and any neuron v € S,. Suppose that for every

s<t, 090 < m\}ggd). Then for every i € [d], the gradient of v at iteration t satisfies

¢t poly(k
—[Vali = Braaies, o) (e;, 002 + 22 d§(1) o).
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Proof The result mainly follows from combining Proposition 13 for the gradient coming from 4+
order terms with Proposition 8 for the gradient of 0, 2 order terms.
The only remaining term is

‘ (Z ar(er, v (e, T)(t)>3> 1‘)@@

Hence, we have

(t)H4

K K ||U

< = ®) (=13 | 15®) < I 4, () .
d (2?}7” (U’r‘ ) ‘vz ’— d”’U(t)H%‘vl ’

(1) 114
IS
T g

¢t poly (k1)
2

0], (43)

)

_[vv(t)]i = B174ai<ei, U(t)><ei, @(t)>2 4

By the definition of S,;, we know that at T every v € S, satisfies

(T1)|2 S klogd
¢ - d

1
[o™))|2 > o and for at most O(log d) many i € [d], |v
K

We will maintain the following condition by induction.

1 1
|0®]2 > T and for at most O(log d) many i € [d], vi(t)lz > CtpodM. (44)
K
Now suppose the following is true at some iteration ¢ > 77, then we have that
[l _ cpoly(sn)
@3 = d
Thus, for iteration ¢ + 1, using Eq (43) we know that
¢t poly (K 1
O = GO+ aBraadel”Ples o) 2 PO 120 ().
0
Hence, we have that for every i with ]vZ@ |2 < %, it holds that
t+1 t ct poly(k1)
()2 = (p{D)2 (1 T ) . (45)
Hence for every ¢t < 75, as long as \UZ(TI) |2 < %’“)Ct, we have:
t+1 2 (r 3, (T
(Uz( ))2 c [3(1)1( 1))2’ 5(”1( 1))2} ‘
This proves inequality (44) for ¢ + 1. |

Next, we use the following claim to maintain a lower bound on the norm of each neuron.

Claim A.3 (Norm lower bound for Stage 1.2) In the setting of Lemma 9, suppose Proposition 7
holds. For every v € S,, the norm of v at any iteration t € [Ty + 1, Ty] satisfies ||[v|3 > Q (1).
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Proof By the update rule, using Proposition 13 we know that for every p € [d]:

—[V,0lp = Z <Bl,zjap<ep,v(t)><ep (t)>2j 2_p, 2 (Z ar(ey,v (t)><6r,z_1(t)>2j_1> @I()t)>

j>2
L poly(k1)

P2
(vp)9! Z.anlo vy ¢ poly (1)
_Z< L,2j0p7 1252 — Ba; z(ﬁt) + a2 Uz()t)
= [0 @113’
¢t poly(k
=o0Q\M + tpdz(l)v},”, (46)
where
@2 D)
Q(t) — (Bl 2jap B2,2j r 4
’ ; [ECTHE lo® 157
(t)\25—2 Z ar(Uf(“t))
=2 o tu2ﬂ = PR B = e ) “n
j>2
We have that
) (£)\25—2 >, ar ()% )2
Z( ) Qp _ZZH’U 2j-2 Biajap(vy’) _B272JW ('Up )
p p 3>2
=22 g ” : (Bl’zjap(”’(’t e (Zar oy ))
p j>
1 .
= W(Bl 25 — B2,2j) (Z ar(vﬁt))%> >0 (48)
71>2 r
This implies the following
¢t poly (k1
o018 2 o] (1 -5 4P ). )

Combined with Proposition 16 , we have that for every neuron v, |[v® |3 = Q (L) for every t €
[Ty, T3). m

A.2.1. PROOF OF THE MAIN LEMMA

Provided with the gradient bound and norm lower bound, we are now ready to prove the main result
of Stage 1.2. Towards showing Lemma 9, we prove the following claim, which shows that if a
neuron has grown beyond %‘Dgw)

like at iteartion 75.

at a certain iteration 77, then this neuron will become basis-
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Claim A.4 (Growth of good neurons) In the setting of Lemma 9, suppose that Proposition 7

. . . d
holds. For every v € S, suppose at iteration T} (recalling that Ty = Ty — 7 poly Tog(d) ), only oze
(log d)

. . . T 10 . . T
coordinate i € [d] satisfies |UZ( 2)| > bgﬁd and all the other coordinates satisfies ]vj( 2)| < 17,
then at iteration Ty, we have that

( 1 2(log d)?
Ao poly(d) vd

In other words, the claim says that for neuron v, its i-th coordinate at iteration 75, denoted by

> > poly(d), and for any other j # i, |v§-T2)| <

\UETQ) |, will be as large as poly(d), which implies that this neuron has won the lottery. We describe
the proof of Claim A.4.
Proof We shall prove the claim by doing an induction. Consider the condition |v§t)| > %\}ggd)

and all the other coordinates satisfies ]vj(-t)\ < % for t € [T4,T]. Suppose it is true up to

iteration #, consider iteration £ + 1. When p = 4, we have that a;(v\”)%~2 > a,.(v{"’)%~2 for every
r # 1, hence this implies that (using the fact that By o; > B» o, and B 4 is greater than By 4 plus a

fixed constant):
00 — o (@ _ g (polylogd) | aifof”)
lv®13 ? @13 )
where Qgt) is defined in the proof of Claim A.3. With equation (48), this implies that

(2
@) 2 ()2 (1 2 (pdyaog Dl ,)2 )) , (50)
2

2 [o®

which provides a direct the lower bound on (UZ(HI))Q. Now, to show the upper bound of the other

coordinates, recall that we have shown |[v(®[|2 = Q (1) for every t € [T, T),

1 . log®d
t § t)\25—2 2
W= (1l ):O(R & )
J=Z

This implies that

8
(U£t+1))2 < (U](Dt))Q <1 +77020 <IO§2 d>> .

2(log

Hence we prove all the other p # i satisfies \v;,(,t | < f aslong as Tp — T < which

d2
nlog®(d)”

and all the other coordinates satisfies

complete the induction. In the end, since |v | > pdy\% d)

\ | < lo%d) for every t € |14, T, we can further simplify Eq (51) as:
(®)y2
(+0)2 5 (02 (14 £ 51
(v >_<Z>( s ) &)
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which directly gives us the bound |vi(T2) 2 =0 <m) at iteration 7. u
Now we are ready to prove Lemma 9. We define the union of good neurons as
Sgood = {v €S, |3i€d],[v"]? > T; + pand all other j : [U(O)}JZ <TIj;— p} ,

where we recall that I'; and p have been defined before the statement of Lemma 9. In the proof, we
focus on the dynamic of a neuron v until the point that ||[v||s > %\/ggd). The key step is to track
the dynamic via a tensor gradient update.

Proof [Proof of Lemma 9] We focus on proving the following three statements.

1. Forevery v & Spots [v®]|00 > %\/zgd) never happen for any ¢ < Tb.

2. Forevery v € Syood,

0|0 > %\}ggd) must happen for some ¢ < T} and when it happens,

the condition in Claim A.4 meets for i = arg max;c[g) {vj(.o) }.

3. For every v € Spot\Spads ||V |00 > %\/lggd) might happen for some ¢ < T3. If |[v(®)| oo >

poly(log d)
Vd

i = arg maxc(g) {’UJ(-O)}.

happens for some ¢ < 75, then the condition in Claim A.4 meets for the coordinate

The first and second statement of Lemma 9 follow by combining the above three statements and
Claim A.4. The third statement can be proved by standard anti-concentration inequalities for the
Gaussian distribution. For the rest of the proof, we focus on proving the above three statements.
We know by Proposition 16 that when [[v(®)]|o, < %\}ggd) the update of v(*) at every iteration
t € [Th,Ty] is given by

ol
—[V, )i = Braai{e;, v®)(e;, 1) + Ctpd}gwfvz(t”

cipoly(k1), (1)
+ lv;”].
EET e

t))3

(
= Bia; (v,
) ’/U(

For every i, consider a process where p(T1) ¢(T1) = UZ(Tl), with
2

¢t poly(k
4D = g® 4 pg® ( Biaas(q®)? — tpdg(ﬁ) '

ol
P Z p0 (0 ( Briai(p®)? + CtPW) 7

Along with Eq (53), we can see that for every ¢ where ||v() ||, < %\/lggd),

1
®)] > v(t) Xmax{l,},
Pl o2

1
®)] < v,(t) xmin{l,}.
7] = o7l [v® ]2
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To analyze this process, we introduce the following differential equation

dx(t) 3 2
=TT z(0)° = 7.
dt 14, ( ) 2
The solution is given as 2%(t) = — 127 - Therefore, we can easily obtain that as long as p =
5_ 1
1 S
Q (%W), when 71 = By 4a;, 12115 = ;12 which implies that 75 = n2T11T2, = "72(b4+1b£1)aiT2/’

we have that
WP 27+ p = 1g™] = +oc.

On the other hand,

2 3
WP < —p = PBP=0 (72> =0 <10gél d) .
p

In the end, by Proposition A.1 and the definition of S, (Eq (16)), we know that for every v € S,
and every i € [d], we have that

T poly(logd
o) = (asd)ol” = dg/2)‘

Putting into the definition of 75 we complete the proof. |

In addition, we state the following claim that will be used in Appendix B for the error analysis.

Claim A.5 (Upper bound on gradient norm at the end of Stage 1) In the setting of Theorem 4,

at the first iteration t where |Jv®||3 > /\—10 i.e. the threshold where gradients are truncated, we have

that

t—1 1
S e, < o (P tdoen )
s=1 N

Proof When |52, < ﬁ(m)’ we have that for p = arg maxre[d}{ar(vﬁt))Q}, the following
holds

, 1 ~ S ap(vi)2i
—-9. - , (t\25-2 _ L Gr\Vr )7
T e <B< A N O

(t)y25
1 j r\ Ur J
i22—— (31,2jap<vg>>2a2 - BZQ].EM@))

lo® 572 lv® 13

(t))Q

_of @) 2)15(0) 254
_o< G ) x (R250)2 ).
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The above implies that as long as ||7(!||2, < m, we have:
1
max{a, t“ > max{a, v()? (1 + nQ2 ( 0|2 )> . 52
(o)) = maselar 00)2) (1496 (Sl (52

After that, when ||7()||2, > m’

3, ar(vl)yt
[v®]2

we have that [|[o(®) ||

15, > m as well, which implies

> o0 >
~ kd poly(k1)d’

Hence, as long as ||7® |2 Eq (48) implies that

0o = poly(m)’

1
D2 > 1,02 (1 )
*) o ||v v + .

On the other hand, we also have for every iteration, by Eq (49):

¢t poly(k
[0 D13 > (o3 (1 - ntd2(1)> . (53)

The above implies that (*) can only happen for M log /\io iterations until the norm of v is too
large and gradient clipping happens. For these iterations when [7()[|2 > ﬁ(m)’ we can also

easily see that
max{a, (of)2) 2 max{a, (o2} (1- 00 (£)).

For all the other iterations when ||7(®)

1
o

1% < m we have Eq (52) holds, which implies that as

long as oD} <

—1
S92 1 o Poly(k)d 1
772_: 05 < poly(fﬁ)dlog S d , log "

1
< poly (1 )dlog 5

A.2.2. PROOF OF THE INDUCTIVE HYPOTHESIS

Verifying the inductive hypothesis 7{; during Stage 1. Proof [Proof of Proposition 7] Note that
the first part of equation (18) has been shown in Claim A.1 — the second part can be shown via
a similar proof of Claim A.l. For the rest of the proof, we focus on proving equation (17). The
construction of the sequence {ct}tTil will be shown below.

By inequality (42) in the proof of Claim A.1, we know that for every v(?) Sgand t < T, it
holds that

(") _ (")? | poly(logd)
Epo[wf]  Ep,[w]] d

(54)
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which implies that for every ¢ € [T1], ¢; < 2k1Kco. Now, we focus on ¢ € [T1,T»]. By Lemma 8
,we know that for every ¢ > T , we have that

0 <) () _ ctpoly(k1)
Al )’5+ oW < =

By Proposition 13, we have that for every MONS S, ‘ [V>4 U(w} ‘ < %d—ﬂvy) |. Hence,
-5 1/

P ly
This also implies that

¢t poly(k
o1 = o1 (1294 P ). 69

Hence the above implies that

¢t poly (k1)
PR A

41 < (1 +n

Iterating the above equation over ¢ gives us the sequence {ct}tTil. By maintaining that for every

v € S, the norm of v at iteration ¢ satisfies ¢; < poly(k1)co and the fact that T < d2

: _ . = Teopoly(r)> W
have verified the running hypothesis .

A.3. Stage 2.1: Obtaining a Warm Start Initialization

At the beginning of Stage 2, we reduce the gradient truncation parameter. This allows the basis-like
neurons to continue to grow and we can obtain a warm start initialization at the end of Stage 2.1 in
the sense described in Lemma 11. The proof of Lemma 11 consists of the following steps. First,
we analyze the Oth order term in Claim A.6 and A.8. Second, We analyze the 2nd order term in

Proposition 17. Combined together, we prove Lemma 11 in Section A.3.1.

Notations for gradients. To facilitate the analysis, we introduce several notations on the gradients
of a neuron v. We separate the gradient of v into several components at the ¢-th iteration as V,, 2; =
Vv,?j,sig + vv,?j,—\pot + v1),2]‘,bacl + vv,Qj,pot\bad’ where each term is given by

Vaju,sig =— Bi,2; (Z ai(e;, v) <€v:777>2j2€7:> + by (Z ai<6uv><6u17>2j1> v,

Vv,2j,ﬁpot :Bl,gj <w(t)~73(IfE): s <w(t)’ rU> <1D(t)7 5>2j2w(t))

/
— by

vv ,27,bad —Bl 27 (

’w(f)NP(f) JWEShad

© W w®. 5252 w® ) ) o
w () ~P(t) w¢8p0t<w 7U><w "U> <w 7U>) v

(w®, v (@ ®, 5)2~ 2w<t>)
<w<t>7v><w<t>,v>2j2<w<t>,v>) .

vv ,24,pot\bad =B 2]

(w(‘> ~P )] JWEShad

<w(t) v)(w(t) >2J 2,0®
w® ~P ) ’U}espof\sbad

(t) () 5\25-2/,,(8) &\ ) 5
w' o w'", v w', o) | v.
(w(”NP 'wespot\sbad< >< > < >>
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1.01
Dynamic of Oth order tensor. Recall that this substage runs for 73 < w iterations. We

first focus on the update of the Oth order term A®) | Let k9o denote ePoly (k1) We show the following
claim.

Claim A.6 (Dynamic of Oth order tensor I) In the setting of Lemma 11, suppose that Proposition
10 holds. Let § be any value in the range [M, é] When A®) > 8, for any iteration t €
[Ty + 1, T3], we have that

wNP(t) HV L ( (t))H% > 9) (d254//{,) ‘

Proof Let us denote &' = min{J, W}. We shall see that when A(®) > §, then for every i

with 5ft) + ’Yz(t) Z a; — WM, we have that

—AY 1 Ci(ai - B =4y < 35

Therefore, using equation 59, we have that
[Vuli = 2(5"6%).

w~P®) wESpot !

On the other hand, when 'yi(t) >a; — we have that

6/
3max{C1,C2}’

=AY 4 Oy (ai = B =4 + Calai = 2)") < _g'
This implies that

E V'w 2 =0 (”52
wNP(”,wESi,pot[ ] ( )

In either case, we have that as long as BZ@ + ’y(t) > a; — it holds that

6/
% 4 max{C1,C2}’

s wapza (Lo i),
’U)NP(t)’w K
Notice that

®) (t ) - 6—’
Z[ﬁ +; }Bu)ﬂ() <1 d4maX{Cl,CQ}‘

<a;— x{C1,C
icld] 4max{Cy,Co}

Using A®) > 0, we obtain that

(t) (t) 5—/
DI i PRSP A e (WAL

2a;— x{C1,C
icld] 4max{C7,Cq}
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which implies that

S E [vw]§29<2(5')252>.

~ D(t)
.

Next, we focus on the other side when A(®) is negative. We first show the first lower bound on
the neuron mass.

Claim A.7 (Lower bound) In the setting of Lemma 11, suppose that Proposition 10 holds. Then
we have that for any t € [Ty + 1, T3], the following holds:

51@ + %-(t)

~ poly(k1)d’
Proof Initially at £ = 0, we have that L ( ) ( )) Now, for every § < %, when
A®) < 5. we know that as long as Bl-( + ’yl( ) <a;— 2‘5 and f3; ) + fyz( ) > pOI;( > We also have that

6575—&-1) +%(t+1) > Bz‘(t) +

1

Thus, when ﬁi(t) + fy.(t) < %, it can decrease at next iteration ¢t + 1 only when § = () (é), in

1

which case, the total decrement is bounded by exp{—n>_, IAD|1 A®>g)- Therefore, taking

6 = O (), with the fact that ﬁfo) > -1 we obtain the result by combining equation 57. [ |

Based on the above claim, we move on to the case when A(*) is negative. We show the following
proposition.

Claim A.8 (Dynamic of the Oth order update II) In the setting of Lemma 11, suppose that Propo-

sition 10 holds. Let § be any value in the range [% ~3]. When AW < -5, we have
§3d
Vo Loo(PY 2>Q<).
B (P2 = @ S5

Proof We shall see that when A®) < —§, then for every ¢ with ﬁi(t) + %(t) < a;+
we have that

[
12max{C1,C2}’

—AD 4 ¢y (a; — B =41 > g(s.

Therefore, we have that

E [Vl =0B"8).
w~P®) wESpot

On the other hand, 7@ <a;+ m as well, this implies that

(2

(o9

—A® ¢ C1(a; B(t) t)) + Os(a (t)> 2

w
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This implies that
Vul? =0 (16?).

wNP(”,wESZ‘,th

Combining both cases, we have that

E (Vo 20 (0 +80)0%).

wNP(t) ;W

Notice that A(®) < 0. This implies that

i L,d d?
Z 15<t)+’y(t)>az 5/ =d-—) (Hnn{ﬁg}> )

ze[d +12max{C1 Cy}

Using the Claim A.7, we have that

® - ® od
1 / Vo)
Z B+ <ait mrmmdeooy 7+ 7712 poly(k1)’

which implies that

2 i 1
E (V2> 0 ) mln{ﬁdﬁ}d '

Claim A.9 [In the setting of Claim A.6 and A.8, for every T € [Ty + 1, T3], the following holds:

n ZT: IAD] =0 ((77T10061Zy(f<61))3/4 i (nTpocll}f(m)>1/2>

t=T>+1

Furthermore, we have that:

n Z ®| < (logd)®® (56)

t=T5+1

Proof To prove the above equation, we consider two scenarios. Using Claim A.6, for every § €
[d%s, é}, we have:

T 3
(t) —of
nt;HA |1A(t>>5_0<d353). (57)
=12
Using Claim A.8, we have:
a poly (1)
(*) - POVARM)
ntTZH\A \1M<_5_0( 553 > (58)
=12
Combined together, using the fact that 73 < dl%lmd, we obtain equation (56). |
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The masses of potential neurons and bad neurons. We now focus on the update of 'yi(t) and @-(t).

We first prove the following claim on the dynamic of the potential, good, and bad neurons. Based

on the claim, we can obtain the update of 'yi(t) and Bft). Let x5 denote eP°Y(%1), For any i € [d], let

’Ay-(t) =E, w(t)z.
i w NP(t),weSi7good %

Claim A.10 In the setting of Lemma 11, suppose Proposition 10 holds. There exists fixed constants
C1,Cy > 0 such that for any t € [Ty + 1,T3] and any i € |d), the update of ;") 5i(t) satisfies that

R oly(ka)er \ .
57 = (180 4 s = 50 =) 4 nCalas = o?) £ P ) 50,

Moreover, when ’yi(t) > , we have that

1
= poly(d)

oly(ka)c
W= (1 = A+ nC(a; — B =) + nCalai — ") + npycg;)ﬁ 7.

The above claim implies that the update between the potential neurons and those not in the
(t)

potential set differs by a multiplicative factor of a; —~; . Intuitively, this gap allows us to show that

the mass of potential neurons will converge and reduce the value of a; — ,),i(t). On the other hand,
the mass of bad neurons BZ-(tH) will remain polynomially small throughout the update, since its
increment only scales with poly(ks2)c;/d? every iteration. We now describe the proof of the above
proposition, which is based on a simple claim that bounds the gradient from irrelevant neurons in
equation (59).

Proof We first show the following claim. For every v € Sy, every i € [d]:

< (ct poly(k2)
P2

‘ [VU,Zj,sig + V'U,Qj,‘!pot + v1),2]',bad + v11,2]’,pot\bad - V?j,v,sd]i > > ‘U’L| (59)

To see that the above claim is true, for v ¢ Spo, we can bound V., 25 —por as in Lemma 13. For
v € Spad, We can bound V,, 25 pqq directly using equation (22). For v € S; o¢, We notice

1
E wlz <
WP WESpot, ||w]| 2 <d lollz < poly(d)

On the other hand, when v € S; ;o and ||v||2 > d®, we have that || — ¢;|2 < di‘l by Eq (21). This
implies that for

Vajosa i= — (bay + bh;) (Z(ai —;){ei, v) <€i7'U>2j—2€i> + by, <Z(ai —i)(ei,v) <ei,v>2j‘1> .

i i

By plugging in the claim in the beginning of the proof into the gradient update rule, we can prove
the update rules for each set of neurons. For every v ¢ S, and every ¢ € [d], we have that

v§t+1) _ (1 _ gA(t) T U%(ai _ 5i(t) _ ’Yi(t)) + npob’égﬁ)ct> Uz(t)'
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For every v € S; pot With |v;] > db, we have that

C oly(ka)c
W — (1 — JA0 4 n—Hai = B = 4" +nCola; - ") £ npy{i{gzh) o (60)

For all other coordinates j # 1,

n C poly(k2)c
v](tﬂ):( A0 45T a; = B0 ) c(l22) t)vj(t).

By applying the above results on each set of neurons, we obtain the result of this claim. |

A.3.1. PROOF OF THE MAIN LEMMA

We are now ready to prove Lemma 11. Based on the dynamic of Oth order tensor and the update of
the 2nd order terms shown above, we prove the following proposition that shows Bi(t) + 'yi(t)
be too far away from a; for too many iterations.

(*)

Proposition 17 (Bounds on Bi(t) + 7, during Stage 2.1) In the setting of Lemma 11, suppose

that Proposition 10 holds, then for every t € [Ty + 1, T3], we have that

cannot

7 Z — B — 7| < (log d)** (61)

s=Tr+1

1 .
Moreover, for every 6 < Toora We have:

t

s s pOIY(KQ)
n D Dg6) 1) 50,401% = B —1=0 <dg53) : (62)
s=Tbr+1

Proof Let us construct an auxiliary function

) = ( B(t) zt)> + (s (ai — ’yi(t))Q .

We consider an update step, then it holds that as long as Bi(t) + %@ < %(“2), using Claim A.10,

the update of ®(*) is given as:
2 2
(1) =9t — 2 (c% (=B =2") 89 + (Culas = 87 =) + Cafai = 1) W))

ol
2080 (4 (o - B0~ 0) (89 +9) + €3 (a1~ 10) (41)) £y PO2),

This also implies that

2 2
D) <a® 2 (c% (ai = B9 =12) 80 + (Cras — 69— 4) + Calas — 1)) W))

poly(x ¢t poly(k
NG dg 2) 0 d4( 2)7
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which implies that for every ¢ > 0:

D) < (1) +77A(t)|p01§§/{2) nCt po;i](m)' 63)

Hence, consider the case that Bi(t) + %.(t) = a; — p® for p¥) > 0, we have that yi(t) < a; — pW.

Hence in addition to Eq (63), we also have (using Claim A.7):

1 poly(k2) ¢ poly(ka)
) < o0 oo L 0y A .

Note that originally ®® = O (%) using the fact that ﬁi(o) < 2a; and ,yi(()) < m, with

Claim A.9, we have that for T' < % log' Ot d:

(log d)0'81.

SHN

t t
15 Lzl 472108 =
t<T

This implies that

1 1
TIZ 1/B(t)+,y_(t)<ai(ai - 51@ - ’Yi(t)) < \/Ud(log d)0-81 x T < §(log d)®9.
1<T % i =

Similarly, we can see that when Bi(t) + 7@ = a; + p for p(!) > 0, then either Bi(t) > p(t)/ 2 or

(2
%.(t) > a; — p) /2. In either case, we have that

1 poly(k2) ¢t poly(k2)
D) « ) _ p [ — = (p,®)3 A® _

Hence we can also show that

t t
UD DR INCIN C B =) <
T

t<

(log d)®9.

| =

Eventually, consider for every § < ﬁ, when 6§t) + fyi(t) > q; + 0 and ]A(t)] < polgim)é?’, then
we also have

pt+) < g _ o (L g3) 4 cePoly(se)
poly (k2) d

Using equation 58, we obtain that when 7" < T3,

o0 _ (0 _ o (Poly(s2)
nt<T 1ﬁ§t>+vft)2ai+5‘az B = |_O< d>6° '
n

Based on the above proposition, we are ready to prove the main Lemma of Stage 2.1, which
provides a warm start initialization at a certain iteration 75 = O(dlogd/n).
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Proof [Proof of Lemma 11] We first define 75 more precisely. We note that initially, for any i € [d],

o) -(0) < 1/poly(d) by construction. Using equation (56) and equation (61), by working on ’Ay-(t) and

NOPND '

noticing that 4, , we have that there exists an iteration () = O(dk log(—%;)/n) such that
Vi

at this iteration, vT( K > We shall fix T to be the maximum of 7*) over i € [d], which is on

the order of ©(dlogd/n).
Next, similar to the proof of Proposition 17, we consider the function

o = {0 (0= 17 =ol?) €2 o)

Let 7 be the coordinate that achieves the maximum for the function above. We show that

10d

2 2
ol < o) — 2 <C12 (ai - Bi(t) - ’Yi(t)) B + (Cl(ai - ﬂi(t) - %'(t)) + Ca(a; — %'(t))> W(t)>

poly(k2) ¢ poly(ka)

+n]A®)| P n—

Let u = Cy(a; — Bi(t) — fyz-(t)) + Co(a; — 'yi(t)), v=_=C(a; — BZ-(t) - ’yi(t)), we have that
oW = (u—1v)2 4172

®) 1

w1thﬁ = C_Q” — &+ So we have when v, > Wm)d’
2
_ 1 poly(k2) ¢ poly(ka)
D) < o) _ 9,2 H—v vy A®) .
= w Co 1 PO1 (K )du i | d? I d

When &) > §, we have that either ;2 >

> %0 . In the first case, we have
that

5 + 77|A(t) | pOlY(HQ) Ct pOly(l{,Q) ‘

t+1 t
o) < o® —y) = n i

1
poly(k3)d

In the second case, we have that

poly(k ¢t poly(k
B < B0 () 4 ya® P8 apolvins)

Combining this equation with the bound in equation (56), we know that for § = m, we have

that ®® > § can only happen for at most dlog”?d many of the iterations within t € [T, + 1, T3].

Combining the above with equation (58), we obtain the desired result. |

A 4. Stage 2.2: The Final Substage

In this section, we present the proof of Lemma 12 for the final substage. In the end, we prove the
running inductive hypothesis H; in Proposition 10.
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Proof [Proof of Lemma 12] Suppose the lemma holds at iteration ¢, then using the condition at

iteration ¢, together with o0 =0 (W , we have that
Vi d'(t)> . 17 d(f/)<71 64
(S [ ] . ’Y’L Z a; — dlog0.00I d an Bl — dlog0.00Id ( )
Define the following function
Cors
7= C1(a; — B —vi) + 3 _2?;1 (ai — i),

Then we have the following

1
BIFD (4D _ (Bi(t) N Vzgt)) (1 —nA® 4 4 el ya(]?)q) ‘

(t) < poly(r2)et
I

Similar to the proof of Lemma 14, we have that as long as A and

1
A(t) > (11— (t)‘
+ —< polym))‘S

Then it must satisfy that A(frl) < Agf) (1 — nm) Hence, if the maximizer of ® is A,

Then it must be the case that

1
AU <A (1~ ).
=Tt ndpoly(/ﬁ) (63)

1
poly ()

Now, consider another case when AY < (1 — ) (5@, let 7 be the argmax of {7;};¢[q, then

we must have that

1
B |+ (Bi(t) N ,7'(t)) <1 —pA® 4 pp® 4 PO y(m)a)

7 7 d2
o . _® 1 @  poly(ke)c
> (B A 1 0 —p————.
- (ﬁl 7 > ( * npoly(/{) -
Hence as long as 59) > %, we have that
1
B 44 > (9 440) (1 +n 6“)) . (66)
poly (k)
On the other hand, since
oly(ks)c
%'(H_l) = i(t) (1 —nAY £ 00y (a; — Bi —vi) +nCa (a; — ;) £ 77pyC§22>t>
5 0 (1 A0 4 ps® npoly§§2)0t>
> 4 (1 o 5@) . 67)
poly(k)
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Notice that
f(vi) = i (a; — %)

is a decreasing function of y; with slop at least 0.5y; when ; > %, which holds true using Eq (64).
Combining Eq (66) and Eq (67), we have that if the maximizer of ® is §_, the following is true

1
5D < s+ (4 ‘ 6
- - npoly(m)d (68)

Consider another case when the maximizer is A_. Similar to the proof of Lemma 14, as long as

A(_t) > polyt(lgz)a
AOs (-1 5O
- = poly(k))

Hence, if the maximizer of ® is A_, then it must be the case that

, we have that

1
A < AO (= ), 69
T poly(x)d ©
Moreover, using the fact that when AY < (1 — p01;(5)> 5@, let i be the argmax of {—7;},cq),

() oly(k
> P yc(122)

then we must have that as long as & “t we have that

(1) |+ (g0 0 (1 _ 1 (t)
ATl < (10 450) (1 )

Consider two cases.

1. The maximizer is d;. Then we must have that for every ¢ € [d], Bl-(t) < C(SS:), then we must
have that a; — fy(t) < Cdg:) as well. Hence, it holds that

(t+1) (1) (1_ L 0 Bi . _ gt)>
T =" nPOIY(H) * n%‘+ﬂz’( %)
(®) ®) (t)\2
<4 (1= 51 + n2rd(Co )
E ( Tpoly(r) "+ T (GoF)
0 1 <t>)
< A 1-— 1) .
= ( Toly (k)

Hence if the maximizer of ® is ¢, it must be the case:

(1) o g+ (1 _ 1
=0 < Tooly(r)d ) 7o

2. The maximizer is 1. Then there is a j € [d] such that Bj(-t) > C’(Sﬂf) , ﬁj(t) > 6" and B](.t) >
C|]A®|, we have that for this 7, it holds: let S = C (ﬁ](»t) + ’yj(-t) — aj) and p = (a; — fy](t)),

we have: if p < %BJ@, then

S >0 —201p > %ﬁ§“ > 2|AM),
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On the other hand if p > iﬂ(-t), then using (5@, we have:

—S—l—pgég).

This implies that

1
§>p—6® > 45“ 5O > |A®] + ,3]

Hence if the maximizer of ® is 3, it must be the case:

poly(k2)c
ﬁj(t+1) _ l@j(t) (1 _ nA(t) —nS+ nyc(p?)t)

1
< g (1 - n86§”> . (71)

To sum up, the result follows by combining Eq (71), (70), (69), (65) and (68). |

A.4.1. PROOF OF THE INDUCTIVE HYPOTHESIS

Verifying the inductive hypothesis 7{; during Stage 2. Proof [Proof of Proposition 10] We
first verify the inductive hypothesis for ¢ < T3. The bound for v ¢ S, follows from Claim A.9
and Proposition 17. We prove the bound for v € S, by tracking the gradient descent dynamic.
Following Eq (46), for every neuron v, and every p € [d], define

(0§22 >, (ar — 1) ()2
t) — QZ (Bl 2] ()) p HZ] 5 — 3272]' H2j R
2

i>2 ” ||v(t)

t ( (t))2'—2
) _QZ BlQ] ())W .

7>2

Hence, using Eq (59), we have that for every i € [d]

2 2 ¢ poly(k
[oD]" = [o?)] (1 —nA® 400y (a; — B 4 ) + QY + nW) NG

Hence, we have that for every i, j € [d],

(t+1) (t)

Now, 1f\v |2 ]v |2 <

, we also have that

2 2
(1+1) ®)
Uy Uy c; poly(k
[ } = [ L (1+n01(aiﬁ§t)Vft))nCl(ajf)fgt)ﬁt))int dg( 1)>-

48



LEARNING OVER-PARAMETRIZED TWO-LAYER RELU NEURAL NETWORKS

This implies that

(t+1)]? (0)
[UiH } = [ Z L ex p{:thC Z <|aZ 6“ \—i— la; — t) ’yj(-t)|> :I:nctp()lyml)t:l:n?t}.

2 2
W [0 d

Hence using Proposition 17 we show that when [3\”)|2, |v(0) | < 9 then 22, lﬁj(t)\Q < & oas
well for every ¢ < T3. Now, we need to give an upper bound on the the coordinates of the neurons.
For every v ¢ Spot, we know that all coordinates j € [d] satisfies that |17](.0)\2
Eq (72), we have that

< . Hence, by

o] < [o0] (1m0l = 80 =201+ a0 )

<

—

2 2
Uz(t)} <1 +|AD] +nCyla; — B — 4] +”“d2) '

Hence we have that

[fuz(tﬂ)r < [vﬁo)} exp nz <\A | + Cila; — Z (#) ’yi(s)|> —i—nnit

s<t

Hence using Proposition 17 and Claim A.9, we have proved Eq (20) and Eq (21).
Next, we proceed to the norm of neurons v € &; go0q- For this neuron, using the fact that

|vi(t)| > d5 and equation 60, we have that

oly(ko)c
o = <1 — AW 450y (a; — B — ) +0Cala; =) £ yc(zz 2 t> v,

Hence, for every ¢, using Eq (61) we obtain that:

ok
WQ z [ d} 2 Aopolly(d)'
(0) |2

Notice that for every neuron v € S;, we have that ]17 C; can happen for at most O (log®°! d)

. (t+1) ®12 .
many i € [d]. Denote this set as Q,,, we have that / v, | is at most

)

¢ poly(k
19 4 0o~ 50 —2) 4 nCala~ 1) 400 | 30 [0 —ap)t |+ RO
PEQy
1
<1 A" 4 nCi(a; — BO — ") +nCala; - +nO(Z|a—5<f>—wp |> paRot)
PEQ,

Hence, for every t < T' < T3, using Eq (56) and Eq (61), by working on #; and notice that 4; < ~;,
we conclude that for every i € [d].

o ® d
772|az—% | <log (W) :

t<T %
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Combining the above equation with Eq (61) we have that for every ¢ € [d]:

2 2 2 d
] < b et < [ 2
+(0)
Vi
This proves that gradient truncation never happens during this substage. Now, apply Lemma 9,
which says that

O R R, .
Yo =2 ;U'(Sz,good) poly(d) Z Po Y(d):u'(sz,bad)- (73)

We complete the proof of the first our statements. For the last statement on ~y, 5, Claim A.8 also

proves the upper bound on %(t) + Bi(t) as in equations (23) and (24). Taking § = é, we can show

that Iy (52)

t t poly(k2

B+ < —a

Next verify the running inductive hypothesis Ho for 75 < ¢ < 7). Based on Lemma 12, we

have the following bounds on the update of each coordinate of each neuron. For every i € [d], using
Eq (59), we have that

|v§t+1)\ _ "Uz@| (1 + 0 (]A(t)\ + |a; — @(ﬂ - fyi(t)| + |a; — l-(t)|> + %>

Note that by the definition of (") at Lemma 12, we have that

la; — il <O (‘Cl(ai — %)+ @C—z&yz (@i =) > +0(6i])
<O(By 46, +6.) = O(@) (74)

Hence, we obtain that for ¢ € [T3, Ty], with Lemma 12:

|vl.(t)] = |v§T3)\ exp {:EO <log 2) }

Q . . . .
i , we obtain the running hypothesis . at this substage. |

Hence as long as Ty <

Appendix B. Proof of the Finite-Width Case

We begin by describing the connection between the finite-width dynamic and the infinite-width
dynamic. For a vector w € S, let w(?) and w(®) be a neuron with initialization w in the finite-width
and infinite-width case, respectively. Let P denote the infinite neuron distribution and P denote the
finite neuron population with m samples. Our idea is to track the difference between w®) and w(®,
denoted by 555), throughout the update. The neuron w denotes a weight vector from the infinite
width case that we specify below. Specifically, the truncated gradient descent update of w for the
finite-width case and the update of w for the infinite-width case is equal to the following.

t+1)

w! w® — 7. Lo 2<1/a Vi Loo (P), 7
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(t)

where =,;,” is an extra error term that arises from the sampling error of the empirical loss.

Our main result in this section is that provided with polynomially many neuron samples and

training samples, the errors 555) and Eg) in equation (76) remain polynomially small throughout

Algorithm 1. We first state the result for Stage 1.

Lemma 18 (Error propagation of Stage 1) In the seiting of Theorem 1, let P©) be a uniform
distribution over m i.i.d. samples from P. There exists a fixed value = € [0, \o/poly(d)] such that
for every iteration t < Ty, the average norm of the error is small: B 5 ||wl3 < poly(d)Z.

Furthermore, for every ") in PY, the individual error terms are small: HEg)H% < Zand
t —_
€715 < poly(d) - /o

The proof of Lemma 18 can be found in Section B.2.3. Next, we consider the error propagation
of Stage 2.1. We show that the norm of &, is much smaller than that of w.

Lemma 19 (Error propagation of Stage 2.1) In the setting of Theorem 1, let P>tV be a uni-

form distribution over m i.i.d. samples from P21, There exists a fixed value = € [O, m]

such that for every iteration Ty < t < T3 and every neuron ") in PO the error terms are small:

IED13 < 2, 16913 < min(poly, (d)E. 193 < [[w[13/d*).

w

The proof of Lemma 19 involves carefully studying the error term and follows a similar argu-
ment to Lemma 18. The details can be found in Section B.3. Finally, we consider the error terms in
the final stage. We use a different error analysis. At iteration 73, let us consider the set

Si,singleton = {U € Sg | ||6 - ei||2 < } ) for 1 <:< d.

1
poly(d)
Let Sgingleton = nglSi’smgleton. Consider the set

Signore = {U € Sg | v E Spota v ¢ Ssingletan} y

where we recall the definition of S, in Proposition 10. We state the error propagation of the final
substage as follows.

Lemma 20 (Error propagation of Stage 2.2) In the setting of Theorem 1, let P53 be a uni-
form distribution over m i.i.d. samples from PT3%1)_ There exists a fixed value Z € [0,1/poly,.(d)]
such that for every iteration Tz < t < Ty and for every W), the error term ||Eg) 12 <=

For every neuron w with w ¢ Signore, we have that Hfﬁf) 13 < ||[w®]]3/poly(d) and

E €13 < 1/poly(d).

1I)~75(t) 7w€SignoTe

The proof of Lemma 20 can be found in Section B.4. Based on the analysis of error propagation,
we are now ready to prove our main result. We prove Theorem 1 as follows.

Proof [Proof of Theorem 1] Let us denote @ to be the weight of the neuron w at iteration ¢,
following the update of Algorithm 1. For the next iteration, we have that
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where L(W) denotes the empirical loss.
Recall that we assume that the learning rate n < m. Using Claim 2.1, we can see that

when N for a sufficiently large polynomial in d, we have that with probability at least 1 — e~ log? d

for every w € W and every t < Ty: HV@(HUIZ(ﬁ(t“)) — Vw(t+1)Loo(73)H2 < m.

% and P being a uniform distribution

For Stage 1, we can first apply Lemma 18 with = = poly,.

over W. Using m = poly, (d), we can conclude that for every w € W and t < Ty: ||0®) —w® |5 <
1
poly,.(d)"

For Stage 2.1, we can use Lemma 19 with = = m to conclude that for every ¢t < T3,
|5® — w® |y < m as well. For Stage 2.2, we shall use Lemma 20 with = = m to
conclude that for every neuron w ¢ Signore, We have:

1 1
S(Tw) (T2 « 1 2 and E (T1) _ (T2 <
w w wl|3 an w
| [ poly (d) w2 B sy [ I3 < poly(d)’
These statements together give us the following
2 1
x~N(fI)?Iddxd) (f{u;(T4>|wew}($) - f{w(T4>|wew}($)> < m-
Finally, combined with Claim 2.1 and Theorem 4 we complete the proof of Theorem 1. |

B.1. Stage 1.1: Analysis of Oth and 2nd Order Tensor Decompositions

In this substage, we consider the error terms in the gradients of the Oth and 2nd order tensor decom-
positions. Let Ho is the running hypothesis H in Proposition 7 without the conditionally-symmetric
property. For a neuron v, similar to the definition of V,, in Claim 3.2, we define the error gradient
Vyas Vy i= VyLoo(P) = >.i>0 Va;.. Using the update of equation (75) for the infinite-width
case, the gradient of v for the Oth and 2nd order terms over the population loss is given by

V<o =bo <I7[§ |w||3 — 1> v+ by <I7@wa — A> v

where A = diag({a;};c[q)). Using the update of equation (76) for the finite-width case, the gradient
of v for the Oth and 2nd order terms over the population loss is given by

Veow = bo (E | @]|5 — 1) ¥ + by <Ewa —~ A) ¥
P P
The first order terms of the error term &, for the neuron v is given by
Fous =200 (E(w.6) ) v b0 (E ol -1) 6.
P P
Vo i= b (E ww! — A> Eo + ba <Itj: w§g> v + by (1@ gwa> v, (77)
P P P

Let @97%1 denote the sum of @Q,UJ and @2,%1. We haye the following claim for the error of the
Oth and 2nd order terms. We use the notation (w, &) ~ P to denote a neuron w = w + &, sampled
from P.
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Claim B.1 (Error of Oth and 2nd order gradients) In the setting of Theorem 1, at every iteration
t < Ty, the following is true for the neuron distribution P = P®),

<( E ~(fw,§w)> E (v,&) >0, and

wvéw)N,P (vvév)N/P

E E  wé |v,é& )|+ E E  &uw' v & )] >0,
(v,€0)~P (w,&w)~P (v,60)~P (w,&w)~P

As a corollary,
B (Teann &) 2 b0 (Elwld - 1) Bl 8+ e [e] (00T -a)s). a9
(v,60)~P P P P P

Proof The first inequality is obviously true. Now we consider the second inequality, we have that
(WEyv, o) + (Eww v, &) = & wév + & Euw v

= %Tr ((vaT + UEUT) <.§wa + wé’g)) .

This implies that

~E ~<w§$1)7§v> + <€waU7§U>
(0,€0)~P,(w,Ew)~P

:% (v,gv)~751%w,§w)~75 Tr ((fva + UE’UT) (éwa + wfl))
2
Z% " <<w,sIE>~75 U w§$)> =0

Next we consider the first order tensor. The first order gradient in the finite-width case for the
population loss is

Vi = b1%(<w,ﬁ>llw\l25 + [[@]l2]|o]l2w) -

The 1-order term in the gradient is zero in the infinite-width case of Section A. The first-order
expansion of the error is given by:

Vil i= b1g<w,sw><w,v>@ + by Igw,fw)\\wlrzv

+b %(w, Ew)[[v]l2w + b1 IE, [[wll2[v]|2€w

We have the following claim for the error in the first order gradients.

Claim B.2 (Error of 1st order gradient) In the seiting of Theorem 1, the following holds for any
distribution P on w, &y, (v, &, follows the same distribution).
2

>0
F

<?1,v,1a§v> = bl Ig ||w||2€w + w<u_)7£w>
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B.2. Stage 1.2: Analysis of Higher Order Tensor Decompositions

In this substage, we consider the error terms of the gradients of the higher order tensor decomposi-
tions. Towards showing the error propagation in Lemma 18, our proof outline is as follows.

e We decompose the error of the gradients into individual terms that we analyze one by one.

e In Proposition 21, we provide an upper bound on the average norm of the error. In Proposition
24, we bound the error of the individual terms from the decomposition.

e Finally, we present the proof of Lemma 18 in Section B.2.3.
We begin by writing down the gradient of higher order terms for the population loss..

@21.7” = (b2j + bl?]) <I7E;<u~}7 {]> <U:1, 5>2j—2w - Z a; <ei7 {]> <€’i7 5>2j_2€i>

1

— b, (g@a, o) (0, 0) 7w, 0) — Z ai(e;, ) es, @>2j—1> b.

A crucial result is a bound on the average norm of the error. Let us define A := E, 5 lwl3 — 1}
and 6 = HEwNﬁ ww' — AH2 . We have the following result.

Proposition 21 (Average error bound) In the seiting of Lemma 18, suppose the running hypoth-
esis Ho holds for every t € [13]. In addition,

e For every neuron w, it holds that ||£, |2 < 2 ||lw

2;

o |E, plwlwl?] < d% and |E,_» ww' ||z < 1.

As long as for every w € S (recalling its definition in Def. 6), ||€y]|2 < m, then we have

¢t poly (k)
E &l < <1+n2 ) _E &l
P wes d PO wes

1
O|— E " E y
10 () (ﬁ(t)wng H2) (M%Sng ||2>

+n0 (max {A(t)7 S(t)}) ﬁ(t)lies €wll3-

Next we show that the norm of the error in each individual neuron can also be bounded.

Proposition 22 (Individual error bound) In the setting of Lemma 18, suppose that for every t €
(T3], we have E, | P 1€wl13 < E. Then for every v € Sy and every t € [Th):

poly(d) -
€213 < 2= (1l +=)

The proof of Proposition 21 and Proposition 22 is left to Section B.2.3.
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B.2.1. DECOMPOSITION OF GRADIENT TERMS

We focus on the leading term that contains the first order term in £. We decompose @QJ » into the

llvll2 llvll2 [v]l2

following terms. In particular, these include terms from v + &, = o+ 75+ — (£o.0)8 1 (( Lt ”2> )

@QJ}UJ = (2] - 1) (b2j + b/QJ) <E<£u}a U> <’LI), 1—}>2j*2w + I’E<wagv><w76>2j2w> ,

V2J7v2 - (sz + b2]) P<w 'U><w 'U>2J 2§w>

@Qj,v,B = _(2] - 2) (b2j + b/2]) (E<@,U><1Z),1_)>2j2<§w,ﬁ)>w> 5

o

Voot = —(2] — 2) (b + b)) ( (10, ) (@, v>2j—2<§v,v>w) 7

=

T = (20 (El6r b 0002 0000 oy = (2l (B0} 0,00 2,0 )
@2j,v,7 = (2] - 2)bl2] (g(fu},7I)><1I),77>2j—1<’w71}>’[_1> ’
Fays o= (25~ 1, (600000 2,075 ).

P
@Qj,u,g = — ’2]- (Ig<w,v><w,v>2j2<w,v>fv> VQM, 10 1= bQJ <P<w o) (w, v)¥~ 2<w,v><£v,v>v> ,
@Qj,u,n =—(2j—-1) b2] + b (Z aifei, &) (ei, v 2J 2 )
@2j7U712 = (2] - 2 b2] + b <Z a; gva 617 l) 5
Vajwas = (27)bh; (Z ai<ei7§v><eiav>2j_l> 0, Vajw1a i= — 1)b); (Z ai{€v, 0)(€i, ) v,
@2]’,1),15 = bIQJ <Z a7<61, > )fvvv2] v 16 - bl2] (Z a1<67; > > <§'l)7 >

i %

In addition, we show that the second order terms in £ that contains ||, |5 and ||&,]|4 forp 4+ ¢ > 3
are of a lower order compared to the first order terms. Informally, we know that ||, |2 and ||£,]|2
are less than A3. Meanwhile, ||w||> and v|» are at least €2 (%), for every w, v € S; by Lemma A 3.
Combined together, we show the following result.

Proposition 23 [n the setting of Proposition 21, let (w, &) be a random sample of P.

1 = @1,1;”2 + Z

320
71 2
<O | 75 | Ilvll2 Eﬁﬁ!\éw\bﬂlfvﬂz :

V<20 = Vow1 — Va,

Vojw — E Vajvp
P 2
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B.2.2. INDIVIDUAL ERROR NORM BOUND

Based on the decomposition above, we provide several helper claims for bounding the error of the
gradient terms. First, for v € S, we have the following claim.

Claim B.3 In the setting of Proposition 21, we have that

E ({&w, )@, 0)7 72w, &) + (w, &) (0, 0)7 7 (w, &) 20, and
(v,60)~P,(w,Ew)~P
£ (w, v) (@, 9)7 7 (Ew, &) > 0.

(vvgv)N,ﬁv(waéw)NP
This implies that forp = 1, 2:

E ~<§v7 62]',1},p> Z 0.
(v,€0)~P

Proof For the first inequality, we know that

E ( (& ) (@, )7 2 (w, &) + (w, &) (W, D)7 % (w, &)
(V,60)~P,(w,Ew)~P

= 0, )22 (€ 0) (W, £, 0.6,
ey e (007 (€0 0) (0. 6) + 0,60

. & ~<<w v>2ﬂ(<§ ), €0} + 3w, €0)? <v,5w>2))

(’U,fv)’\‘ :(wvfu))NP

1 L
= 5 ~E ~ (<’LU,1}>2J 2(<w’§v> + <U7§w>)2) > 0.
(0,£0)~P,(w,Ew )~ P

The second inequality in the Lemma follows from the fact that ((w, v))w v, (@0, D) )w,v, ((Ews o) )w,v
forms PSD matrices, and the Hadamard product of PSD matrices is PSD. |

We also have the following claim, which serves as an upper bound of

V25,3, V2j0,4, V2j0,5 V20,60 V250,75 V2i0,8 V2j,0,9, V240,10

Claim B.4 In the setting of Proposition 21, we have that

CtR
B @) )l < g E g3, and
(0,0)~P (W, )~P,w,vES (w,&w)~P,weS

o Cik
_E [(@,0)*(Ew0)?] < =5 E_ [|&ll3, and
(0,60)~P,(w,&w)~P,w,veS (w,&w)~P,weS
—\2 \2 Gtk
E [(@,0)*(w,0)*] < =

(’U7§’U )Nﬁv(wvgw)’\/ﬁﬂuﬂjes

As a corollary, combine the above inequality with Proposition 7, we obtain

~ CtR 2 1 2
E v v = o E v 3 E w )
> E I Vo) 0(d2 GBS B ||2>

j>2 (0€o)~PES (v,60)~PveE W,Ew)~

where p = 3,4,5,6,7,8,9, 10.
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Proof The proof is a direct calculation, using (@, 7)* < % for w € S, we have that

B [(@,0)2[(€w, v) (€v, w)]]

(vva)’\‘ﬁa(wvgw )Nﬁ,w,vES

C
2 B {ewv)ew)]
(0,60)~P(W,&w)~P,w,vES

Ct

IN

IN

[ {§uws 0) (& w)

d (0,6,)~P,(w,Ew)~Pw,vES
Ct

g E (<€U7w>2 + <€w7v>2) .

d (0,6,)~P,(w,Ew)~Pw,vES

IN

Now, we can easily calculate that (using the Eq (17))

2K
E~ <£w,U>2 < E ~<£wav>2 < EH&UH%’
(U7§U)NP,’I}€S (’Uvgv)N,P

which completes the proof. For the other two inequalities, we can bound them in the exact same
way. |

The final claim aims to bound the rest of the terms.

Claim B.5 In the setting of Proposition 21, we have that

(gai<ei,ﬂ>2<e¢,gv>2> =0 (% l13) and (é<>2) =0 (%)

As a corollary, combining the above inequality with Proposition 7, we obtain

CtR

E U,@ X)) == O 5 E v 3 ’
> {60 Vo] ( AN ||2)

j>2 (U7§1) )N75,'U€S

where p = 11,12,13, 14, 15, 16.

Individual Error Norm Bound for v € S. Below we also consider the error individually, we
will mainly focus on the error term with &,,.

Claim B.6 In the setting of Proposition 21, we have that

2 V20,002 < 0 (E4e, 12
(w,gw)~75<w’£ )2 (w,0)? < O(d2 53 ||2)7 and

E (w,0)(w,0)*&, 0){(w, &)
(w,&w)~P

<0 (SHel3)-
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Proof The first inequality is almost trivial. To see the second one, using E, 5 ., 5[(®, 7)?] <
we have that

b

al®

E  (wo)(w,0)*(&,0)(w,&)

(0,&w)~P,weS

C _
< Et E (w0} (w, &) [[&]l2
(wv&ﬂ)NP

g » 2 ]E ( — 2 <w €U> )
S R A
<0 (ZFlal3).

For w ¢ S, we can naively bound |(w, v)(w, 0)2(&,, 0)(w, &) < ||lw||3|&]|3. Hence, using
Eq (19), we have:

IN

E  (w0)(0,0)%(&,0){w,&)| < Al&|3 = 1€113-

(wvgw)’\ﬂsvw¢8

1
ly(d)

This claim together with Claim B.5 implies that

Claim B.7 (Error bound, v € §) In the setting of Proposition 21, for every v € S, we have that

<y = ¢t pol d?
€S 13 < (1+no (max {20,501 1) 1 PO )) I3 + 0 (A ) (E uswué).
0 P

Individual error bound for all the other neurons. Now we move on to the harder terms, we
have the following claim.

Claim B.8 In the setting of Proposition 21, for every v € S, we have that for p = 11,13:

K _
>~ 1 Vajup + Vaspet)] = O (Sl101% 1613 and
5>2
(Vojwis + Vajuie, &) >0

Proof We first consider p = 11. Let Ql2j7v,11 = — (ij + b’2j> > (ai<ei, E)Qj_Qeie;r) . We have
that

Vojv11 + Vaju 12

= — (2j — 1) (by + b, (Z“@ ei, &) (ei, )72 >
+ (2] - 2 bQ] + b2] (Z Qa; 51}) 617 67:)

:Qéj,v,llgv - (2] - 1 b2] +b2j (Z a; eufv € U 2j 26 - Zaz fvy ezv 2] ! ) .
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Let us assume that |||/, = 1 — § for some value § > 0, then we have that || — e,.||3 = O(9).

Z (ai<§7}’ei>2<eivﬁ>2 a; <€Z, > <e’Lv§’U><€Ua >)

i€[d]

< Z (ai<£v76i>2<ei7@>2 a<€1, > <627§1}><£’U) >)
i€[d] i
+ = [(6oren)(ers B = {er 0) er, €01 (60, D)

< 0(50a-0Valal3).

Using the fact that by, b; = @(%) we know that

D (25 — 1) (byj + by)

j>2

<o (Ga-ovasiels).

j>2

Zai<eiafv><eia > A ezagv Zaz gva ela A <€i>£v>

Note that 35, (1 — 6)/ = (1 — §) log § we obtain:

- ~ K 1 K
5 [(Fasn + Fajos = Qo] < 0 (501 - 02108 15161 ) = 0 (5118).

Jj=2

Similarly, we can also show that

Z HQ/Qj,v,llHZ = Z (b2j + b/2j)

3>2 7>2
R _
<0 (Sl0l%)

which completes the proof. On the other hand, for p = 13, let Q%; , 13 = bh; (3 ailes, 0)% e ) ..
We have that

Z (aZ-(ei, 1‘))2j_2eiez—»r)

%

2

V20,13 + V20,14

=(24)bh, (Z ai<ei,5v><ei,v>2j‘1> (Z a; (&, v)(ei, 0 ) 3

%
2 1 _
QQ],v 1380 + (Z a; 6z,§y e, )" Zaz gva eza > v,

We can bound the terms in a similar way. |

Using the aforementioned claims, we conclude the proof of the following proposition.
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Proposition 24 (Individual error bound) In the setting of Proposition 21, for every v, we have
that

1. Forp=4,6,8,9,10, using Claim B.6, we have

~ 1
S (60, Tap)] < O < poly(x )||5v||2)

Jj=2

2. When ||w||2, ||€w]l2 < %O,forp = 2,3,5,7, the following is true

~ 1
Sl Fasnall <0 (5 ((w B ﬁHé‘w\b) leole

j22 Sw )™

<0(d2) Elel?) + Sl
o Ao (w,Ew)~P vz az">ve

3. For p =1, similarly we have:

> 16 Vajua)| <O (i’}fugvnﬁ ((ME)Nﬁngwn%»

j>2 Sw
4. Forp = 15:

Z<fv’ @%m,p + @2j,v,p+1> >0
j>2

5. Forp =11,12,13,14, we have that for p = 11,13, using Claim B.8, we get

Ry
>~ 1w Vo + Vajwpr)] = O (Sl01% 16.13)

Jj=2

B.2.3. PROOF OF ERROR PROPAGATION

Based on the individual error norm bound and the average error norm bound, we are ready to prove
the main result of stage 1. We first state the proof of the individual error norm bound.

Proof [Proof of Proposition 22] We consider the error caused by gradient clipping, since we might
clip v and @ at different time step. We have that at the iteration ¢ when |[v®||3 > ﬁ or [[v® +

(t)H2 > 1

2 2 xg> WE have that

1
o9+ €013, 1013 > 55 = —= el

On the other hand, by Eq (48), we have that for this v, if the gradient clipping is not performed, then
by the definition of S,, we have that ||| > 5z Therefore,

1
012 > 1,®12 (1 Q())
[0 D1 > o HQ( 12 (gog) )
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which implies that after ¢/ , many iterations, if gradient clipping is not

_ o [ Vediog® d|s£”||2>
n
performed, we should have that

!/ ! / 1
[0 FOE o3 >
220

Since each iteration shall introduce at most O (77/\%) amount error, so we have:

/ dlog® d||&"||2
()|, < O 8 ‘

This gives us the final error bound of the individual error when combined with Claim B.5. |

Next we state the proof of the average error norm bound.
Proof [Proof of Proposition 21] Using Proposition 24 (together with Eq (78)) and by the definition
of Eq (77), we can obtain the desired result. |

Based on Proposition 21, Proposition 22, and Proposition 24, we are ready to prove Lemma 18.

Proof [Proof of Lemma 18] Clearly, when m > p‘ily(& )) , then the running hypothesis H, is satisfied
for every t < T5. To prove this Lemma, we shall maintain using induction that at every iteration

t e [TQ],

1€wll3 < poly(d)E,

,ng P
and for every neuron v, ||§1(,t) |2 < B Ol)f'(d)E. Suppose this is true for all ¢ < Tp, then consider

t =Ty + 1. We apply Proposition 21, which says that as long as for every w € S, ||{w]|2 < d3,
have that

¢t poly (k)
E [léwl3 < <1+77d2( > _E[l€wl3
P weS

P+ wes
1
+770 )\7 - E ngHQ _ E ng”Q
0 PO weS P weS

+70 (max {JAD,501) B g3 40 B ullaIZule:
PO wes PO wes
Combining this with Proposition 22 and Ej) ¢ 5 [1§wll2/|Ew]l2 < % Es wes 1€wll2 + d*E, we
have that

¢t poly(k poly(d —
GE el (140 PD) B el n0 (P55 ) u(s) poly(a)2
P+ wes d PO wes b

+no(max{m |, 5t })ﬁ(t)%es\yfw|y§+nd25.

Hence, denote &; = Ej) s €, |3, we have that for every s < t:

Est1 < €g (1 + nCtP(;lQY(H) +n0O (max {\A(t)\, 65:), (5@})) + nd*=.

61



LEARNING OVER-PARAMETRIZED TWO-LAYER RELU NEURAL NETWORKS

By m > ppociyy((j)) a simple Chernoff bound gives us:

max{|A 5 }§O<max{|A(t)],5(t),5g)}>+pol}1’(d).

Now, using the update rule of Eq (32) and in Proposition 15, we have that

3 (nctp(’ly(”") +nmax{m(t>75§f),6@}> < poly (k1)

d2
t<Ts

Note that at iteration 0, g = 0. This implies that for ¢ + 1: £,4; < poly(d)= as well. Combine this
with Proposition 24 on the individual norm bound we complete the proof. |

B.3. Stage 2.1: Analysis After Reducing the Gradient Truncation Parameter

In this section, we prove Lemma 19, which analyzes the error propagation of this substage. We
analyze the formula of Vy; ., ;, in Section B.2 and show the following claim.

Claim B.9 [n the setting of Lemma 19, let 0y,x = max { | E,p ww |2, %} Then we have the
following average error norm bound

ZZ ;E V?] v,pafv> > -0 <Umax£ ||€w||2>

i>2 p

For every individual neuron v and every value o > 1, the following holds

DD UVajup &) <O (aamax\lfvlg + - Hvllg 75||£w||3> :

j>2 p

Proof The proof of this claim is quite straightforward. We have that for p = 1, 2, we use Claim B.3,
which gives us:

E (€, Vajup) > 0.
(Uvév)NP

For p = 3, we use that |(w, v)| < 1 and

_ _ 1 _
E  w 0)][(&, w[{w,v)] < 5 E ([{€w @) (w, ) + [(&, w)[?)
(wvgw)7(v7£’u)N7) (wzéw)7(vzg’u)~7)

< Omax E_[€ul3.

wn

For p = 4, we use that

E &, 0)][{§, w)|[(D,w)] < E  [l&]lalé ww'o
(w,fw),(v,fv)wp (w,&w),( 75’0)

< Omax ngHQ

w
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For p = 5, we use that
E & 0)ll{&, 0)][(0, )] < 5 E ((€ws 0)* + (€0, )% (B, w)?)
(w,fw),(v,&;)wp (wvgw) (”U,EU)NP

< Omax ngHQ

w

| —

For p = 6, we use that

E [, w)|[{&, 0)[[(0,w)] <
(’w,fw),(’l},fv)NP

E  ((6w)’ + (€, 0)*(0,0)%)

(w,fw),(U,EU)N'P
< Omax E - ||£”LU”%

wn

N

For p = 7, we use that

E - |(&w @)[[{€o, 0)[(v; w)[[{@, D)
(w8w),(v.60)~P

= E  [{&w 0)[[{&, 0)[[(v, @) || (w, )]
(w8, (0.60)~P

1 _ _ 2,
< 9 E - (<§w7w>2<va w>2 + <£’Ua v>2(v,w)2)
(w7€’w)7(v7$’u)NP

< Omax E - ||§w||%

w™

For p = 8,9, 10, 11, the result can be obtained similarly. For p = 12, 13, we use that

D ail{€w, 9}l l{es, D)l {ein &)

&) Ze,e v

i

K
EH&UHQ = *||§UH2

For p = 14, we use that

D ail €, 0l ei, ) P (0, &)

< Nl 3 aiter, ) < Fl6l3.

Finally, the individual error bound comes from the following simple calculation.

> [(Vajup &)l <O ( l&ll3 +  E

j>2 w, wN

wli3lé 3 + lelzlSwﬂzllv\lzllfullz)

1
<0 (O‘Umaxmv”% + *”UH% E_ ||§w||%> .
[0} Eu~P

Proof [Proof of Lemma 19] Note that this substage has 75 many iterations, where 75 is upper
bounded by w for some value C' (k) > 0 that only depends on k. By by taking & = 1 in

Claim B.9, the rest of the proof is similar to the proof of Lemma 18. We omit the details.
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B.4. Stage 2.2: The Final Substage

We provide the proof of Lemma 20, which analyzes the error propagation in the final substage. Re-
call that S; ¢ingieton and S;gnore have been defined in the beginning of this section. At the beginning
of Stage 2.2 when t = T3 + 1, we do a modification:

1. If v in §; gingieton We Will just set U = e; and keep the norm not changed.
2. If v in S;gnore, then we will just set v = 0.

Thus, we can see that v(®) = 0 for every v € Signore and for every ¢t > T3. We define a new update
for the infinite neuron process at this substage for v € S; singieton. We define vy, v_ such that at
every iteration ¢t > T5:

A0 =l = ), .

We will replace v in the infinite neuron process with two neurons v4,v_. For the simplicity of
notation, we write v simply as v. For the other neurons, the update does not change.

We can see that this new initial state also satisfies the running hypothesis H; and the conditional-
symmetric property as well. Thus, the update in Claim A.10 still holds. We consider the new infinite
neuron process starting from this initial state. We can see that when v € S; singicton, then o =¢;
for every t > T3 + 1. Moreover, when v € S; singieton, We define 0 = v + &, where (&,,€;) = 0.
Thus, we do not consider the scaling difference between the singleton neurons in the infinite-width
case and the finite-width case as an error.

By the running hypothesis H; in Proposition 10, we have that at iteration 73,

1
E wl|f < ———.
wNP(T3),w€$ignore H ”2 B p01y(d)
Therefore, the following is also true.
1
E P
WP T3+ WES, gnore I&wllz = poly(d)

Moreover, throughout the entire process, by Lemma 12, we will always have that

1
E Col? < ———.
wN,]S(t)vwesignore H w||2 pOIy(d)

Therefore, we only need to consider the error of w ¢ Sjgnore. We denote the new running hypothesis
H1 as for every t < Ty:

1. Forevery v € §,, we have that:

®)2 « —_
IO < 5y

2. For every v ¢ Spo (cf. Lemma 9 for the definition),

_12 2 Ct
19115, Ivllse < -
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3. The mass of the ignore set is small.

1
E €2 < .
w"/ﬁvwesignore || ||2 pOly(d)

We first prove the following claim.

Claim B.10 In the setting of Lemma 20, suppose that the distribution P = pW®) satisfies the
running hypothesis Hi. For every i € [d] and forv € S;, singleton, the following holds:

D (Vajuwnbo) =Y Vot + Vajuz, &)

§>2 i>2

- 1 1
0 (\annsan% § PR 2y PR s E g3 or )nguHQ)

wa w)N 7’w¢ pot
where ® is defined as in Lemma 12 with P instead of P.

Proof We consider v € S; singieton- For these neurons, we have that

<@2j,v,p> §v> =0.
Let

Vojvw = (bgj + blzj) ((w,v)(@,@)zj_Qw) — b’2j (<w,v)<@,®>2j—2<w,®>) v (79)

as the gradient of v involving only a single neuron w. For p = 5,6,7,8,10,13,14,16. Now, for
p = 3 we have that

E _(@,v)(w, )7 (&, w){w, &)
(wvfw)NP

= E (@, v) (@, 0)772(&, ) (@, &)
(wvfw)NP7w¢SP0t

+> _E (@, 0) (@, 0) (0, DY@, &) + D (Vajumws o),

]E[d] (wagw)wpywesj,singleton wesigno're

where Vo, ,, 4, is defined in Eq (79). For the first term, using the running hypothesis #; that for
every w & Spor, || @[5 < %, we have that (@, 9)? < <. This implies that

S| OE (@,0)(@,0)Y (6 @) (5, 6,)

§>2 (wvfw)NP7w¢$pot

ct poly(mg)
<—— v H E [€wll2)1&oll2
w, w)'\’ ’U}é pot
ct pOly(Iig) ¢t poly(ka)
<——— H&H% + |vllf———5—= ) [1€wll3-
d d (wzéw)N,Pzw¢SP0t
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For the second term, we have that when j = 4, we have for every w € S singicton: (0,&s) = 0.
Otherwise, when j # i, we have that (w, v) = 0. Therefore,

_ B (0, V) (@, 572 (&, W) (0, &) = 0.
]E[d] (w’éw)NP’wESj7Singleton

For the third term, we have that

1
Y (Vaew )< Y kuzu«svuasmu&nz.

wesigno're wesignor‘e
Hence we have that

< Gepoly(ra)

¢t poly(k2)
< 7”5@”2 —

<@2 1,0, >£v> p
’ TP d? (0,60 )~P e Spot

1
2

For p = 4, we also have:

E (w,0)(w,0)7*(&, 0)(w, &)

(w,&w)~P
< E <wa6 <U_}a6 2j_2<§v71_)> w, &y |£”U||2
( 7511/)"’75 wispot > > < > pOl ( )’
¢t poly (Ko ¢t poly (ko
<Py gy P e e
(w,éw)wP,wgéSpot ( )

Now for p = 11, 12, we also know

<@2j,v,p7 §v> =0.

For p = 9, 15, following the same calculation by dividing w into three parts we can easily conclude
that

‘ <@2j,v,9 + 62]',1;,15) ‘

- ct polywz) ¢y poly(r2)
< [b;(ai = F) [ I€u3 + l€ullz + =5 L l€wll3 + 1€0]2;
(wvgw)'\’lpngspot ( )
where 3 = E, 5 ,cs. pot\Spa w?. Therefore we finish the proof with Eq (74). |

Next, we consider the error of the neurons not in Sy,,;. We use a direct corollary of Claim B.9 ,
except that for every v ¢ Spo, it holds that (T, w)? < “ instead of 1 for every vector w. We state
the result as follows.

Claim B.11 In the setting of Lemma 20, let Oyax = max {||E,_sww'|j2,%}. Let P =Pt
denote the distribution of the neurons. For every v such that ||0||%,, |[v]|%, < % and any o > 1, we
have:

lc
Zerzm,p,mwo(a omaxll€olld + =0l E mu)

j>2 p w

66



LEARNING OVER-PARAMETRIZED TWO-LAYER RELU NEURAL NETWORKS

Based on Claim B.10 and B.11, we prove Lemma 20.

Proof [Proof of Lemma 20]Let o« = v/d in Claim B.11, we show the following result the bound.
For every v ¢ Spot,

~ ~ ¢y poly (K ¢y poly (K
S (Foyne) = -0 <|<1>&)||§+tdl,§2’|sv||§ e R )||5U||2>.
j>2

w?‘LU

Together with the individual error bound as in Claim B.9, we can obtain the desired result using a
similar proof to Lemma 18. The details are omitted. |

Appendix C. Proof of Lower Bound

We follow the proof of Theorem 2 in Allen-Zhu and Li (2019a) for proving the lower bound. We
first describe the construction of the hardness distribution V. We first show the following lemma.

Lemma 25 For a positive mteger r, for every d > 12 which is a multiple of v, there exists at least
H = d*") many sets CU) = {C € [d],- Cc(lj/)r € [d]} forj=1,...,Q such that

1. Foreveryl <i<d/rand1<j<H, Ci(j) is a subset of [d] of size r.
2. Foreveryl <i#1i <d/rand1<j<H, CZ-(j) ﬂCl.(/j) = (.
3. Foreveryl <i,i/ <d/rand1<j+# j < H, Ci(j) #Ci(,j/)

Proof We consider a uniformly at random distribution over the set C = {C1,--- ,Cq/, }, where C;
is a subset of [d] of size r and for every i # ', we have that C; N C;; = (). Let us sample ) many
sets {C19)} jelo) from it, then using union bound, we have that:

. -/ 2 r
v[3) #41 suchthar ) = c] < @2 (d) (a)
r

Hence when d > r2, for some H = d°("), the above probability is smaller than one. This proves
the existence of these sets. |

Now, we define the distribution V. Recall that the Hadamard transform of dimension 7 is a
unitary matrix in dimension r whose entries are all € {—1/+/r,1//r}.

Definition 26 (The hardness distribution for the lower bound) For every r that is a power of 2,
for every d that is a multiple of r bigger than 2, we generate W as:

1. Pick C uniformly at random from the set {C(j)}je[H} given by Lemma 25.
2. Define wr € R withi = pr+q, forp € {0,1,---d/r — 1} and q € [r] as
w? = (0P, h;’()d—(zﬂ-l-lﬁ“)7

where hy is the i-th column of the Hadamard transform of dimension r.
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3. Sample by, - - - , by independent from [1, 2] uniformly at random. Define

_ b
Zje[d] b]

a; =

The proof of the lower bound relies on the following Lemma.

Lemma 27 (The boolean analysis lemma) Forevery evenr € N*, let p = (p1, 2, , i) € R”

be sampled from the Gaussian distribution N (0,1d, ). With probability at least r=O0) over the
choice of , it holds that:

Ay = > p=0)

Z i3T5

1€[r] €[]

)

TNUnzform {-1,1}7) |:

To prove this Lemma, we use Lemma F'.2 and the proof of Corollary 7.1 in Allen-Zhu and Li
(2019a), which says the following.

Corollary 28 (Lemma F'.2 and Corollary 7.1 in Allen-Zhu and Li (2019a)) For every € > 0,
there exists a value V, . = (rlog %)O(T) and a function h : R" — [V,.., V,..| such that for every
T € {—1,1}", it holds that:

Z ,usz

~, OId
u~N( dxd) [ i€lr]

] = H Ti +e
i€[r]

Using this Corollary, we can prove Lemma 27.
Proof [Proof of Lemma 27] By applying Corollary 28 with ¢ = 0.5, we have that there exists a
value V' = r°(") and a function h : R” — [V, V] such that

Abs (Z um) ] H 7 £0.5.

uN(0,1daxa) 1€[r] 1€[r]

Hence we have thatby 7; € {—1,1}:

E h Abs iTi Ti| = 1+ 0.5,
H"‘N(Ovlddxd) |: (‘u) (Z a ) zH] ]

i€[r]

which means that

1
E h Abs iTi T 2 —.
u~N(0,Id gy q);T~Uniform({—1,1}7) [ (M) (ZM ) iH ] 2

i€[r]

This immediately implies that

E h
u~N(0,1daxa) [' W)

TNUniforITEﬁ({—l,l} [ (ZEZ[T] Mzﬂ) ll_[[r] Ti]
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Using the fact that |2 ()| <V, we have that

1
E Ay > —
pu~N(0,Idaxa) H} -2V

Notice that with probability at least 1 — e over i, we have that A, < rO(r) . Note that Ay > 0as
well. Thus, using Markov’s inequality we complete the proof. |

Next we can derive the following corollary of Lemma 27. For two vectors z, y with the same
dimension, we denote x o y as the entry-wise product of x, y.

Corollary 29 Let py,--- ,p, be r vectors in {—1/+/r,1/\/r}", let q1,- - ,q, be iid. random
variable chosen uniformly at random from [1,2], define F, (1) = Zie[r] qi |{(pi o p, 7)|, we have

that with probability at least r~C) over ju ~ N(0,1dgxq) and gq:

A= E F, (7 || >r 90,
H T~Uniform({—1,1}7) ,u( )zg] B

Finally, we can complete the proof of Theorem 2.
Proof [Proof of Theorem 2] We prove by contradiction. Suppose on the contrary that equation (3)
does not hold. Then, there exists > 0.01 fraction of {a;, w*};c[4 generated from WV such that for
some w7 we have R(z) := w},é(z), and it holds that

B (@ -R@E=o(3) 80

2~ N (0,1 a)

We consider x = T o 7 where Z ~ N(0,1dgxq) and 7 ~ Uniform({—1,1}%). Clearly, z ~
N(0,1dgxq) as well. Thus,

E * _ R 2 — E * [ = _ R = 2
z~N(0,Idgxq) (f (33) (l')) T~Uniform({—1,1}4);z~N(0,Idgxq) (f (33 ° T) (x ° T))

Therefore, by Markov’s inequality we have that with probability at least 0.999 over the choice of Z,
we have that

E <f*<m>—7z<am>>2=0( E <f*<x>—7e<x>>2)

T~Uniform({—1,1}4) x~N(0,1dgxq)

Now we perform Boolean Fourier analysis over f*(Z o 7) and R(Z o 7). For a function f :
{—1,1}% — R, we define it’s Fourier expansion as:

F@=> 2]
BCld]  jeB

where A if the Fourier coefficient of the subset 3. Now, define A% to be the Fourier coefficients of
f*(Zo7) and A% to be the Fourier coefficient of R(Z o 7), we can observe that if we sample C from
W to generate w* according to Definition 26, then it holds that for every B C [d] of size r, we have:

B¢C = \g=0.
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Moreover, using Corollary 29, we can conclude that w.p. at least 0.999 over W,

—o()
S pP=t — 1)

BeC

On the other hand, for every € > 0, as long as E__ ;i form({-1,1}4) (f*(Zo7) = R(ZoT))
we have that

D (5= AF) + X (0F) <e

Bec B¢C

Let us consider the set Syq of {a;, w* };iciq) generated from W. We call {a;, w} }icjq) € Syq if and
only if the function f* defined using {a;, w* };c|q satisfies Eq (81) and there is a w) such that for
R(z) := whe(z) with

B (@ -R@E=o(})

z~N(0,Idaxa)
We already know that there are at least 0.999 fraction {a;, w*}ie[d} generated from )V that satisfies
Eq (81). By our assumption, there are > 0.01 fraction of {a;, W*}z‘e[d] generated from WV satisfying

that for some w(®) such that R(z) := w}¢(z), it holds that

* 2 1
B @ -R@E =0 (3)
Thus, we can conclude |S,4| > 0.005/W)|. Together with Lemma 25 which shows that [W| > ("),
we know that |Sy| > d¥").

Now, we consider a matrix M, whose rows are indexed by each set of {a;, w };c(q € Sya and
Eq (80), whose columns are indexed by A\ with |B| = r.

We know that this matrix is of size d*") x d("). Moreover, for any matrix M’ satisfies that

1
i, M~ 03 = o (3

where M; is the i-th row of M. It must holds that rank(M’) = d*("). We immediately complete the
proof by contradiction, following exactly the same argument in the lower bound proof in Allen-Zhu
and Li (2019a) while taking r to be a sufficiently large constant. |
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