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Abstract—We study model recovery for data classification,
where the training labels are generated from a one-hidden-layer
neural network with sigmoid activations, also known as a single-
layer feedforward network, and the goal is to recover the weights
of the neural network. We consider two network models, the fully-
connected network (FCN) and the non-overlapping convolutional
neural network (CNN). We prove that with Gaussian inputs, the
empirical risk based on cross entropy exhibits strong convexity
and smoothness uniformly in a local neighborhood of the ground
truth, as soon as the sample complexity is sufficiently large. This
implies that if initialized in this neighborhood, gradient descent
converges linearly to a critical point that is provably close to the
ground truth. Furthermore, we show such an initialization can
be obtained via the tensor method. This establishes the global
convergence guarantee for empirical risk minimization using
cross entropy via gradient descent for learning one-hidden-layer
neural networks, at the near-optimal sample and computational
complexity with respect to the network input dimension without
unrealistic assumptions such as requiring a fresh set of samples
at each iteration.

I. INTRODUCTION

Neural networks have attracted a significant amount of re-
search interest in recent years due to the success of deep neural
networks [1] in practical domains such as computer vision and
artificial intelligence [2], [3], [4]. However, the theoretical
underpinnings behind such success remains mysterious to a
large extent. Efforts have been taken to understand which
classes of functions can be represented by deep neural networks
[5], [6], [7], [8], when (stochastic) gradient descent is effective
for optimizing a nonconvex loss function [9], and why these
networks generalize well [10], [11], [12].

One important line of research that has attracted extensive
attention is the model-recovery problem, which is important
for the network to generalize well [13]. Specifically, it is
shown in [13] that in a model-recovery setting, a network
cannot generalize well if the underlying parameters cannot
be recovered accurately, therefore linking model recovery to
generalization. In addition, the problem of model recovery
provides a framework to leverage statistical nature of the input
data in an intuitive manner, which allows shedding more light to
the understanding of optimization of complex neural networks.
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Let the training samples (x;,y;) ~ (z,y), i = 1,...,n,
be generated independently and identically distributed (i.i.d.)
from a distribution D based on a neural network model with
the ground truth parameter W*, and the goal is to recover
W™ using the training samples given the network architecture.
Consider a network whose output is given as H(W™, x).
Previous studies along this topic can be mainly divided into
two cases of data generations, with the input € R? being
drawn from the Gaussian distribution.

o Regression, where each sample y € R is generated as
y=HW* x).

This type of regression problem has been studied in various
settings. In particular, [14] studied the single-neuron model
under the Rectified Linear Unit (ReLLU) activation, [15]
studied the one-hidden-layer multi-neuron network model,
and [16] studied a two-layer feedforward network with
ReLU activations and identity mapping.

o Classification, where a label y € {0, 1} is drawn according
to the conditional distribution

P(y = 1|z) = H(W*, ).

Such a problem has been studied in [17] when the network
contains only a single neuron.

For both cases, previous studies attempted to recover W*,
by minimizing an empirical loss function using the squared
loss, i.e. minw L 3" | (y; — H(W,x;))?, given the training
data. Two types of statistical guarantees were provided for
such model recovery problems using the squared loss. More
specifically, [15] showed that in the local neighborhood of
the ground truth W*, the empirical loss function is strongly
convex for each given point under independent high probability
event, which implies that fresh samples are required at every
iteration for gradient descent to converge linearly with well-
designed initializations. On the other hand, studies such as [17]
established strong convexity in the entire local neighborhood
of the ground truth in a uniform sense, so that resampling
per iteration is not needed for gradient descent to have
guaranteed linear convergence as long as it enters such a local
neighborhood. Here, one weakness of the pointwise strong
convexity in [15], compared to the uniform strong convexity
in [17], is that independent fresh samples are required at each
iteration to guarantee the linear convergence of gradient descent.
Consequently, the sample complexity of [15] grows with respect
to the recovery accuracy e, typically with an extra factor of
log(1/€) under linear convergence, which can be large when the
desired accuracy is high. Therefore, the latter type of uniform



strong convexity without requiring per-iteration resampling is
much stronger and more desirable.

In this paper, we focus on the classification setting by
minimizing the empirical loss using the cross entropy objective,

which is a popular choice in training practical neural networks.

The geometry as well as the optimization of the model recovery
problem based on the cross-entropy loss function have not
yet been understood even for one-hidden-layer networks. The
main focus of this paper is to develop technical analysis for
guaranteed model recovery under the challenging cross-entropy
loss function for the classification problem for two types of
one-hidden-layer network structures.

A. Problem Formulation

We consider two popular types of one-hidden-layer nonlinear
neural networks illustrated in Fig. 1, i.e., a Fully-Connected
Network (FCN) [15] and a non-overlapping Convolutional
Neural Network (CNN) [18]. For both cases, we let € R? be
the input, ' > 1 be the number of neurons, and the activation
function be the sigmoid function

1
¢(x) - 1—|—exp(—x)'
e FCN: the network parameter is W = [wq, -+ ,wk] €
RI*K and
HFCN W QJ KZ¢ wk:c (1)

e Non-overlapping CNN: for simplicity we let d = mK
for some integers m. Let w € R™ be the network
parameter, and the kth stride of x be given as ) =

[xm(kq)ﬂ, : '-mm.k]—r € R™. Then,

Z¢w ). @

HCNN w :I:

The non-overlapping CNN model can be viewed as a highly
structured instance of the FCN, where the weight matrix can
be written as:

w 0 ... O
0 w ... 0

Waonn = GRdXK.
0O 0 ... w

In a model recovery setting, we are given n training samples
{(zi,vi)}i—y ~ (w,y) that are drawn ii.d. from certain
distribution regarding the ground truth network parameter W*
(or resp. w* for CNN). Suppose the network input & € R?

is drawn from a standard Gaussian distribution = ~ A(0, I).

This assumption has been used a lot in previous literature [14],
[19], [18], [20], to name a few. Then, conditioned on = € R?,
the output y is mapped to {0, 1} via the output of the neural
network, i.e.,

B(y=1lle) = H(W* ). )

Our goal is to recover the network parameter, i.e., W*.
One natural choice is to maximize the log-likelihood function,
which turns out to be equivalent to minimizing

n

Ja(W) = ;;aw; 201). @
where ¢ (W x,y) is the cross-entropy loss function, i.e.,
t(W;x,y)
=—y-log(H (W,z)) - (1—y) log(1—-H(W,z)) s

where H(W , ) can subsume either Hrpcn or Henn. Although
the squared loss has been used in [17] to study the classification
problem with a single neuron, the cross-entropy loss is a more
natural and popular choice in practice for classification data,
due to its natural connection to the principle of maximum
likelihood estimation.

B. Our Contributions

Considering the multi-neuron classification problem with
either FCN or CNN, the main contributions of this work are
summarized as follows. Throughout the discussions below, we
assume the number K of neurons is a constant, and state the
scaling only in terms of the input dimension d and the number
n of samples.

o Uniform local strong convexity: If the input is Gaussian,
the empirical risk function f,,(W) is uniformly strongly
convex in a local neighborhood of the ground truth W*
as soon as the sample size n = O(dlog? d).

o Statistical and computational rate of gradient descent:
consequently, if initialized in this neighborhood, gradient
descent converges linearly to a critical point (which we
show to exist). Due to the nature of quantized labels
here, the recovery of the ground truth is only up to
certain statistical accuracy. In particular, gradient descent
finds the critical point W,, with a computation cost of
O(ndlog(1/€)), where € denotes the numerical accuracy
and W,, converges to W* at a rate of O(y/dlogn/n) in
the Frobenius norm.

o Tensor initialization: We adopt the tensor method proposed
in [15], and show that it provably provides an initialization
in the neighborhood of the ground truth both for FCN and
CNN. In particular, we strengthened the guarantee of the
tensor method by replacing the homogeneous assumption
on activation functions in [15] by a mild condition on
the curvature of activation functions around W*, which
holds for a larger class of activation functions including
sigmoid and tanh.

The cross-entropy loss is much more challenging to analyze
than the squared loss, e.g., its gradient and Hessian take
much more complicated forms compared with the squared
loss; moreover, it is hard to control the values of gradient and
Hessian due to the saturation phenomenon, i.e., when H (W, x)
approaches 0 or 1. In order to establish the uniform local strong
convexity property for the cross-entropy loss, we first show the
population loss is smooth regarding to W*. Such a property
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Fig. 1. Illustration of two types of one-hidden-layer neural networks considered in this paper: (a) a fully-connected network (FCN); (b) a non-overlapping

convolutional neural network (CNN).

was also established in [15] for the squared loss. However,
considering the special form of Hessian under the cross-entropy
loss, we need to apply Taylor’s approximation together with
certain probabilistic upper bounds to control the value of
Hessian, and obtain the smooth property. Network-specific
quantities to capture the local geometry of the population loss
at W* for FCN and CNN are derived, which imply that the
geometry of CNN is more benign than FCN, corroborated by
the numerical experiments.

Beyond these two steps, the additional uniform concentration
property of the Hessian (Lemma 3) is of key importance for us
to obtain the uniform local strong convexity of the empirical
loss. To show the uniform concentration of the Hessian, we
successfully apply a type of covering argument. Different from
the arguments in [17], which deal with the squared loss and
are facilitated by certain nice assumptions on the activation
functions, the cross-entropy loss is more difficult to apply
the covering argument, e.g., both the gradient and Hessian no
longer have a deterministic upper bound. Hence, we exploit the
property of the sigmoid activation to show that the gradient and
the Hessian of the cross-entropy loss are upper bounded with
high probability in order to establish the uniform concentration
property.

To the best of our knowledge, combining the analysis of
gradient descent and initialization, this work provides the first
globally convergent algorithm for the recovery of one-hidden-
layer neural networks using the cross-entropy loss function.

C. Related Work

Due to the scope, we focus on the most relevant literature on
theoretical and algorithmic aspects of learning shallow neural
networks via nonconvex optimization. The parameter recovery
viewpoint is relevant to the success of nonconvex learning in
signal processing problems such as matrix completion, phase
retrieval, blind deconvolution, dictionary learning and tensor
decomposition [21]-[28], to name a few; see also the overview
article [29]. The statistical model for data generation effectively
removes worst-case instances and allows us to focus on average-
case performance, which often possess much benign geometric
properties that enable global convergence of simple local search
algorithms.

The studies of one-hidden-layer network model can be further
categorized into two classes, landscape analysis and model
recovery. In the landscape analysis, it is known that if the
network size is large enough compared to the data input,
then there are no spurious local minima in the optimization
landscape, and all local minima are global [30], [31], [32],
[33]. For the case with multiple neurons (2 < K < d) in the
under-parameterized setting, the work of Tian [34] studied the
landscape of the population squared loss surface with ReLU
activations. In particular, there exist spurious bad local minima
in the optimization landscape [35], [36] even at the population
level. Zhong et. al. [15] provided several important geometric
characterizations for the regression problem using a variety of
activation functions and the squared loss.

In the model recovery problem, the number of neurons
is smaller than the input dimension, and all the existing
works discussed below assumed the squared loss and (sub-
)Gaussian inputs. In the case with a single neuron (K = 1),
[14] showed that gradient descent converges linearly when
the activation function is ReLLU, with a zero initialization,
as long as the sample complexity is O(d) for the regression
problem. When the activation function is quadratic, [37] shows
that randomly initialized gradient descent converges fast to
the global optimum at a near-optimal sample complexity. On
the other hand, [17] showed that when ¢(-) has bounded first,
second and third derivatives, there is no other critical points
than the unique global minimum (within a constrained region
of interest), and (projected) gradient descent converges linearly
with an arbitrary initialization, as long as the sample complexity
is O(dlog?d) for the classification problem. Moreover, in
the case with multiple neurons, [19] showed that projected
gradient descent with a local initialization converges linearly
for smooth activations with bounded second derivatives for the
regression problem, [38] showed that gradient descent with
tensor initialization converges linearly to a neighborhood of the
ground truth using ReLU activations, and [39] showed the linear
convergence of gradient descent with the spectral initialization
using quadratic activations. For CNN with ReLU activations,
[18] shows that gradient descent converges to the ground truth
with random initialization for the population risk function
based on the squared loss under Gaussian inputs. Moreover,
[20] shows that gradient descent successfully learns a two-



layer convolutional neural network despite the existence of bad
local minima. From a technical perspective, our study differs
from all the aforementioned work in that the cross-entropy loss
function we analyze has a very different form. Furthermore,
we study the model recovery classification problem under the
multi-neuron case, which has not been studied before.

Finally, we note that several papers study one-hidden-layer
or two-layer neural networks with different structures under
Gaussian input. For example, [40] studied the overlapping con-
volutional neural network, [16] studied a two-layer feedforward
networks with ReLU activations and identity mapping, and
[41] introduced the Porcupine Neural Network.

D. Paper Organization and Notations

The rest of the paper is organized as follows. Section II
presents the main results on local geometry and local linear
convergence of gradient descent. Section III discusses the
initialization based on the tensor method. Numerical examples
are demonstrated in Section IV, and finally, conclusions are
drawn in Section V. Details of the technical proofs are delayed
in the supplemental materials.

Throughout this paper, we use boldface letters to denote
vectors and matrices, e.g. w and W. The transpose of W is
denoted by W T, and ||W ||, ||[W||r denote the spectral norm
and the Frobenius norm. For a positive semidefinite (PSD)
matrix A, we write A > 0. The identity matrix is denoted
by I. The gradient and the Hessian of a function f(W) is
denoted by Vf(W) and V2 f(W), respectively.

Denote || - |4, as the sub-exponential norm of a random
variable. We use ¢, C, (1, .. . to denote constants whose values
may vary from place to place. For nonnegative functions f(x)
and g(z), f(z) = O (g(x)) means there exist positive constants
c and a such that f(z) < cg(z) forall z > a; f(x) = Q(g(z))
means there exist positive constants ¢ and a such that f(x) >
cg(z) for all = > a.

II. GRADIENT DESCENT AND ITS PERFORMANCE
GUARANTEE

To estimate the network parameter W*, since (4) is a
highly nonconvex function, vanilla gradient descent with an
arbitrary initialization may get stuck at local minima. Therefore,
we implement gradient descent (GD) with a well-designed
initialization scheme that is described in details in Section III.
In this section, we focus on the performance of the local update
rule

Wi =W =V f, (Wy),

where 7 is the constant step size. The algorithm is summarized
in Algorithm 1.

Note that throughout the execution of GD, the same set of
training samples is used which is the standard implementation
of gradient descent. Consequently the analysis is challenging
due to the statistical dependence of the iterates with the data.

A. Uniform local strong convexity

We first characterize the local strong convexity of f, () in a
neighborhood of the ground truth. We use the Euclidean ball

Algorithm 1 Gradient Descent (GD)

Input: Training data {(z;,y;)},_,, step size 7, iteration T
Initialization: W < INITIALIZATION ({(z;,y;)}]_)
Gradient Descent: for t =0,1,--- , T — 1

Wt+1 = Wt — 77an (Wt) .

Output: W

to denote the local neighborhood of W* for FCN or of w*
for CNN.

B(W*,r)={W e R>F . |W - W*|p <r},
B(w*,r)={w e R": ||w—w"|2 <r},

(6a)
(6b)

where r is the radius of the ball. With slight abuse of notations,
we will drop the subscript FCN or CNN for simplicity,
whenever it is clear from the context that the result is for FCN
when the argument is W € R?*¥ and for CNN when the
argument is w € R™. Further, o; (W) denotes the i-th largest
singular value of W*. Let the condition number be xk = 01 /0K,
and A = Hfil (0i/0Kk ). Moreover, we introduce an important
quantity p (o) regarding ¢(z), the sigmoid activation function,
that captures the geometric properties of the loss function for
neural networks (1) and (2).

Definition 1 (Key quantity for FCN). Let 2 ~ N (0,1) and
define o4(0) = E[¢'(0 - 2)29],Yq € {0,1,2}, and B4(0) =
E[¢/ (o - 2)229],Vq € {0,2}. Define prcn (o) as

pren(0) = min {fo(0) — af(0), B2(0) — a3(0) } — ai(0).

Definition 2 (Key quantity for CNN). Let z ~ N (0,0?) and
define pcnn (o) as

ponn () = min {E[(¢/()2)°] El¢' (2)°]}

Note that Definition 1 for FCN is different from that in
[15, Property 3.2] but consistent with [15, Lemma D.4] which
removes the third term in [15, Property 3.2]. For the activation
function considered in this paper, the first two terms suffice.
Definition 2 for CNN is a newly distilled quantity in this paper
tailored to the special structure of CNN.

The quantity p (o) plays an important role in the following
theorem which guarantees the Hessian of the empirical risk
function in the local neighborhood of the ground truth is
positive definite with high probability for both FCN and CNN.

Theorem 1 (Local Strong Convexity). Consider the classi-
fication model with FCN (1) or CNN (2) and the sigmoid
activation function.

e For FCN, assume |wil|l2 < 1 for all k. There exist
constants ci and cy such that as soon as sample size
2
K2\ )
prex (oK) )

with probability at least 1 — d=19, we have for all W €
B(W*, rren),

nreN > ¢ - dK° lode- (
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Fig. 2. Tllustration p (o) for both FCN and CNN with the sigmoid activation.

where rpon 1= -2 - 7”0,52(; %)

o For CNN, assume ||lw*||2 < 1. There exist constants cs
and cy4 such that as soon as sample size

1 2

ness > c3 - dK°log?d - <*> ;
ponn ([lw]]2)

with probability at least 1 — d~'°, we have for all w €

B(w*, ronn),

Q (II{ * PCNN ('w*||2)> I =XV (w) 2QK) - T,

where TenN i= 2% - penn ([|[w*][2).

We note that for FCN (1), all column permutations of W* are
equivalent global minimum of the loss function, and Theorem 1
applies to all such permutation matrices of W*. The proof of
Theorem 1 is outlined in Appendix B.

A pivot observation from the lower bound of the Hessian
is that the sign of p(-) will determine whether the Hessian
is positive definite or not, since K, k, A are all positive. We
depict p(o) as a function of ¢ in a certain range for the sigmoid
activation in Fig. 2. It can be seen from Fig. 2 that p (o) is
monotonic increasing when o increases, and we have p(c) > 0
as long as ¢ > 0. When W™ is orthogonal, x and A are both
1, p (o) is a constant, hence the lower bound of Hessian is on
the order of % for FCN. However, in the worst case where
the columns of W* is linear dependent, then «, A, p (o) are
infinite, and the local strong convexity doesn’t hold for FCN
case. Furthermore, the value of ponn (o) is much larger than
pren (o) for the same input.

Theorem 1 guarantees that for both FCN (1) and CNN (2) the
Hessian of the empirical cross-entropy loss function f,, (W) is
positive definite in a neighborhood of the ground truth W*, as
long as the sample size n is sufficiently large and the columns
of W* are linearly independent. The bounds in Theorem 1
depend on the dimension parameters of the network (n and K),
as well as the ground truth (pren(ok), A, penn (||lw*]2)).

B. Performance Guarantees of GD

For the classification problem, due to the nature of quantized
labels, W* is no longer a critical point of f,(W). By the

strong convexity of the empirical risk function f,, (W) in the
local neighborhood of W*, there can exist at most one critical
point in B(W™,r), which is the unique local minimizer in
B (W™, r) if it exists. The following theorem shows that there
indeed exists such a critical point W,,, which is provably
close to the ground truth W*, and gradient descent converges
linearly to W,,.

Theorem 2 (Performance Guarantees of Gradient Descent).
Assume the assumptions in Theorem 1 hold. Under the event
that local strong convexity holds,

e for FCN, there exists a critical point in BW™* rpcn)

such that
K942\ [dlogn
S C1 )
F PENN (0K ) n

and if the initial point Wy € B(W*,rren), GD con-
verges linearly to W, i.e.
canpren (0k )

<|1-

F ( K2Kr2\
for n < cs, where c1,ca, c3 are constants;

e for CNN, there exists a critical point in B(w*, rcnn) such

that
~ K dl
1, — w*[l, < 4 R,
penn (Jlw*|l2) n

and if the initial point wy € B(w*,renn), GD converges
linearly to W, i.e.

HV’Vn W

—
n

o

b

t
) |wo - W,

t
_ C5MPCNN (||w*||2) ||,w — & ”
K 0 nll2

Jor n < cg/K, where ¢y, cs5,cq are constants.

Similarly to Theorem 1, for FCN (1) Theorem 2 also holds
for all column permutations of W*. The proof can be found in
Appendix C. Theorem 2 guarantees that the existence of critical
points in the local neighborhood of the ground truth, which GD
converges to, and also shows that the critical points converge
to the ground truth W* at the rate of O(K®/*y/dlogn/n) for
FCN (1) and O (K v/dlog n/n) for CNN(2) with respect to
increasing the sample size n. Therefore, W* can be recovered
consistently as n goes to infinity. Moreover, for both FCN (1)
and CNN (2) gradient descent converges linearly to W,, (or
resp. W,) at a linear rate, as long as it is initialized in the basin

—

i =, < 1

of attraction. To achieve e-accuracy, i.e. HWt — W”H < e (or
F

resp. ||w; — Wy ||, < €), it requires a computational complexity
of O (ndK*log(1/€)) (or resp. O (ndK?log (1/€))), which
is linear in n, d and log(1/¢).

III. INITIALIZATION VIA TENSOR METHOD

Our initialization adopts the tensor method proposed in [15].
The initialization method works for the FCN model directly, and
works for the CNN model with slight modification as presented
in [42]. To avoid unnecessary repetitions from the previous
work, we focus on the FCN case to outline the algorithm and
remark the difference. We recommend the readers refer to [15],
[42] for more details.



Step 2

A. Preliminary and Algorithm

We start with introducing the necessary definitions which
can be found in [15]. We first define a product ® as follows.
If v € R? is a vector and I is the identity matrix, then
vl = ijl[v@)ej@ej +e;QvRe;j+e;Re;Qv). If M
is a symmetric rank-r matrix factorized as M = >_;_, s;v;v;
and I is the identity matrix, then

r

d 6
M&I = Z zZZAl,i,j,

i=1 Jj=11=1

(7

where Al,i,j =v;Q0V; ® €; & €j, Ag’i’j =1;® €; Rv; €j,
A3,i)j =€; Qv v R ey, A47i,j =v;,0e Qe R,
A57i7j =e; RV Qe Yu; and A6,i,j =e;Re Qv Q.
This allows us to introduce the following quantities.

Definition 3. Deﬁne Ml, MQ, Mg, M4 and mi,e, M2, M3,
my; as follows:

M1 E[y x],
Ely-(z@z—1I)],
Ely - (z®° —a®I)],
M4 =E[y- (®* — (z @ )T + IRI)],

myi; = Gi (”w*”) vl = 07 ]-a 23 3747

where 91, (0) =1(0), 92,i (0) = 72(0) —0(0), g3, (0) =
Y3(0) — 371(0), ga,i (0) = 74(0) + 370(0) — 672(0), and
vj(0) = Eson)[d(o - 2)27], V5 =0,1,2,3,4.

We further define a tensor operation as follows. For a
tensor T' € R™1X"2X"3 and three matrices A € R *% B ¢
Rn2xd2 G € R™*4 the (i,7,k)-th entry of the tensor
T (A, B,C) is given by

niy N2 N3

E E E Ty jrwAiriBj jCh i
,L‘/ j/ k/

Armed this with definition, we define the following useful
quantities.

®)

Definition 4. Let o« € R? denote a randomly picked vector.
We define P, and Ps as follows: P, = M;,(I,1,a,--- , ),
where j, = min{j > 2|M; # 0}, and P; =
M, (I,I.1I,a,--- o), where js =min{j > 3|M; # 0}.

We further denote w = w/||w||. An important implication of
Definition 3 and 4 is that the non- Zero matrix P, and non ZEero
tensor Py is in the form of 35 m, ; (aTw}) w2,
ZK T—x\7373 —x®3

i1 Mjs i (a w; ) w; ~°, see[15, Claim 5.5]. The bas1c
strategy is to extract the dlrectlon magnitude information from
the empirical version of P, and Ps;. Hence estimating W*
can be decomposed as the following two steps.

Step 1 Estimate the direction of each column of W* by de-

composing P, to approximate the subspace spanned
by {w7, w5, -+ ,wi} (denoted by V), then reduce
the third-order tensor P3; to a lower-dimension tensor
R; = P;(V,V,V) € REXEXK and apply non-
orthogonal tensor decomposition on Rg3 to output the
estimate s;V T}, where s; € {1,—1} is a random sign.
Approximate the magnitude of w; and the sign s; by
solving a linear system of equations.

The initialization algorithm based on the tensor method is
outlined in Algorithm 2. For more implementation details about
Algorithm 2, e.g., power method, we refer to [15].

Algorithm 2 Initialization via Tensor Method

Input: Partition n pairs of data {(x;,y;)},_, into three
subsets D1, Doy, Ds.

Output: R

1: Estimate P, of P5 from /(\iata set D;.

2: V <~ POWERMETHOD(P, K).

3: Estimate R3 of Pg(Y, V,V) from data set D5.

4: {’l/l\lz}ze[K] — KCL(Rg)

s: {w”}icx] « RECMAG(V., {@; }icx], D).

B. Performance Guarantee of Initialization

For the classification problem, we make the following
technical assumptions, similarly to [15, Assumption 5.3] for
the regression problem.

Assumption 1. The activation function ¢(z) satisfies the
following conditions:

1) If M; #0, then

K 2

> mj (wiTa) wrwT 2o,
i=1

K
E —xT J
mjvi (’11)1 Oé
i=1

for 3 > 3.
2) At least one of M3 and My is non-zero.

(V@ vee(V @) (V@) )T A0,

Assumption 1 is to guarantee that the key terms still contain
the magnitude information about w}. It can be verified that
for sigmoid activation ms; is non-zero for o > 0, hence it
will satisfy Assumption 1. Furthermore, we do not require the
homogeneous assumption (i.e., ¢(az) = aPz for an integer p)
required in [15], which can be restrictive. Instead, we assume
the following condition on the curvature of the activation
function around the ground truth, which holds for a larger
class of activation functions such as sigmoid and tanh.

Assumption 2. Let |1 be the index of the first nonzero M;
where i = 1,...,4. For the activation function ¢ (-), there
exists a positive constant § such that g;, ;(-) is strictly monotone
over the interval (||w}| — o, ||w}| + 0), and the derivative of
g1,.:(+) is lower bounded by some constant for all i.

It can be numerically verified that sigmoid activation will
also satisfy Assumption 2. We next present the performance
guarantee for the initialization algorithm in the following
theorem.

Theorem 3. For the classification model (1), under Assump-
tions 1 and 2, for any 0 < € < 1 and { > 1, if the sample size
n > d-poly (K, k,(,logd, 1/e), then the output Wy € RI*K
of Algorithm 2 satisfies

[Wo — W|[r < epoly (K, ) [W7||g, ©)



with probability at least 1 — d—(C),

The proof of Theorem 3 consists of (a) showing the
estimation of the direction of W™* is sufficiently accurate and
(b) showing the approximation of the norm of W* is accurate
enough. The proof of part (a) is the same as that in [15],
but our argument in part (b) is different, where we relax the
homogeneous assumption on activation functions. More details
can be found in the supplementary materials in Appendix E.

IV. NUMERICAL EXPERIMENTS

For FCN, we first implement gradient descent to verify that
the empirical risk function is strongly convex in the local region
around W*. If we initialize multiple times in such a local
region, it is expected that gradient descent converges to the
same critical point W,,, with the same set of training samples.
Given a set of training samples, we randomly initialize multiple
times, and then calculate the variance of the output of gradient
descent. Denote the output of the ¢th run as @) = vec(ﬁ\/y))
and the mean of the runs as w. The error is calculated as SD,, =

\/% Zle ||1B7(f) — w||?, where L = 20 is the total number
of random initializations. Adopted from [17], it quantifies
the standard deviation of the estimator W,, under different
initializations with the same set of training samples. We say
an experiment is successful, if SD,, < 1074, We generate the
ground truth W* from Gaussian matrices, and the training
samples are generated using the FCN (1). Figure 3 (a) shows
the successful rate of gradient descent by averaging over 50
sets of training samples for each pair of n and d, where K = 3
and d = 15, 20, 25 respectively. The maximum iterations for
gradient descent is set as iter;,,x = 3500. It can be seen that as
long as the sample complexity is large enough, gradient descent
converges to the same local minima with high probability.

We next show that the statistical accuracy of the local mini-
mizer for gradient descent if it is initialized close enough to the
ground truth. Suppose we initialize around the ground truth such
that [|[Wy — W*||p <0.1-||W*||p. We calculate the average
estimation error as S22 | ||[W” — W*||2/(L|W*||2) over
L = 100 Monte Carlo simulations with random initializations.
Fig. 3 (b) shows the average estimation error with respect
to the sample complexity when K = 3 and d = 20, 35,50
respectively. It can be seen that the estimation error decreases
gracefully as we increase the sample size and matches with
the theoretical prediction of error rates reasonably well.

Similarly, for CNN, we first verify that the empirical risk
function is locally strongly convex using the same method as
before. We generate the entries of true weights w™ from stan-
dard Gaussian distribution, and generate the training samples
using the CNN model (2). In Fig. 4 (a), we say an experiment
is successful if SD,, < 10~', and the successful rate is
calculated over 100 sets of training samples with K = 3 and
d = 15,24, 30 respectively. Then we verify the performance
of gradient descent in Fig. 4 (b). Suppose we initialized in the
neighborhood of w*, i.e., ||wy—w*||2 < 0.9-||w*||2, for fixed
d, K, n, the average error is calculated over L = 100 Monte
Carlo simulations. It can be seen that the error decreases as
we increase the number of samples.

V. CONCLUSIONS

In this paper, we have studied the model recovery problem
of a one-hidden-layer neural network using the cross-entropy
loss in a multi-neuron classification problem. In particular,
we have characterized the sample complexity to guarantee
local strong convexity in a neighborhood (whose size we have
characterized as well) of the ground truth when the training
data are generated from a classification model for two types
of neural network models: fully-connected network and non-
overlapping convolutional network. This guarantees that with
high probability, gradient descent converges linearly to the
ground truth if initialized properly. In the future, it will be
interesting to extend the analysis in this paper to more general
class of activation functions, particularly ReLU-like activations.

APPENDIX A
GRADIENT AND HESSIAN OF POPULATION LOSS

For the convenience of analysis, we first provide the gradient
and the Hessian formula for the cross-entropy loss using FCN
and CNN here.

A. The FCN case

Consider the population loss function f(W) =
E[f,(W)] = E[{(W;x)], where {(W;x) is associated
with network Hpen (W, ) = % Zszl ¢(w) x). Hiding the
dependence on x for notational simplicity, we can calculate
the gradient and the Hessian as

W) _p[ L - HW) o
]E{ w; ]_ [ K W) - oy (@ )(10)’
E[M] =B [ (W) wa']. an

for 1 < j,1 < K. Here, when j # [,

HW)*+y—2y-H(W)
H2(W) (1 - H(W))*

)

60 (W) =550 (w)2) o (w/'z) -

and when j =1,

H(W)?+y—2y-H(W)
H>(W) (1 - HW))?

1, y—H(W)
-~ 59 (w/=) HOW) (1 — H(W))"

&, (W) = %f (w;m)Q :

B. The CNN case

For the CNN case, i.e., H(w) := Hceny (w,xz) =
LK g(wTx®), the correspondi di d Hessi
" 2k=1 , ponding gradient an essian
of the population loss function ¢(w) is given by

[O¢ (w) y— H (w)

e o M (agy T (1) . (D)
£ 0w }‘E{ ) F i Aw) © |
12)
r 2
E V;ug;w)} =E ZZgj,l (w) &7 (13)

- Jj=11=1
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Fig. 3. For FCN (1) fix K = 3. (a) Success rate of converging to the same local minima with respect to the sample complexity for various d with threshold
10—%; (b) Average estimation error of gradient descent in a local neighborhood of the ground truth with respect to the sample complexity for various d. The
x-axis is scaled to illuminate the correct scaling between n and d.
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Fig. 4. For CNN (2), fix K = 3. (a) Success rate of converging to the same local minima with respect to the sample complexity for various d with threshold
10~14; (b) Average estimation error of gradient descent in a local neighborhood of the ground truth with respect to the sample complexity for various d. The
x-axis is scaled to illuminate the correct scaling between n and d.

where when j # [, 3) Next, we show that the Hessian of the empirical loss

function V2 £,, (W) is close to its population counterpart

2 f— . . . . . . oy
gj1 (w) = % : H(gv()w)—i—(ly_ Zy(wb)l)()gu)ﬁ (wT:cm) ¢ (wTa:(”) . V2f(W) uniformly in B(W™*,r) with high probability

(Lemma 3).

and when j = I, 4) Finally, putting all the arguments together, we establish
U H () S ) V2 f,,(W) satisfies local strong convexity and smoothness

i (W) = = (w)” +y -2y (?) - ¢/ ('wT:c(j)) in B(W*,r).
K (H (w) (1 - H (w))) To begin, we first show that the Hessian of the population
_1 . y-Hw) " (wTw(J')) , risk is smooth enough around W* in the following lemmas.

K H(w)(1-H (w))
Lemma 1 (Hessian Smoothness of Population Loss). Suppose
APPENDIX B the loss ¢ (-) associates with FCN (1), and assume ||wj|2 <1
PROOF OF THEOREM 1 Sor all k and ||W — W*||g < 0.7. Then we have

In order to show that the empirical loss possesses a local |V2f (W) = V2f (W) || < G W —W*|g, (14)

3
strong convexity, we follow the following steps: °
1) We first show that the Hessian V2 f(W) of the popula- holds. Similarly, sulipose the loss 0 (-) as*sociates with CNN
tion loss function is smooth with respect to V2 f(W*) (2), and assume |[w*[l2 <1 and [lw —w*|[; < 0.7. We have
(Lemma 1); IV2f (w) = V2f () | < Co- K - w — w*lls, (15

2) We then show that V2 f(W) satisfies local strong con-
vexity and smoothness in a neighborhood of W* with
appropriately chosen radius, B(W™*,r), by leveraging The proof is provided in Appendix D-A. Together with the
similar properties of V2 f(W*) (Lemma 2); fact that V2 f(W™*) be lower and upper bounded, Lemma 1

holds. Here Cy and C5 denote some large constants.



allows us to bound V2 f(W) in a neighborhood around ground
truth, given below.

Lemma 2 (Local Strong Convexity and Smoothness of
Population Loss). If the loss £ (-) associates with FCN (1),
there exists some constant C1, such that

4 pren (k)
K? K2\

holds for all W € B(W*, rren) with rpon i= C3 - 2ECN0R).
2

I =Vif(W)=C -1,

K2

Moreover, if loss € (-) associates with CNN (2), then we have
Cs - 7PCNN%“’ I2) <2 f )<y K1,

holds for all w € B(w*,ronn) with rony = Cs -
PCNN&(”;H*HQ).

(16)

The proof is provided in Appendix D-B. The next step is
to show the Hessian of the empirical loss function is close to
the Hessian of the population loss function in a uniform sense,
which can be summarized as follows.

Lemma 3. If the loss { (-) associates with FCN (1), then there
exists a constant C' such that as long as n > C - dK log dK,
with probability at least 1 — d—19, the following holds

dK logn
IV f (W) = V2 F (W) || < 0y =21,
WEB(W * ,rpenN) n

sup
(17)

where rpen = S - %. And if the loss {(-) associates

with CNN (2), thfe{n2 we have

% - log ()

sup  [[V2fn (w) = V2 f (w) | < CK? T

wEB(w* ,T'CNN)

(18)
holds with probability at least 1 — d—'°, as long as n >

Llog (L), and reny = C - eedlierlz),

The proof is provided in Appendix D-C. Combining the
above results will give us the result. Next we assume that the
loss ¢ (-) associates with FCN, and take it as an example in
the proof. Then if the loss £ (-) associates with CNN, the proof
follows in the same manner.

Proof of Theorem 1. With probability at least 1 — d 19,

V2 fo(W)
= V2 (W) = ||V f (W) = V2F(W)| - I

1 prew (0K) dKlogn
- — PN VPRIN T — R iR BN
Q( R B N e e R

As long as the sample size n is set to satisfy

dKlogn 1 prex (oK)
oot o - PECN TR
¢ n - K2 k2N

K2\
preN (oK)

V2f, (W) = Q (1 . pFCN(UK)) T

2
i.e.nZC-dK5log2d-( ) , we have

K2 K2\

holds for all W € B (W™, rpcn). Similarly, we have
Vif,(W)=<C-I
holds for all W € B (W™, rpen). O

APPENDIX C
PROOF OF THEOREM 2

We have established that f,, (W) is strongly convex in
B(W™*,r) in Theorem 1. Thus there exists at most one critical
point in B(W™*,r). The proof of Theorem 2 follows the steps
below:

1) We first show that the gradient V f,, (W) concentrates

around Vf (W) in B(W™*,r) (Lemma 4), and then invoke
[17, Theoreml] to guarantee that there indeed exists a
critical point W, in ]@LW*, r);

2) We next show that W, is close to W* and gradient
descent converges linearly to W,, with a properly chosen
step size.

To begin, the following lemma establishes that V f,, (W)

uniformly concentrates around V f (W).

Lemma 4. If the loss ¢(-) associates with FCN (1) with
c . ’)F%(;\’K), and |w}|l2 <1 for all k, then

TFCN =

K3
dv Klogn
sup [V fa (W) = VW) < 0y =80
WEeB(W*,rpenN) n

holds with probability at least 1 — d~'°, as long as n >
CdK log(dK). If the loss L (-) associates with CNN (2), with
reny = C - 7"01\”\72‘;" I2) g [[w*||2 < 1, then

sup
weB(w*,reNN)

IVfn(w) =V f(w)]| <C- (19)

dlogn

n
holds with probability at least 1 — d—1° as long as n >
Cilog ().

The proof is provided in Appendix D-D. Notice that for the
population risk function f(W'), W* is the unique critical point
in B(W™, ) due to local strong convexity. With Lemma 3 and
Lemma 4, we can invoke [17, Theorem 2], which guarantees
the following.

Corollary 1. If the loss £(-) associates with FCN or CNN,
there exists one and only one critical point W, € B(W*,r)

that satisfies V f, (Wn) = 0 correspondingly.

Again, since the proof for the case with the loss ¢ (-)
associating with FCN is the same as that for CNN, we next
take FCN as an example.

We first show that W, is close to W*. By the mean value
theorem, there exists W’ one the straight line connecting W*
and W,, such that

Fo (W) = £ (W) (V1 (W) vee (W, — W)
+ %vec (ﬁ\/n - ‘/V*)'r V2, (W) vee (ﬁ}n . W*)
< fn (W), 20)



where the last inequality follows from the optimality of ﬁ\/n
By Theorem 1, we have

e (W= W) 925 (W) e (W, )

1 .
2Q(K2-”FCN ("K)) W, —w 1)

2
F

K2\
On the other hand, by the Cauchy-Schwarz inequality, we have
‘<an (W™),vec (ﬁ\/n - W*)>‘
<V (W) 2| W = W5

dK2logn \ , —
<@\ == | W - W,

where the last line follows from Lemma 4. Plugging (21) and

(22) into (20), we have
K12\ [d logn
proN (0k) n

Now we have established that there indeed exists a critical
point in B(W™*, rpcn). We can then establish the local linear
convergence of gradient descent as below. Let W, be the
estimate at the ¢-th iteration. Due to the update rule, we have

(22)

W, — W*||p <Q (23)

—

Wi =W, =W, —nVf, (W) — (ﬁ\/n =NV (Wn))

—(1-n] v W ) (Wi W),

where W () = ﬁ\/n + (Wt — ‘//I\/n) for vy € [0,1]. If W, €
B(W™*, rrpen), it is obvious that W () € B(W™, rpen), and
by Theorem 1, we have

Hmin I j V2fn (W<’Y)) j Hmax . 17

where Hyin = (% . 'DF%(;K)) and Hpax = C. Therefore,
we have

1
Wit — Wl < | -7 / V2 fo (W () [[| W = Wl
< (1= nHumin) [We — Wy . (24)

L_ .= Q(C), we obtain

Hence, by setting n = oo

Tx7 Hmin
Wi — Wy|lr < (1 -

max

) |W; — W, |, (25

which implies that gradient descent converges linearly to the
local minimizer W,,.
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Supplementary Materials: Additional Proofs
APPENDIX D
PROOF OF AUXILIARY LEMMAS
A. Proof of Lemma 1.

We prove the two claims for FCN and CNN separately as below.
« The FCN case: Let A = V2f(W) — V2f(W*). For each (j,1) € [K] x [K], let A;; € R¥*? denote the (j,!)-th block

of A.Leta =[af, - ,a}]" € R By definition,
IV2F(W) = V2F (W) = max a' (VF(W) = V2f(W*))a = HEP ZZa Ajia. (26)
=11=1
From (11) we know that
0*f (W) _ 0°f (W™) T
and then by the mean value theorem, we can further expand &;; (W) as
* - agj’l (W> *
§a (W) =& (W7) + Z ow, Wk Wk ) (28)
k=1

where W =7 W + (1 —n) W~ for some n € (0,1). Thus we can write A;; as

K 19¢, (W
A =E Z<£Ll(),wk—wz> cxx | , (29)

ow
k=1 k

which can be further simplified as

Jl*

K
<Z Lk (X, Wy — 'wk>> ~ma:T] , (30)
k=
¢ z(N

w . . . .
by the fact that —7=- ) can be written as T} - «, where T} ;; € R is a scalar depending on . When j = [, we

95,1 (W)

calculate —ban for illustration,

2 ¢ (w m)2 1 d)”(wTw)

1 T .
06; (W) )\ K> HW) t % HWT ) ®? (wy z) x k# 7 1)
ow, 2 [(¢(w] )¢ (w/a) ¢ (w =) L[ (wiw) ¢ (w] ) 1 _
g e ( HW)? ~—awy | Tr\ mMT T TEW wo(wiz)z k=

where we have simplified the presentation by setting y = 1, since y is a binary random variable, and we will show that in
either case |1} ; x| is upper bounded, i.e., in this case

2 1 11 _
_ max{ﬁmv”vw’ﬁmﬁoz} y=1
| J k| max l lm 1 1~ y = 0 )
K3 (1-HW))" K2 (1-HW))”
since ¢ (+),¢" (), 9" (-),¢"” (-) are bounded. More generally, by calculating the other case we can claim that

‘/Z—blk|<maX 23 }\/ 7% }\/ 713 1~ ,7% 1~ )
K*HW)s K2 HW)2 K2 (1 - H(W))? KZ (1 - H(W))?

holds for all j,1, k. Then, we can upper bound a]-TAjylal using Cauchy-Schwarz inequality,

K
a;rAj,zal =K [(Z Tj,l,k <w,wk — w2>> (a;ra:) (al—raj)‘|

k=1

(32)

K
Z gibk E

k=1

IN

E

i ((az,wk — wj) (aJT:B) (alTw))Q]

k=1

IN

K K
\ STE[T2] [ lwn — wil3 - lagl -l (33)

k=1 k=1



Plug it back to (26) we can obtain the following inequality,

K
V25 (W) = V2 (W) ||<”m|f»xlzz ZE[M}- > —wil} - lagl-aul3 34
=1 k=1

Then the problem boils down to upper bound E {T?] k}, which we can apply the following lemma, whose proof can be
found in Section D-E.

Lemma 5. Let  ~ N(O I), t = max {||wil|2, - |lwkll2} and z € Z such that z > 1, for the sigmoid activation
Sunction ¢ (z) = 1+e —, the following
P z
E K ! > ] <Ci-e', E ! <Cy-e (35)
1 K = L1 ) >~ 2"
X0 (w]a) (1- 20 (w]a))

holds for some large enough constants C1,Cs that depend on the constant z.
Setting z = 4 and z = 6 in Lemma 5, together with (32) we obtain that

C _
B [Li4] < g om0, (36)
holds for some constant C. Plugging (36) into (34), we obtain
* O * *
IV2f(W) = V2F(WH)|| < =5 e MWIE W — W g - HmlﬁxlzZna]H ollarl|2 < —e”W”F W — W*|[g. (37)
Jj=11=1

. . O 12 . .
Further since e™®i<i<k @iz < (' gives that ||w; — w?| < 0.7, where we have used the assumption that
maxi<i<x |w;]|3 < 1, we conclude that

C
IV2f(W) = V2 f(WH)]| <7 lIW =Wk (38)

holds for some constant C'.
The CNN case: according to (13), we can calculate the upper bound of ||[V2f (w) — V2 f (w*) || by definition as

IV f (w) = V2 f (w*) || < max ZZE [ 951 (w) — g1 (w*)) - w2 x| (39)
T oj=11=1
We then again apply the mean value theorem to g, ; ('w), such that there exists w = nw + (1 — 1) w for some 75 € (0, 1),
i (w) = gju (w*) = (Vgji (w) ,w —w”).

Similarly to the FCN case, we can write Vg, ; (w) in the form of

Vg]7 ZSJ]C ZC

where S;; 1, is a scalar that depends on w and ),k =1, | K. Again we take j # [ as an example to calculate S; ,
by definition, and obtain

g Q0w) (- H@)d (@l (wlal) , (0-Hw)d @) @)
ow (1- H (w)) (1-H (w))

(;5/ (wTw(l )(;5/ (w (B(J) .
— —E @) <K > at >> (40)

where we set y = 0 for simplification. Then we obtain

o (- H@)d e ) 1 ¢ a0) ¢ (wa0) an
7,00 = K2 (1 _ H(w))3 K3 (1 _ H(w))3 .

and
1 1

LT e — 42
S B )y -



hold, where we used the fact that 0 < H (w) < 1 and ¢’ (-),¢"” (-) are bounded. Hence in the same way, we can obtain

1 1 1 1 :
e ﬁ(l—H(ﬂ:))S’W(H(a)P} i7!

K
1Sj0,6] < | ) L _ (43)
WAV K G-H@)?" K (H(w@)) J=
Plug these back to (39) we obtain
K K K
Hv2f (w) _ v2f (,w*) ” < max ZZE Z <S],l7k x( ))w _ ,w*> culae@ . w(l)Tu]
lel==1 525 L=
K K K
= max E S w—w) z® Tz . DTy
full=1 & l_zl kz_l sk ( )
]7 = =
K K K K ) , ,
< max ZZ E ZSJZM] ‘E Z ((wiw*)Tm(k)) (uTz@)” (zOTu) ]
lullz=1 =17 k=1 k=1
K K K K
< max 3 )\ E ZS?,M] Dl = w3 - 3 - 3
lullz=1 =11 k=1 k=1
<C- K-l w—w|s, (44)

where the second inequality 2follows from Cauchy-Schwarz inequality, and the last inequality follows from (43) and
Lemma 5. Further since el®l2 < C'- (1 + ||w — w*[|3) given that ||w — w*||> < 0.7, we conclude that

IV2f (w) = V2f (w*) || < C- K - [Jw —w*| (45)

holds for some constant C' and ||w — w*|| < 0.7.

B. Proof of Lemma 2

We first present upper and lower bounds on the Hessian V2 f(W*) of the population risk at ground truth, and then apply
Lemma 1 to obtain a uniform bound in the neighborhood of W*.

e The FCN case: Recall
Prown |1 ¢ (w;Tx)’ .
i lK (H(W*) A Hw)) ™|

O f (W) El ! _<¢' (wTz) ¢/ (wi =) )"”‘”T}
) :

dw; 0w, K2 \HWH(1_-HWwW
where we have applied the fact that E [y|z] = H (W*). Let a = [a], -+ ,aj]" € R¥. Then we can write
2
K / * T T
1 (ijl ¢ (w;Tz) (a; :v))
V2f(W*) = | min a' V2f(W* a> -I'= min — I 46
fWe = <|a|2—1 F W) lafl=1 K HW*) (1-H (W) o
Since 0 < H (W*) < 1, we have that H (W*) (1 — H (W*)) < 1. Hence,
2
4 X 4 prox (0k)
V2f(W*) > min —RE Z¢’ (w;Tx) (a;w) I = =1, 47)
j=1

lall.=1 K2 K2 K2\

where the last inequality follows from [15, Lemmas D.4 and D.6]. To derive an upper bound of V2f (W™*), we have

L (B ) (o))

Vi (W <( V(W )-I: —E 48
FW) 2| maxja VS (W) a a1 K2 | 50 (wiT ) (1 6 (wi T w)) @
Then by Cauchy-Schwarz inequality, we have
2
(Z]K=1 @' (wj*»Ta:) (a?w)) (Z]K=1 ¢ (w;Ta})2> ) (Zf:l (aij)Q) (49)

0 (@) (- 0w @) g2 0(w; @) (10 (wf @)



: / T 1
Further since ¢ (w} ') < 1, and

>0 (wiTe) (16 (wiTe) 2 >0 (wiTw) (16 (w ) = D¢ (w;Ta) 243 ¢ (w)T2)".  (50)
il j=1 j=1 j=1
we obtain
ey 1 _|CK2 & | 2
Vif( )ajﬁE 1 (a;z)" | . (51)
j=1
Plugging (51) back to (48), we obtain
V2f(W*)<C-1. (52)

Thus together with the lower bound (47), we conclude that

4 PFCN (UK) 2 *
PECN IR 1 < ~<C-TI.
) VW) =0 (53)
From Lemma 1, we have
IV f(W) =V f(WH)| < % W — WX|F. (54)
Therefore, if |W* — W||p < 0.7 and
9 . 4 prex (0k)
K ”W w ” = K2 K2\ ’

ie., if |[W — W*||p < min {KCT prox(or) 7} for some constant C, we have
2

RN

K2 K2\
4 prex (oK)
K? K2

uin (V2 (W) 2 i (V25 (W) = [V (W) = V2 (W*) | 2 15 - T8 - C oy — e

Vv

Moreover, within the same neighborhood, by the triangle inequality we have
IV2f (W) < IV2f (W) = V2F (W) || + V2 f (W) || S C.
The CNN case: Following from (13), we have
% S &' (w*T;,;(J’)) & (w*Tw(l)) @ ae®OT
H (w*) (1 - H (w*))

V2 f (w") = ]E[ (55)

By definition, we lower bound V2 f (w*) by

% Zj,l o4 (w*Tq;(j)) uTm(j)Qy (,w*Tx(l)) uwTz® .
H (w*) (1= H (w") '

4 , .
- HLHHI Bl ZZ¢/ (w*Twm) w2y (w*Tm<l>) Wz .1

- (i, SE[Y (wTe) uTel] B[ (w720 uTa0] + 32 [(0 (w7a0) a0 ) 1

j=1
where the last equality follows from the fact that (%) is independent from (") given that j # I. Next we decompose u as

t
u ’U)
jwrz W (u

w*
HW*H2

. w*), and calculate the expectation as

T ,p4x To,4x T
& (wTaeW) (L8 (u— 2 Y e
w3 w3

E {cﬁ’ (wTa) m w T <a>] VE[¢ (wT20)] E

u =

E [¢’ (w*Tmm) uTmm} -E

T T
2
T o pyx
= 7|1|wa[|)|%]]£ {qb’ (w*T:c(j)> w*Tac(j)} ,



. * T .
where the second equality follows from the independence of w* " x/) and (u ww w*) x(9). Hence,

BT
P kT )Y 2y T o) S ) A W () ulw )’ / 2
E[(;S('w x )u:c }‘E[qﬁ(w x )um }: o) Bl @D =0 (56)
where z = w*Tz() ~ N (0, ||w*||3), and the last equality follows because ¢’ (z) z = — (¢' (—2) - (—z)). Similarly,

E [(d (wTa) uTww)z]

2 Tk 2 T ek T
_ ' a* T e U w0 v w )
=50 (wTe0) | (frfy v o) *((“ ) ””) ]
_(wTwr Y N T2 (T2 2 (UT“’*)2 N T
‘<w*||§> 'E{‘? (w72 (w j)]* Fellz = ey 'E[¢ C ”””' S

Together with Definition 2, we have

. N 2
E |:<¢/ ('u)*TCC(j)) ’U,T:B(j)> :| > peNN (”w*”Q) ) (58)
Hence,
4
V2 f (w*) = K PONN (lw*l2) - I. (59)
Moreover, we apply Cauchy-Schwarz inequality and upper bound the Hessian as
. . 2 K T..() 2
Yo (¢ (wTa))” 5 (ul2)
V2 f (w*) < ( max u' V2f (w* u) I < max E | Z=10K I= -I. (60)
Flo) < | e, f ) lull>=1 H (w*) (1 - H (w*))
Using (50), i.e.,
N2
&2 20 ¢ (wT2P)" 1 61)
Hw)(1- H(w)) — 4
we upper bound the right-hand side of (60) as
K
1 ) 2 K
V2f(w*) < max E |~ (uTm(j)) I==—-1. 62
fw') 2 max 4; . (62)
Together with the lower bound, we now conclude that
4 K
= pown (Jw”l2) -1 = V2f (w*) < - . (63)
And following from (15) in Lemma 1, we have
IV2f (w) = V2f (w) || < C- K - lw — w*[J2. (64)
Thus if flw — w*| < min {0.7,C - L2350l 4 we have
*
C~M-Ijv2f(w)j0~l(~1. (65)

K

C. Proof of Lemma 3

We apply a covering type of argument to show that the Hessian of the empirical risk function concentrates around the
Hessian of the population risk function uniformly, and the argument applies to both the loss associated with FCN and CNN.
We first take the FCN case as an example and then we provide the necessary modifications for the proof of the CNN case.

o The FCN case: We adapt the analysis in [17] to our setting. Let N, be the e-covering number of the Euclidean ball
B (W™, r). Here, we omit the subscript FCN of r for simplicity. It is known that log N, < dK log (3r/e) [43]. Let
We = {W1,---,Wn_} be the e-cover set with N elements. For any W € B (W™, 7), let j (W) = argmin; ¢y, [|W —
W;w)llr < € forall W € B(W*,7).



For any W € B (W™, r), we have
1 n

= VA (Wiw)iz:) —E [V2 (W)@ )}H

i=1

IV fu (W) = V2F(W)| < Z (V2 (Ws@:) = V2L (Wi )] || +

+H [ t(Wjw)ie)] —E [V (W]

Hence, we have

P ( sup V2 fr (W) = V2 F(W)| Zt> <P(A) +P(B) +P(Cy),
WEB(W*,r)

where the events A;, B; and C; are defined as
A = { sup SV (W) — V2 (Wws )] || >
WEB(W*,r) P
Bt:{ sup lZv"’é(W;mi) E [V (W;z)] }
WeW,

Cy = { sup H [V Z( J(W); T )] [V (W w)] >

n

3=

n

CO‘H

}

1) Upper bound on P (B;). Before continuing, we state a useful technical lemma, whose proof can be found in [17].

W =+

WeB(W*,r)

In the sequel, we bound the terms P (A4;), P (B;), and P (C}), separately.

Lemma 6. Let M € RY*? be a symmetric d x d matrix and V. be an e-cover of unit-Euclidean-norm ball B (0, 1),
then
M| <

1
Mv)]|. 66
1_2€5u§|<v, v) | (66)

Let V1 be a (g)-cover of the ball B(0,1) = {W € R " . [[W||p = 1}, where log |V | < dK log12. Following from

Lemma 6, we have
1o~ oo ) 2 .
<v, (n;—lv ((W;a;) —E [V E(W,m)]>v>|.

n

1
w2 G

i=1

%ivWW;mi) ~E[V(W;)]

i=1

< 2 sup
veVy
4

Taking the union bound over W, and Vi yields

1
gZGi >

i=1

E S edK(log 3{+log 12) sup P Z E 7 (67)
6 WeW. veVy 6

where G; = (v, (V2 (W;x;) — E [V2(W;z)])v) and E[G;] = 0. Let a = [a{, -+ ,aj] € R*. Then we can
show that |G|y, is upper bounded, which we summariz as follows, and whose proof is given in Appendix D-F.

P(B,) <P sup
WEWs,’UEV%

Lemma 7. Suppose the loss is associated with FCN. There exists some constant C' such that
1Gilly, < C =72

Applying the Bernstein inequality for sub-exponential random variables [17, Theorem 9] to (67), we have that for fixed

W eW,.,ve Vi,
—1 E <'U (VZK(W/':B')7E[V2€(W/‘CE)D’U> >t <2exp —c-n-min L2 i (68)
3 3 I3 9 - 8 = 7_477_2 )

]P><
n -
=1

for some universal constant c. As a result, P (B;) is upper bounded by

(1t 3r
2exp| —c-n-min| —,— | +dKlog — +dKlog12 | .
T T €

Thus as long as

dI log 357 4 log 4 dK log 3¢ 4 log 4
t>C-maX{\/( 08" +log ) 7 (dKlog °r +Og5)} (69)

n

n
for some large enough constant C, we have P (B;) < 3.



2) Upper bound on P (A;) and P (C}). These two events will be bounded in a similar way. We first present the following
useful Lemma, whose proof is provided in Appendix D-H

Lemma 8. Suppose the loss is associated with FCN. There exists some constant C' such that

HVQK (W7 :I:) — V2€ (W/7 l’) ||
E sup <C-dVK. (70)
W AW €B(W*,7) W — W[|g
Consider the event C; first. We derive

sup  ||E [V (W) z)] —E[V(W;z)] |

WeB(W*,r)
|E [V20 (Wi wy;2)] —E [V (W) ||
<  sup [ Wiw): )] [ ] - sup  [[W =W lle
WeB(W* 1) W = Wiw)lle WeB(W* 1)
<C-dVK -e. (71)
Therefore, C; holds as long as
t>C-dVK -e (72)
We can bound the event A; as below.
1= o 5 t
P S — VAW ;x;) — VAU (W; J Ty > -
TN SICSIER T Y
3 [ 1 s )
< _ . . . . . . .
<:E _w6§?vl?x*,r> o ; (V2 (W;2:) =V Z(W](W>,wz)]H} (73)
< §]E sup HV2£ (Wi ;) — V3¢ (Wj(w); wl) H]
t weswr,n
3 V2 (Wi:) = V2 (Ww);2i) ||
< -E S . S W —-Ww,;
ot _WEB?‘E/*,T} HW - W](W)”F WEB?VI?/*,T) H ](W)HF
< C-d\t/f e 74
where (73) follows from the Markov inequality. Thus, taking
.C-dVK
t> u (75)
§
ensures that P (A;) < g.
3) Final step. Let € = c.d\éﬁ% and § = d~'°. Plugging € and ¢ into (69) we need
L 1 (dK log(36rnd"'K) +1log 3) (dK log(36rnd"' K) + log $)
7% - maxy ——,C - , .
ndK n n

The middle term can be bounded as
dK log(36rnd'' K) + 10log d < dK logn n dK log 36r n 11dK log dK n 10logd

n n n n n

If n > C - dKlog (dK) for some large enough constant C, the first term dK logn dominants and is on the order of
dK log (dK). Moreover, it decreases as n increases when n > 3. Thus we can set

s 2\/(dKlog(36rnd11K) +log %)
>7
n

(76)

which holds as t > C” - 72 (m% for some constant C’. By setting t := C'72,/ fm% for sufficiently large C, as
long as n > C' - dK log dK,

K1
P ( sup  ||V2f, (W) — V2F(W)|| > C#Mdog”) < d. (77)
WeB(W*,r) n

o The CNN case: If the loss is associated with CNN, we redefine G; as G; = (v, (V2 (w; z;) — E [V?( (w;x)]) v) and
we show the following Lemmas whose proof is given in Appendix D-G and Appendix D-I .



Lemma 9. Suppose the loss is associated CNN. There exists some constant C' such that
|Gilly, <C-K? =12 (78)
Lemma 10. Suppose the loss is associated with CNN. There exists some constant C' such that

2 _ 2 /
g IV - VA (Wa)|

<C-dVK. (79)
WAW EB(W* r) W —W/|g

Following argument similar to the proof of Lemma 3, we can obtain the following concentration inequality:

4
sup  [[V2f (w) — V2f (w) || < O - K2y K280 (80)
weB(w*,r) n

holds with probability at least 1 — d~'0, as long as the sample complexity n > C - % log (%)

D. Proof of Lemma 4

In order to proceed we need the following Lemma 11 whose proof is given in Appendix D-J.

Lemma 11. Suppose the loss is associated with FCN. Let uw be a fixed unit norm vector u = [uf, e ,u}—(] € RIE with
lu|l2 = 1. Then we have

lu" Ve (W; ) [ly, < VE.
Suppose the loss is associated with CNN. Let u be a fixed unit norm vector u € R™ with ||u||z = 1. Then
I (, V8 (w)) [l < C - K.

Following argument (details omitted) similar to the proof of Lemma 3, and applies Lemma 11, for the loss associated with
FCN, we can get the following concentration inequality

sup IVfu(W)=Vf(W)[2<C-
WEB(W*,TFCN)

d\/flogn 81
n

with probability at least 1 —d !0, as long as the sample size n > C'- dK log(dK). For the loss associated with CNN, we obtain

4 1
sup IV fu(w) - Vf (w)| < C-VE || BB g[8, (82)
weEB(w*,reNN) n n

with probability at least 1 — d =10 as long as n > C - £ log ().

S

E. Proof of Lemma 5

We take the first term in (35) as an example, since the second term follows exactly in the same way. We first derive
1 & B
E (KZZ;d)(wiTm)) <E

which follows from the fact that f(z) = z=* is convex for x > 0 and z > 1. Further since ﬁ =1+ e¢e7% and
g=w/x ~N (0,02 = ||w;||3), we can exactly calculate the summands in the above equation as follows:

2 (-2 ()

1=0 =0

1 K

% > (¢ (w, w))ﬂ , (83)

i=1

E[o(9)] =

where we use the fact that ¢ is a Gaussian random variable. Hence, we conclude that for ¢ = max (||w |2, -, ||wk]||2) and

p Z 1’

holds for some constant C' depending on z.

<C-e, (84)
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FE. Proof of Lemma 7

The sub-exponential norm of G; can be bounded as
IGillyy < I (w, VZEW:i2) u) [ly, + V2 (W;2) |
. We

=

where ||[V2f (W;z) || is upper bounded by C due to Lemma 2. Denote the (j,1)-th block of V¢ (W;2) as &, - zx

can derive
2 W) oy < 303 [0 ul e uzuwzzsup 7 (ElGawfeaTul) @9
j=11=1 j=11=1 %2
Next we show that &;; is upper bounded by some constant for all j and !
o For j #1,
’ T ’ T
1 (wfa)d (wle) (HOW)' +y—2 HW))|  [olieilaie o
= ’ T ’ T .
K2 (H (W) (1— H (W)))’ Pl foie) g
Moreover,
1 ¢ (w/z)¢ (w'z "(w!z) ¢ (w =
72¢( J )¢( 12 )S (b(_rj )¢( l )T <¢(w;$)¢(wle)S17 (87)
K2 (1-H(W)) (1-¢(wjz)) (1-¢(w/ )
where the first inequality holds due to the following fact
2
1
2
(1 H (W) = 1—f2¢ (w]2) ]| > 1 (10 (w] @) (16 (w]x).
the second inequality follows because ¢ (x) (1 — ¢ (x)) = ¢ (x). Similarly, we can show that
"(w]z) ¢ (wz
%¢(f)¢(21 )gl. (88)
K H(W)
. FOI’j = l,
) < 1 ¢ (w]z)d (w/x)- <H (W) +y—2y-H (W)) 1¢" (w/z)(y—H(W)) 89)
MR (H (W) (1 - H (W)’ K HW)1-HW)) |
For the second term in the above equation, we have
¢// w]‘rw
19 (w) ) (y - H<w>>| _[Fimh < =0
_ ¢ J ’
K H(W)(1-H(W)) %TZ‘%’) <1 y=1
=¢(x)(1—¢(x)) (1 —2¢(x)), the absolute value of

which follows from the fact that the second derivative is ¢" (x)
which can be upper bounded by ¢ (x) or 1 — ¢ (z).

(el o] = [r=])

Hence,
K K
G V2 Wiz, <€ 3 swp o
j=11=1 =1
K K )
<C-30Y Nugllallwlla -sup ¢t (26— 1))
j=11=1 t21
<C:=72, (90)
where the last inequality holds because
1
sup 7' ((2t — 1)”)% <sup t7'((20)")" <2,
t>1 t>1
K K K K
lujll3 + w1
DD luglallulle <3057 R = o 1)
j=11=1 j=11=1

Thus, we conclude
1Gilly, <C =7
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G. Proof of Lemma 9
Again the sub-exponential norm of G; can be bounded as
IGillpy < I (u, V2 (ws; 2) w) [y, + V2 (w3 2) |,

where ||V2f (W z) || is upper bounded by C - K due to Lemma 2. Applying the triangle inequality, the sub-exponential norm
< V2l (w u> can be bounded as

I (u, V22 (w) w) [l <D N9 (w) w' 2D uTaD |y, + " [lg;0 (w) u’aPDuTzO],, . 92)
J#l J=l
Hence, we have
¢ (wT20)g (w D)

2 1 —
%H(w) +y—2y-H(120)¢/ (me(j)) o (wT:c(”) _J® " (H))wz ) <1 y=1
K B o' (w'x )¢ (w'x ’
(H (w) (1 = H (w))) L) e
¢/ w @
_ ¢ (w2l :
KH )(1 H(w)) 1 (wa))gl y=0
Plugging it back to (92), we obtain
K
, N2
I (u, V2 (w) ) g < 3| (uTwm) (uTa:(l)) oy + > (uTm<J>) g < C- K2 93)
J#1 j=1
H. Proof of Lemma 8
As noted before, we can write the (7, 1)-th block of V¢ (W z) as ;, (W) zx . Then we can obtain the following bound,
K K
IV26(W32) = V2(W's2) || < ZZ (60 (W) = &a (W) |- [|lzxT . (94)

Using the same method as shown in the proof of Lemma 1, we can upper bound |&;; (W) — &, (W')| as

650 (W) = &5 (W) < (max[Tyaal) -l VE - [W = W,

where following from (32),

1 1 1 2 1 1 1
T; < max y == y == y == . (95)
st {K?’ W)* K25 (W) K* (1 - H(W))® K? (1—H<W>>2}
And thus, if |W — W'||p < 0.7 we have
2H(W) — V2 (W
E| sup [V2EW) V/ WOl <« v& . &2 E Kmax |Tj,lyk|) 2 - ||wa} <C-dVK. (96)
W£W/ ||W - W ||F 7,0k
Thus we only need to set J* > C - dv/K for some large enough C.
1. Proof of Lemma 10
Following from (13) we can write
K K
V2 (w) = V2 (w') || < ZZ gia (w) = gia (W) |- P2 OT]). ©7)
j=11=1
Similarly, the analysis in the proof of Lemma 1 implies that
930 0) = 530 )| < (g[S ) - VRl = ]l ©8)
where we upper-bound S;; i in (43) as
1 1 1 .
max - —5 — K (H (G 3} j#l
Syl < T 11{( LA o
WA K TR K @) f )7
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Hence, if ||w — w’||s < 0.7, we have

2 o2 / K )
E| sup IV4(®) ”(“’)”]<@-ZZEK%&HSMM)~||w||2-||w<ﬂ>w“”|| <Cc./E. (00

ww! lw —w'[|p i

Thus, in this case we can set J* > C - dvV'K as well.

J. Proof of Lemma 11
¢ The FCN case: Following from (10), we have

W) - (b’(w ‘E) T
(Ve(w KZ( Y(1— H (W) )(uja:),

and by definition, we can upper-bound the sub-Gaussian norm as

K ¢ (w/a K
2T et e <Tilufele =0
[(VEW),u) [ly, < T v :
LYK i) Te| <K ufal,  y=1
K 7=1 S ¢>(wlTac) J " — 7=1 J 2
Thus we conclude that
K
H(VEW) ) [y, <D lluylls < VE, (101)
j=1
and the directional gradient is \/I? -sub-Gaussian.
o The CNN case: Following from (12), we have
y— H (w) )
(VL (w —¢ (w w(])) . (u zV ),
Z H(w) (1 - H (w))
where
¢ (wTa)
< =
¢ (wat) L H (w) ’ iy 5?@%2}; =t
H((w)(1-H (w _
@I =H@)| ™| ) s iy =
Then the sub-Gaussian norm of (V¢ (w),u) is upper bounded as
1 & .
(Ve (w),u) o, <K 223 [lu"2P ]y, <C- K. (102)
j=1
Hence, the directional gradient is K-sub-Gaussian.
APPENDIX E

PROOF OF THEOREM 3

The proof contains two parts. Part (a) proves that the estimation of the direction of W™ is sufficiently accurate, which
follows from the arguments similar to those in [15] and is only briefly summarized below. Part (b) is different, where we
do not require the homogeneous condition for the activation function, and instead, our proof is based on a mild condition in
Assumption 2. We detail our proof in part (b).

(a) In order to estimate the direction of each w; for ¢ = 1,..., K, [15] showed that for the regression problem, if the sample
size n > dpoly (K, k,,log d), where ¢ > 1 is any constant, then

|lw:* — s;Vu,| < epoly (K, &) (103)

holds with probability at least 1 — d—**(<). Such a result also holds for the classification problem with only slight difference in
the proof as we describe as follows. The main idea of the proof is to bound the estimation error of P and R3 via Bernstein
inequality. For the regression problem, Bernstein inequality was applied to terms associated with each neuron individually, and
the bounds were then put together via the triangle inequality in [15]. However, for the classification problem here, we apply
Bernstein inequality to the terms associated with all neurons together. Another difference is that the label y; of the classification
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model is bounded by nature, whereas the output y; in the regression model needs to be upper-bounded via homogeneously
bounded conditions of the activation function. A reader can refer to [15] for the details of the proof for this part.
(b) In order to estimate ||w;|| for ¢ = 1,..., K, we provide a different proof from [15], which does not require the
homogeneous condition on the activation function, but assumes a more relaxed condition in Assumption 2.
We define a quantity ()1 as follows:
Q1 =M, (I, L), (104)
(l1—-1)

where [y is the first non-zero index such that M;, # 0. For example, if I; = 3, then (); takes the following form

Q1 =M;(I,a, @) ngi |w;]]) (e w) wy, (105)

where w = w/||w|| and by definition

mai(|[wi ) = E [ (|wr] - 2) 2] = 3E[6 (lw]]| - 2) 2]. (106)
Clearly, ()1 has information of ||w||, which can be estimated by solving the following optimization problem:
1 XK
B* = argmingepx y7a Zﬂisiﬁi* - (107)
i=1
where each entry of the solution takes the form
2
B = simai(||w} ||)(a $;W; ) ) (108)
In the initialization, we substitute Q1 (estimated from training data) for Q1, Vu; (estimated in part (a)) for s;w;* into (107),

and obtain an estimate ﬁ of 3*. We then substitute ﬁ for 5* and Vu; for s;w;* into (108) to obtain an estlmate a; of ||lw
via the following equation

7l

B = ¥ms (@) (" V). (109)

Furthermore, since my, ;(z) has fixed sign for # > 0 and for I; > 1, s, can be estimated correctly from the sign of Bl for
i=1,...,K.
For notational simplicity, let 57 ; :=

& and ﬂl i = Sg(afw and then (108) and (109) become

s2(als;w;

Bri =mazi(@:), B =mai(llw]]). (110)

By Assumption 2 and (108), there exists a constant ¢’ > 0 such that the inverse function g(-) of ms 1(-) has upper-bounded

derivative in the interval (87 ; — ', 87, + '), i.e., |¢'(z)| <T for a constant I'. By employing the result in [15], if the sample

size n > dpoly (K, k,,logd), then Q; and Q1, Vu; and s;w;* can be arbitrarily close so that |57 ; 51 4| < min{d’, \/’LF}
Thus, by (110) and the mean value theorem, we obtain

@ — [lwr || = 19" ()18 s — Brils (111)

where ¢ is between 37 ; and BM, and hence |¢'(£)| < I'. Therefore,

— [Jw?]] < > Which is the desired result.



