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ABSTRACT

We investigate the loss surface of neural networks. We prove that even for one-
hidden-layer networks with “slightest” nonlinearity, the empirical risks have spu-
rious local minima in most cases. Our results thus indicate that in general “no
spurious local minima” is a property limited to deep linear networks, and insights
obtained from linear networks may not be robust. Specifically, for ReLU(-like)
networks we constructively prove that for almost all practical datasets there exist
infinitely many local minima. We also present a counterexample for more general
activations (sigmoid, tanh, arctan, ReLU, etc.), for which there exists a bad local
minimum. Our results make the least restrictive assumptions relative to existing
results on spurious local optima in neural networks. We complete our discussion
by presenting a comprehensive characterization of global optimality for deep lin-
ear networks, which unifies other results on this topic.

1 INTRODUCTION

Neural network training reduces to solving nonconvex empirical risk minimization problems, a task
that is in general intractable. But success stories of deep learning suggest that local minima of the
empirical risk could be close to global minima. Choromanska et al. (2015) use spherical spin-glass
models from statistical physics to justify how the size of neural networks may result in local minima
that are close to global. However, due to the complexities introduced by nonlinearity, a rigorous
understanding of optimality in deep neural networks remains elusive.

Initial steps towards understanding optimality have focused on deep linear networks. This area
has seen substantial recent progress. In deep linear networks there is no nonlinear activation; the
output is simply a multilinear function of the input. Baldi & Hornik (1989) prove that some shallow
networks have no spurious local minima, and Kawaguchi (2016) extends this result to squared error
deep linear networks, showing that they only have global minima and saddle points. Several other
works on linear nets have also appeared (Lu & Kawaguchi, 2017; Freeman & Bruna, 2017; Yun
et al., 2018; Zhou & Liang, 2018; Laurent & Brecht, 2018a;b).

The theory of nonlinear neural networks (which is the actual setting of interest), however, is still in
its infancy. There have been attempts to extend the “local minima are global” property from linear
to nonlinear networks, but recent results suggest that this property does not usually hold (Zhou &
Liang, 2018). Although not unexpected, rigorously proving such results turns out to be non-trivial,
forcing several authors (e.g., Safran & Shamir (2018); Du et al. (2018b); Wu et al. (2018)) to make
somewhat unrealistic assumptions (realizability and Gaussianity) on data.

In contrast, we prove existence of spurious local minima under the least restrictive (to our knowl-
edge) assumptions. Since seemingly subtle changes to assumptions can greatly influence the analysis
as well as the applicability of known results, let us first summarize what is known; this will also help
provide a better intuitive perspective on our results (as the technical details are somewhat involved).

1.1 WHAT IS KNOWN SO FAR?

There is a large and rapidly expanding literature of optimization of neural networks. Some works fo-
cus on the loss surface (Baldi & Hornik, 1989; Yu & Chen, 1995; Kawaguchi, 2016; Swirszcz et al.,
2016; Soudry & Carmon, 2016; Xie et al., 2016; Nguyen & Hein, 2017; 2018; Safran & Shamir,
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2018; Laurent & Brecht, 2018a; Yun et al., 2018; Zhou & Liang, 2018; Wu et al., 2018; Liang et al.,
2018a;b; Shamir, 2018), while others study the convergence of gradient-based methods for optimiz-
ing this loss (Tian, 2017; Brutzkus & Globerson, 2017; Zhong et al., 2017; Soltanolkotabi, 2017;
Li & Yuan, 2017; Du et al., 2018b; Zhang et al., 2018; Brutzkus et al., 2018; Wang et al., 2018; Li
& Liang, 2018; Du et al., 2018a;c; Allen-Zhu et al., 2018; Zou et al., 2018; Zhou et al., 2019). In
particular, our focus is on the loss surface itself, independent of any algorithmic concerns; this is
reflected in the works summarized below.

For ReLLU networks, the works (Swirszcz et al., 2016; Zhou & Liang, 2018) provide counterexample
datasets that lead to spurious local minima, dashing hopes of “local implies global” properties.
However, these works fail to provide statements about generic datasets, and one can argue that their
setups are limited to isolated pathological examples. In comparison, our Theorem 1 shows existence
of spurious local minima for almost all datasets, a much more general result. Zhou & Liang (2018)
also give characterization of critical points of shallow ReLU networks, but with more than one
hidden node the characterization provided is limited to certain regions.

There are also results that study population risk of shallow ReLU networks under an assumption
that input data is i.i.d. Gaussian distributed (Safran & Shamir, 2018; Wu et al., 2018; Du et al.,
2018b). Moreover, these works also assume realizability, i.e., the output data is generated from a
neural network with the same architecture as the model one trains, with unknown true parameters.
These assumptions enable one to compute the population risk in a closed form, and ensure that one
can always achieve zero loss at global minima. The authors of Safran & Shamir (2018); Wu et al.
(2018) study the population risk function of the form E,[(3°F_, ReLU(wz) — ReLU(v] )%,
where the true parameters v;’s are orthogonal unit vectors. Through extensive experiments and
computer-assisted local minimality checks, Safran & Shamir (2018) show existence of local minima
for k£ > 6. However, this result is empirical and does not have constructive proofs. Wu et al. (2018)
show that with k& = 2, there is no bad local minima on the manifold ||w. ||, = ||wz||, = 1. Du et al.
(2018b) study population risk of one-hidden-layer CNN. They show that there can be a spurious
local minimum, but gradient descent converges to the global minimum with probability at least 1/4.

Our paper focuses on empirical risk instead of population risk, and does not assume either Gaussian-
ity or realizability. Theorem 1 1’s assumption on the dataset is that it is not linearly fittable', which
is vastly more general and realistic than assuming that input data is Gaussian or that the output is
generated from an unknown neural network. Our results also show that Wu et al. (2018) fails to
extend to empirical risk and non-unit parameter vectors (see the discussion after Theorem 2).

Liang et al. (2018b) showed that under assumptions on the loss function, data distribution, network
structure, and activation function, all local minima of the empirical loss have zero classification
error in binary classification tasks. The result relies on stringent assumptions, and it is not directly
comparable to ours because both “the local minimum has nonzero classification error’” and “the local
minima is spurious” do not imply one another. Liang et al. (2018a) proved that adding a parallel
network with one exponential hidden node can eliminate all bad local minima. The result relies on
the special parallel structure, whereas we analyze standard fully connected network architecture.

Laurent & Brecht (2018a) studies one-hidden-layer networks with hinge loss for classification. Un-
der linear separability, the authors prove that Leaky-ReLU networks don’t have bad local minima,
while ReLLU networks do. Our focus is on regression, and we only make mild assumptions on data.

For deep linear networks, the most relevant result to ours is Laurent & Brecht (2018b). When all
hidden layers are wider than the input or output layers, Laurent & Brecht (2018b) prove that any local
minimum of a deep linear network under differentiable convex loss is global.> They prove this by
showing a statement about relationship between linear vs. multilinear parametrization. Our result in
Theorem 4 is strictly more general that their results, and presents a comprehensive characterization.

A different body of literature (Yu & Chen, 1995; Soudry & Carmon, 2016; Xie et al., 2016; Nguyen
& Hein, 2017; 2018) considers sufficient conditions for global optimality in nonlinear networks.
These results make certain architectural assumptions (and some technical restrictions) that may not
usually apply to realistic networks. There are also other works on global optimality conditions for
specially designed architectures (Haeffele & Vidal, 2017; Feizi et al., 2017).

'That is, given input data matrices X and Y, there is no matrix R such thatY = RX.
2 Although their result overlaps with a subset of Theorem 4, our theorem was obtained independently.
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1.2 CONTRIBUTIONS AND SUMMARY OF RESULTS

We summarize our key contributions more precisely below. Our work encompasses results for both
nonlinear and linear neural networks. First, we study whether the “local minima are global” property
holds for nonlinear networks. Unfortunately, our results here are negative. Specifically, we prove

» For piecewise linear and nonnegative homogeneous activation functions (e.g., ReLU), we prove
in Theorem 1 that if linear models cannot perfectly fit the data, one can construct infinitely many
local minima that are not global. In practice, most datasets are not linearly fittable, hence this
result gives a constructive proof of spurious local minima for generic datasets. In contrast, several
existing results either provide only one counterexample (Swirszcz et al., 2016; Zhou & Liang,
2018), or make restrictive assumptions of realizability (Safran & Shamir, 2018; Du et al., 2018b)
or linear separability (Laurent & Brecht, 2018a). This result is presented in Section 2.

» In Theorem 2 we tackle more general nonlinear activation functions, and provide a simple ar-
chitecture (with squared loss) and dataset, for which there exists a local minimum inferior to the
global minimum for a realizable dataset. Our analysis applies to a wide range of activations, in-
cluding sigmoid, tanh, arctan, ELU (Clevert et al., 2015), SELU (Klambauer et al., 2017), and
ReLU. Considering that realizability of data simplifies the analysis and ensures zero loss at global
optima, our counterexample that is realizable and yet has a spurious local minimum is surprising,
suggesting that the situation is likely worse for non-realizable data. See Section 3 for details.

We complement our negative results by presenting the following positive result on linear networks:

» Assume that the hidden layers are as wide as either the input or the output, and that the empirical
risk é((WJ)f:'El) equals £o(Wgy1 Wy - - - Wh), where ¢ is a differentiable loss function and W;

is the weight matrix for layer i. Theorem 4 shows if (WJ ) 51;11 is a critical point of /, then its type

of stationarity (local min/max, or saddle) is closely related to the behavior of ¢y evaluated at the
product WH+1 . Wl. If we additionally assume that any critical point of £, is a global minimum,
Corollary 5 shows that the empirical risk ¢ only has global minima and saddles, and provides a
simple condition to distinguish between them. To the best of our knowledge, this is the most
general result on deep linear networks and it subsumes several previous results, e.g., (Kawaguchi,
2016; Yun et al., 2018; Zhou & Liang, 2018; Laurent & Brecht, 2018b). This result is in Section 4.

Notation. For an integer a > 1, [a] denotes the set of integers from 1 to  (inclusive). For a vector
v, we use [v]; to denote its i-th component, while [v]j; denotes a vector comprised of the first
components of v. Let 1.y (0(.)) be the all ones (zeros) column vector or matrix with size (-).

2 “RELU-LIKE” NETWORKS: BAD LOCAL MINIMA EXIST FOR MOST DATA

We study below whether nonlinear neural networks provably have spurious local minima. We show
in §2 and §3 that even for extremely simple nonlinear networks, one encounters spurious local min-
ima. We first consider ReLU and ReL.U-like networks. Here, we prove that as long as linear models
cannot perfectly fit the data, there exists a local minimum strictly inferior to the global one. Using
nonnegative homogeneity, we can scale the parameters to get infinitely many local minima.

Consider a training dataset that consists of m data points. The inputs and the outputs are of
dimension d, and d,, respectively. We aggregate these items, and write X € R%*™ as the
data matrix and Y € R%*™ as the label matrix. Consider the 1-hidden-layer neural network
Y = Woh(W1X + b115) + by1T | where h is a nonlinear activation function, W, € R *d1,
by € R, W, € R“*d "and b; € R%. We analyze the empirical risk with squared loss

(W1, Wy, by, by) = S |[Wah(Wy X +b110 ) +b217 — V|2

—2
Next, define a class of piecewise linear nonnegative homogeneous functions

he, s_(x) = max{syx,0} + min{s_x,0}, 1))
where s; > 0,s_ > 0 and sy # s_. Note that ReLU and Leaky-ReLLU are members of this class.

2.1 MAIN RESULTS AND DISCUSSION

We use the shorthand X := [(XT 1, T ¢ R@=+1)xm_The main result of this section, Theorem 1,

considers the case where linear models cannot fit Y, i.e., Y # RX for all matrix R. With ReLU-like
activation (1) and a few mild assumptions, Theorem 1 shows that there exist spurious local minima.
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Theorem 1. Suppose that the following conditions hold:

(C1.1) Output dimension is d, = 1, and linear models RX cannot perfectly fit Y.
(C1.2) All the data points x;’s are distinct.

(C1.3) The activation function h is ?LS+’57.

(C1.4) The hidden layer has at least width 2: di > 2.

Then, there is a spurious local minimum whose risk is the same as linear least squares model.
Moreover, due to nonnegative homogeneity of h,, _, there are infinitely many such local minima.

Noticing that most real world datasets cannot be perfectly fit with linear models, Theorem 1 shows
that when we use the activation h,, ., the empirical risk has bad local minima for almost all
datasets that one may encounter in practice. Although it is not very surprising that neural networks
have spurious local minima, proving this rigorously is non-trivial. We provide a constructive and de-
terministic proof for this problem that holds for general datasets, which is in contrast to experimental
results of Safran & Shamir (2018). We emphasize that Theorem 1 also holds even for “slightest”
nonlinearities, e.g., when s, = 1+ € and s_ = 1 where € > 0 is small. This suggests that the “local
min is global” property is limited to the simplified setting of linear neural networks.

Existing results on squared error loss either provide one counterexample (Swirszcz et al., 2016;
Zhou & Liang, 2018), or assume realizability and Gaussian input (Safran & Shamir, 2018; Du et al.,
2018b). Realizability is an assumption that the output is generated by a network with unknown
parameters. In real datasets, neither input is Gaussian nor output is generated by neural networks; in
contrast, our result holds for most realistic situations, and hence delivers useful insight.

There are several results proving sufficient conditions for global optimality of nonlinear neural net-
works (Soudry & Carmon, 2016; Xie et al., 2016; Nguyen & Hein, 2017). But they rely on assump-
tions that the network width scales with the number of data points. For instance, applying Theorem
3.4 of Nguyen & Hein (2017) to our network proves that if X has linearly independent columns and
other assumptions hold, then any critical point with W5 # 0 is a global minimum. However, lin-
early independent columns already imply row(f( ) = R™, so even linear models RX can fit any Y;
i.e., there is less merit in using a complex model to fit Y. Theorem 1 does not make any structural
assumption other than d; > 2, and addresses the case where it is impossible to fit Y with linear
models, which is much more realistic.

It is worth comparing our result with Laurent & Brecht (2018a), who use hinge loss based classifica-
tion and assume linear separability to prove “no spurious local minima” for Leaky-ReLU networks.
Their result does not contradict our theorem because the losses are different and we do not assume
linear separability.

One might wonder if our theorem holds even with d; > m. Venturi et al. (2018) showed that one-
hidden-layer neural networks with d; > m doesn’t have spurious valleys, hence there is no strict
spurious local minima; however, due to nonnegative homogeneity of i, s we only have non-strict
local minima. Based on Bengio et al. (2006), one might claim that with wide enough hidden layer
and random W and by, one can fit any Y'; however, this is not the case, by our assumption that
linear models RX cannot fit Y. Note that for any d;, there is a non-trivial region (measure > 0)
in the parameter space where W1 X + b;12 > 0 (entry-wise). In this region, the output of neural
network Y is still a linear combination of rows of X , SO Y cannot fit Y’; in fact, it can only do as
well as linear models. We will see in the Step 1 of Section 2.2 that the bad local minimum that we
construct “kills” d; — 1 neurons; however, killing many neurons is not a necessity, and it is just to
simply the exposition. In fact, any local minimum in the region W1 X + b;1% > 0 is a spurious
local minimum.

2.2 ANALYSIS OF THEOREM 1

The proof of the theorem is split into two steps. First, we prove that there exist local minima
(W5, bj)?z1 whose risk value is the same as the linear least squares solution, and that there are
infinitely many such minima. Second, we will construct a tuple of parameters (Wj, Bj)?zl that has

strictly smaller empirical risk than (W, b;)2_,.
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Step 1: A local minimum as good as the linear solution. The main idea here is to exploit the
weights from the linear least squares solution, and to tune the parameters so that all inputs to hidden
nodes become positive. Doing so makes the hidden nodes “locally linear,” so that the constructed

(W], b ) _, that produce linear least squares estimates at the output become locally optimal.

Recall that X = [(XT 1m] € R@+Dxm and define a linear least squares loss {o(R) :=
1|RX — Y||% that is minimized at W, so that V(W) = (WX — Y)XT = 0. Since d, = 1, the
solution W € R%*(d=+1) is a row vector. For all i € [m], let §; = W [z} 1]T be the output of
the linear least squares model, and similarly Y = W X.

Let  := min {—1, 2 min; ; }, a negative constant making g; — n > 0 for all i. Define parameters

2 W4, 3 Wla,+1—n| 1 T 3
W= afo W |, = ot e =[5 O] b=,
L=« [O(dl—l)xdm S R PR 27 Josy P 0270
where a > 0 is any arbitrary fixed positive constant, [I¥] (d,] gives the first d, components of w,
and [W]g, 41 the last component. Since §; = [W]jq, )2 + [W]q,+1, for any i, Wiz + by > 0g,
(component wise), given our choice of 7. Thus, all hidden node inputs are positive. Moreover,
V= (@Y —an1l) +n1l =V, so that the loss £((W;,b;)2_,) = L[|V — Y||Z = Lo(W).

So far, we checked that (W] , b, )2 j)j=1 has the same emplrlcal risk as a linear least squares solution. It
now remains to show that this pomt is indeed a local minimum of £. To that end, we consider the

perturbed parameters (W + Ay, b +0;)3_,, and check their risk is always larger. A useful point is
that since W is a minimum of (o(R) = ||RX — Y||2, we have

Jl’

WX -XT=@Y-Y)[XT 1,]=0, 2)

0 (Y—Y)XT = 0and (Y —Y)1,, = 0. For small enough perturbations, (W1 +Ay)az;+ (b +61) >
0 still holds for all 7. So, we can observe that

(W, + A0 +6,)2) =4IV =Y + AX + 017 |[= LIV - Y|} + 4|AX + 1L |1E, 3)

where A and § are A := s+(W2A1 + AWy + AsAq) and 5= s+(W2(51 + Aoby + Agdq) + b2
they are aggregated perturbation terms. We used (2) to obtain the last equality of (3). Thus, £((W; +
Aj, by +6;)2)) > £((W;,b;)2_,) for small perturbations, proving (W}, b;)2_, is indeed a local
minimum of /. Since this is true for arbitrary o > 0, there are infinitely many such local minima.
We can also construct similar local minima by permuting hidden nodes, etc.

Step 2: A point strictly better than the local minimum. The proof of this step is more in-
volved. In the previous step, we “pushed” all the input to the hidden nodes to positive side, and took

advantage of “local linearity” of the hidden nodes near (W b )2 . But to construct parameters

(W, b, ) ’_, that have strictly smaller risk than (17}, b ) ’_, (to prove that (7, b ) -_, is a spurious
local mlmmum) we make the sign of inputs to the hldden nodes different dependmg on data.

To this end, we sort the indices of data points in increasing order of 4;; i.e., 1 < Po < -+ < Yy
Define the set J := {j € [m —1] | >, (% — y:) # 0,¥; < y;+1}. The remaining construction is
divided into two cases: J # () and J = (), whose main ideas are essentially the same. We present

the proof for J # (), and defer the other case to Appendix A2 as it is rarer, and its proof, while
instructive for its perturbation argument, is technically too involved.

Case 1: J # (. Pick any jo € J. We can observe that 3, (i — ¥i) = — > ;o (Ui — ¥i),
because of (2). Define 3 = %, sothat j; — 8 < Oforall ¢ < jgand ; — 3 > 0 forall ¢ > jo.

Then, let v be a constant satisfying 0 < |y| < w, whose value will be specified later. Since
is small enough, sign(y; — B) = sign(y; — B + v) = sign(y; — 5 — 7). Now select parameters
v g v P

~ [V_VJ [de] ~ [W]dm—&-l -B+ ~ ) . -
Wi= 1| ~Wla, |, 1= |~[Wlas1 +B+~|, Wa= e 1 =1 0] _,], ba=5.
0(d,—2)xd, 04,2
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Recall again that [W]ig, 125 + [W]a,+1 = %i- Fori < jo, s — B+~ < 0and —g; + 3+~ > 0, so

. s (g — B+ sy (7 + B8+ Sy —s-
g = 2= 7) s+ N gy S
Sy +s_ Sy +s- Sy +s_
Similarly, for ¢ > jo, 4; — 8+ > 0 and —y; + 8 + v < 0 results in @i=?i+§11§:% Here,

Sy —S5—

we push the outputs ¢; of the network by
depending on whether ¢ < jy or ¢ > jo.

si¥s Y from y;, and the direction of the “push” varies

The empirical risk for this choice of parameters is

- - 1 - — s 2 1 - 5 2
g((Wwbj)?:ﬂ =5 Zigjo (yz - ziTZ’Y - yz> + 5 Zi>j0 (yz + :rTz_’)’ - yz)
=6(7) =2 (37 = w)] T2+ 00?)

Since ), (7i—y:) # Oand s # s_, we can choose sign(v) = sign([>_,; (Ui —vi)](s+—s-)),
and choose small || so that £((W;, b;)3_,) < Lo(W) = £((W},b;)3_,), proving that (W}, b;)?_,
is a spurious local minimum.

3 COUNTEREXAMPLE: BAD LOCAL MINIMA FOR MANY ACTIVATIONS

The proof of Theorem 1 crucially exploits the piecewise linearity of the activation functions. Thus,
one may wonder whether the spurious local minima seen there are an artifact of the specific nonlin-
earity. We show below that this is not the case. We provide a counterexample nonlinear network and
a dataset for which a wide range of nonlinear activations result in a local minimum that is strictly in-
ferior to the global minimum with exactly zero empirical risk. Examples of such activation functions
include popular activation functions such as sigmoid, tanh, arctan, ELU, SELU, and ReLU.

We consider again the squared error empirical risk of a one-hidden-layer nonlinear neural network:
(Wi, b5)321) = 5 Wah (Wi X +b117) +bo17, =Y |12,

where we fix d, = d; = 2 and d, = 1. Also, let (%) (z) be the k-th derivative of 1 : R + R,
whenever it exists at . For short, let A’ and k"’ denote the first and second derivatives.

3.1 MAIN RESULTS AND DISCUSSION

Theorem 2. Let the loss (((W;,b;)3_,) and network be as defined above. Consider the dataset

10
X‘{o 1

SIS

] y=[0 0 1].
For this network and dataset the following results hold:

1. If there exist real numbers vy, vs,v3,v4 € R such that

(C2.1) h(v1)h(vs) = h(v2)h(vs), and
(€2.2) h(v)h (23544 £ h(vs)h (1522),

2

then there is a tuple (W, I;j)jzl at which ¢ equals 0.

2. If there exist real numbers vy, v, u1,us € R such that the following conditions hold:

(C2.3) urh(vy) 4+ ugh(ve) = %

(C2.4) h is infinitely differentiable at v and va,

(C2.5) there exists a constant ¢ > 0 such that |h\™ (vy)| < ¢"n! and |h" (vq)| < ¢nl.
(€2.6) (urh!(v1))2 4 122 - g

(€2.7) (urh! (01 )uzh! (v2))2 < ((urh (v1))2 + D) (ugh (vg))? 4 H2Plv2))

then there exists a tuple (Wj, l;j)§:1 such that the output of the network is the same as the linear

least squares model, the risk (((W;, lA)j)?:l) =1 and (W, Bj)?zl is a local minimum of £.
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Theorem 2 shows that for this architecture and dataset, activations that satisfy (C2.1)—(C2.7) in-
troduce at least one spurious local minimum. Notice that the empirical risk is zero at the global
minimum. This means that the data X and Y can actually be “generated” by the network, which
satisfies the realizability assumption that others use (Safran & Shamir, 2018; Du et al., 2018b; Wu
et al., 2018). Notice that our counterexample is “easy to fit,” and yet, there exists a local minimum
that is not global. This leads us to conjecture that with harder datasets, the problems with spurious
local minima could be worse. The proof of Theorem 2 can be found in Appendix A3.

Discussion. Note that the conditions (C2.1)—(C2.7) only require existence of certain real numbers
rather than some global properties of activation h, hence are not as restrictive as they look. Con-

ditions (C2.1)-(C2.2) come from a choice of tuple (I/T/j7 5;‘)?:1 that perfectly fits the data. Condi-
tion (C2.3) is necessary for constructing (Wj, l;j)?zl with the same output as the linear least squares

model, and Conditions (C2.4)—(C2.7) are needed for showing local minimality of (Wj, Bj)?zl via
Taylor expansions. The class of functions that satisfy conditions (C2.1)—(C2.7) is quite large, and
includes the nonlinear activation functions used in practice. The next corollary highlights this ob-
servation (for a proof with explicit choices of the involved real numbers, please see Appendix AS).

Corollary 3. For the counterexample in Theorem 2, the set of activation functions satisfying condi-
tions (C2.1)—(C2.7) include sigmoid, tanh, arctan, quadratic, ELU, and SELU.

Admittedly, Theorem 2 and Corollary 3 give one counterexample instead of stating a claim about
generic datasets. Nevertheless, this example shows that for many practical nonlinear activations, the
desirable “local minimum is global” property cannot hold even for realizable datasets, suggesting
that the situation could be worse for non-realizable ones.

Remark: “ReLU-like” activation functions. Recall the piecewise linear nonnegative homoge-
neous activation function h,, s_. They do not satisfy condition (C2.7), so Theorem 2 cannot be
directly applied. Also, if s_ = 0 (i.e., ReLU), conditions (C2.1)-(C2.2) are also violated. How-
ever, the statements of Theorem 2 hold even for h_ ;_, which is shown in Appendix A6. Recalling
again s; = 1 + e and s_ = 1, this means that even with the “slightest” nonlinearity in activation
function, the network has a global minimum with risk zero while there exists a bad local minimum
that performs just as linear least squares models. In other words, “local minima are global” prop-
erty is rather brittle and can only hold for linear neural networks. Another thing to note is that in

Appendix A6, the bias parameters are all zero, for both (W;, l;j)le and (W, Bj)?:y For models

without bias parameters, (Wj)?zl is still a spurious local minimum, thus showing that Wu et al.

(2018) fails to extend to empirical risks and non-unit weight vectors.

4 GLOBAL OPTIMALITY IN LINEAR NETWORKS

In this section we present our results on deep linear neural networks. Assuming that the hidden
layers are at least as wide as either the input or output, we show that critical points of the loss with
a multilinear parameterization inherit the type of critical points of the loss with a linear parame-
terization. As a corollary, we show that for differentiable losses whose critical points are globally
optimal, deep linear networks have only global minima or saddle points. Furthermore, we provide
an efficiently checkable condition for global minimality.

Suppose the network has H hidden layers having widths di,...,dy. To ease notation, we set
do = d, and dy 11 = d,,. The weights between adjacent layers are kept in matrices W; € R% *di-1

(j € [H + 1]), and the output Y of the network is given by the product of weight matrices with the
data matrix: Y = WyeiiWg--- Wi X. Let (I/VJ)jH:Jrl1 be the tuple of all weight matrices, and W;.
denote the product W;W;_1 --- W; 1 W, for i > j, and the identity for i = j — 1. We consider the
empirical risk £((W;)*41), which, for linear networks assumes the form

j=1
g((W])gfI:-’il) = gO(WH-ﬁ—l:l)? (4)
where (; is a suitable differentiable loss. ~For example, when (o(R) = 2i|RX —Y]|3,

(W)Y = L[Whs1aX = Y2 = lo(Wh1:). Lastly, we write V4o (M) = Vlo(R)|r=n1-

Remark: bias terms. We omit the bias terms by, ...,bg 1 here. This choice is for simplicity;
models with bias can be handled by the usual trick of augmenting data and weight matrices.
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4.1 MAIN RESULTS AND DISCUSSION

We are now ready to state our first main theorem, whose proof is deferred to Appendix A7.
Theorem 4. Suppose that for all j, d; > min{d,, dy} and that the loss { is given by (4), where £
is differentiable on R% <% For any critical point (W )H *1 of the loss ¢, the following claims hold:

1 If VEO(WHH 1) # 0, then (W )f“ is a saddle of {.

2. vago(WH-i-l:l) =0, then

(a) ( )H'~'1 is a local min (max) of ¢ lfWH+1 1 is a local min (max) of £y, moreover,

(b) ( )H+1 is a global min (max) of ¢ if and only lfWHH 1 Is a global min (max) of 4.

3. If there exists j* € [H + 1] such that WH+1:j*+1 has full row rank and Wj*_M has full
column rank, then VEO(WHH 1) =0, so 2(a) and 2(b) hold. Also,

)H+1

(a) WH+1 1 is a local min (max) of £y lf( =1

is a local min (max) of (.
Let us paraphrase Theorem 4 in words. In particular, it states that if the hidden layers are “wide
enough” so that the product Wy 1.1 can attain full rank and if the loss ¢ assumes the form (4) for

a differentiable loss ¢y, then the type (optimal or saddle point) of a critical point (Wj)f:ﬁl of £ is
governed by the behavior of £ at the product Wy 41.1.

Note that for any critical point (W; )H+1 of the loss £, either VAo (Wi 1.1) # 0 or Vg (Wiri1.) =

0. Parts 1 and 2 handle these two cases. Also observe that the condition in Part 3 implies V/{y = 0,
so Part 3 is a refinement of Part 2. A notable fact is that a sufficient condition for Part 3 is VAVHH;l
having full rank. For example, if d;, > d, full-rank WH+1:1 implies rank(WHH:g) = dy, whereby
the condition in Part 3 holds with j* =

If WH+1 .1 1s not critical for ¢;, then (W )H+1 must be a saddle point of £. If WH+1 .1 1s a local

min/max of £, (Wj)f: ! is also a local min/max of £. Notice, however, that Part 2(a) does not
address the case of saddle points; when WH+1:1 is a saddle point of ¢y, the tuple (W ) j_'El can
behave arbitrarily However, with the condition in Part 3, statements 2(a) and 3(a) hold at the same
time, so that WH+1 1 is a local min/max of ¢y if and only if (W. )ffll is a local min/max of /.

Observe that the same “if and only if” statement holds for saddle points due to their definition; in
summary, the types (min/max/saddle) of the critical points (W )H *1and WH+1 1 match exactly.

Although Theorem 4 itself is of interest, the following corollary highlights its key implication for
deep linear networks.

Corollary 5. In addition to the assumptions in Theorem 4, assume that any critical point of by is a
global min (max). For any critical point (W )Hle of b, if Veg(Wry1.1) # 0, then (W; )H:Jrl1 is a

saddle of ¢, while if Vlo(Wy1.1) = 0, then (W, )f“ is a global min (max) of (.

Proof If Veo(WH_H 1) 75 0, then WH+1 1 is a saddle point by Theorem 4.1. If Veo (WH+1 1) =

0, then WH+1 1 is a global min (max) of ¢y by assumption. By Theorem 4.2(b), (W, )H 'El must be

a global min (max) of £. O

Corollary 5 shows that for any differentiable loss function ¢, whose critical points are global min-
ima, the loss ¢ has only global minima and saddle points, therefore satisfying the “local minima
are global” property. In other words, for such an ¢y, the multilinear re-parametrization introduced
by deep linear networks does not introduce any spurious local minima/maxima; it only introduces
saddle points. Importantly, Corollary 5 also provides a checkable condition that distinguishes global
minima from saddle points. Since ¢ is nonconvex, it is remarkable that such a simple necessary and
sufficient condition for global optimality is available.

Our result generalizes previous works on linear networks such as Kawaguchi (2016); Yun et al.
(2018); Zhou & Liang (2018), because it provides conditions for global optimality for a broader
range of loss functions without assumptions on datasets. Laurent & Brecht (2018b) proved that if
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(Wj)fjll is a local min of ¢, then WHHJ is a critical point of £y. First, observe that this result is
implied by Theorem 4.1. So our result, which was proved in parallel and independently, is strictly
more general. With additional assumption that critical points of ¢, are global minima, Laurent
& Brecht (2018b) showed that “local min is global” property holds for linear neural networks; our
Corollay 5 gives a simple and efficient test condition as well as proving there are only global minima
and saddles, which is clearly stronger.

5 DISCUSSION AND FUTURE WORK

We investigated the loss surface of deep linear and nonlinear neural networks. We proved two the-
orems showing existence of spurious local minima on nonlinear networks, which apply to almost
all datasets (Theorem 1) and a wide class of activations (Theorem 2). We concluded by Theo-
rem 4, showing a general result studying the behavior of critical points in multilinearly parametrized
functions, which unifies other existing results on linear neural networks. Given that spurious local
minima are common in neural networks, a valuable future research direction will be investigating
how far local minima are from global minima in general, and how the size of the network affects this
gap. Another thing to note is that even though we showed the existence of spurious local minima
in the whole parameter space, things can be different in restricted sets of parameter space (e.g., by
adding regularizers). Understanding the loss surface in such sets would be valuable. Additionally,
one can try to show algorithmic/trajectory results of (stochastic) gradient descent. We hope that our
paper will be a stepping stone to such future research.
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A1l NOTATION

We first list notation used throughout the appendix. For integers a < b, [a, b] denotes the set of
integers between them. We write [b], if @ = 1. For a vector v, we use [v]; to denote its i-th
component, while [v](; denotes a vector comprised of the first i components of v. Let 1, (or 04) be

the all ones (zeros) column vector in R, For a subspace V' C R%, we denote by V* its orthogonal
complement.

For a matrix A, [A]; ; is the (4, j)-th entry and [A]. ; its j-th column. Let oyax(A) and oyyin(A)
denote the largest and smallest singular values of A, respectively; row(A), col(A4), rank(A), and
||A||r denote respectively the row space, column space, rank, and Frobenius norm of matrix A. Let
null(A) := {v | Av = 0} and leftnull(A) := {v | vT'A = 0} be the null space and the left-null
space of A, respectively. When A is a square matrix, let tr(A) be the trace of A. For matrices
A and B of the same size, (A, B) = tr(A” B) denotes the usual trace inner product of A and B.
Equivalently, (A, B) = tr(AT B) = tr(ABT). Let 04, be the all zeros matrix in R%*™,

A2 PROOF OF THEOREM 1, STEP 2, CASE 2

Case 2. 7 = (). We start with a lemma discussing what 7 = () implies.
Lemma A.1. If J = 0, the following statements hold:

1. There are some y;’s that are duplicate; i.e. for some i # j, y; = ¥;.
2. Ify; is non-duplicate, meaning that §; 1 < y; < Yj+1, §J; = y; holds.
3. If g; is duplicate, Zi:yi:gj (9; — yi) = 0 holds.

4. There exists at least one duplicate ij; such that, for that ij;, there exist at least two different
i’s that satisfy §; = y; and §; # y;.

Proof We prove this by showing if any of these statements are not true, then we have 7 # () or a
contradiction.

1. If all the g;’s are distinct and 7 = 0, by definition of 7, §; = y; for all j. This violates
our assumption that linear models cannot perfectly fit Y.

2. If we have y; # y; for a non-duplicate ;, at least one of the following statements must
hold: 37, ;1 (¥i — i) #0o0r >, (¥ —yi) # 0, meaning that j —1 € Jorj € J.

3. Suppose ; is duplicate and }-,. . . (9 — yi) # 0. Let k = min{i [ §; = y;} and | =
max{i | 7; = ¢;}. Then at least one of the following statements must hold: Dich1 (Wi —

yi) # 0 or Zigz@i —y;) #0. If Zigk—1(gi —y;) # 0, we can also see that Jx_1 < Y,
so k —1 € 7. Similarly, if Zigl(yi —1y;) #0,then! € J.

4. Since Zi:gi:% (s — yi) = 0 holds for any duplicate 7;, if §; # y; holds for one 4 then
there must be at least two of them that satisfies ¢; # ;. If this doesn’t hold for all duplicate
s, with Part 2 this means that §j; = y; holds for all j. This violates our assumption that
linear models cannot perfectly fit Y.

O

From Lemma A.1.4, we saw that there is a duplicate value of yj; such that some of the data points ¢
satisfy ¢; = 9; and §; # y;. The proof strategy in this case is essentially the same, but the difference

is that we choose one of such duplicate g, and then choose a vector v € R? to “perturb” the linear

least squares solution [I/](4, in order to break the tie between i’s that satisfies §; = ¢; and y; # ;.

We start by defining the minimum among such duplicate values §* of §;’s, and a set of indices j that
satisfies ; = y™.

g" = min{y; | 3i # j such that g, = g, and §; # v, },

12
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J ={ielmlly =y}

Then, we define a subset of J*:
Tp=€T" 14 #yj}
By Lemma A.1.4, cardinality of J is at least two. Then, we define a special index in J%:
J1 = argmax [z, ,
JET:
Index j; is the index of the “longest” x; among elements in 7. Using the definition of j;, we can
partition J* into two sets:
* . * 2 * . * 2
T2 ={i €T [(zj,25) = e o}, Te =4 € T [ {ag,25) <l 5}

For the indices in [J*, we can always switch the indices without loss of generality. So we can assume
that j < j; = max J< forall j € J< and j > jy forall j € JZ.
We now define a vector that will be used as the “perturbation” to [WW] [d,]- Define a vector v € R,
which is a scaled version of x;, :

V= —"——x;
M”Z‘leQ -

where the constants g and M are defined to be
oo o,
9= ymin{|gi —g;| [4,j € [m], g # 75}, M = max ||zi|, .
i€[m]
The constant A is the largest ||z, ||, among all the indices, and g is one fourth times the minimum

gap between all distinct values of ;.

Now, consider perturbing [W]g,) by a vector —av”. where o € (0, 1] will be specified later.
Observe that

(V_V — [owT 0]) ﬁl} =W [ﬁl] — owai =Y — owTaci.

Recall that j < j; = maxJ3 forall 7 € J< and j > j; forall j € JZ. We are now ready to
present the following lemma: — B

Lemma A.2. Define

Jo = argmax (z;,xj,), B =9"
jeT:

e
- §’UT(xj1 + ij).
Then,

7 —ovlz; — B < 0foralli < ji,

g —avla; — B> 0foralli > ji.
Also, Ei>j1 (i —yi) — Zigjl (% —yi) = =2 —yju) # 0.
Proof  First observe that, for any z;, |av” z;| < ||, ||lzill, < £ ||lzill, < g. By definition of
g, we have 2g < y; — y; for any ¥; < ;. Using this, we can see that

Ui <yY; — zji—avTxi§§i+g<gj—g§yj—chxj. (A.1)

In words, if 7; and 3; are distinct and there is an order ¥; < ¥;, perturbation of (W] [d.] DY —av”
does not change the order. Also, since v is only a scaled version of x;,, from the definitions of [JZ
and JZ, B
T(xj— ;) >0forje J< and v! (v —xj,) < 0forj € JZ. (A2)

By definition of j5,

v

vl (z;, — ;) < 0and v’ (2, — ;) > 0 forall j € JZ. (A3)

13
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It is left to prove the statement of the lemma using case analysis, using the inequalities (A.1), (A.2),
and (A.3). For all 4’s such that §; < §* = ¥j,,

gi—ov'z— B =y —avz, — +§v T(zj, + 5,)

Q
= (7 —av'z) — (JF — o’ xj,) + §UT(%‘2 —xj,) <0.

Similarly, for all 7 such that 3j; > §* = ¥;,,

Q
7UT(xj1 - sz) > 0.

gi —avle; — B= (g, — av'z;) — (" — O‘UTJUJ'Q) + 5

Forj € jz* (j < j1), we know §j; = ¥*, so
yj — aUij —pB= (y —aw’T st (y — —U Scjl + :Ejz))
«
= av [(le — ;)] + 5 [(mjz z;,)] < 0.

Also, for j € JZ (7 > j1),
— —x —% «
i — v’z — = (7 —av’az;) - (y - §UT(%‘1 + %))
o
= v () = 25) + (2, = 25)] > 0.
This finishes the case analysis and proves the first statements of the lemma.

One last thing to prove is that 30, (i —¥i) — >_i<j, (Ui — vi) = —2(¥j, — y;,) # 0. Recall from
Lemma A.1.2 that for non-duplicate ;, we have y; = y;. Also by Lemma A.1.3 if g; is duplicate,
> igi=y; (Wi — yi) = 0. So,

MWi—v) =D Wi—v) =D Gi—y)— Y, @i—w)-
i>71 i<j1 i€JZ iEjg
Recall the definition of J = {j € J* | y; # y;}. Forj € T*\TZ, y; = y;. So,

Z(gi_yi)_Z(gi_yi): Z (i —yi) — Z (i — vi) -

€T i€J: i€TINT: i€TINT:

Recall the definition of j, = argmax;e - |, For any other j € JZ\{j1}.

2
g lly = llslly 2,11y = (255 25)

where the first > sign is due to definition of j;, and the second is from Cauchy-Schwarz inequality.
Since x;, and x; are distinct by assumption, they must differ in either length or direction, or both.

So, we can check that at least one of “>" must be strict inequality, so ||z}, H; > (xj,x;,) for all
j € j;\{jl}. Thus,
TNy =Jen Tz and {1} = J2 0 T,

proving that

Z (i —yi) — Z (Y —yi) = Z (@i = i) = (Wi — v50) -

i>51 i<j1 JeTE\{i1}
Also, by Lemma A.1.3,

0= Z (i —yi) = Z @i — i) = (U5, —wy5) + Z (% — yi)-
ieJ* ieJz jeIz\i}

Wrapping up all the equalities, we can conclude that

Z (Y — i) — Z (Y —vi) = —2(Yj, — i)

i>j1 i<
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finishing the proof of the last statement. O

It is time to present the parameters (W b; ;)3_1, whose empirical risk is strictly smaller than the

Jj=r
local minimum (1}, b ) _, with a sufficiently small choice of a € (0, 1]. Now, let 7y be a constant
such that
. — O‘UT(I]& - xj2)
7 = sign((, — ) (s — 5 ) =), (A

Its absolute value is proportional to v € (0, 1], which is a undetermined number that will be specified
at the end of the proof. Since |7y| is small enough we can check that

sign(g; — awlz; — B) = sign(g; — avTx; — B+ ) = sign(7; — awlz; — B — 7).
Then, assign parameter values

. W4, — ow” B Wlg,+1— B+
Wi = |=[W]a, +av’ |, bi= |- [W]g, 41 + B+,
(d1—2)xdg 04,2
~ 1 T -
W2 = &FT [1 -1 0d1—2] 5 b2 == /8
With these parameter values,

. N g — ow® xz B+
Wiz; + b1 = | =g + vz + 5+~

04, -2
As we saw in Lemma A.2, for i < j1, 9; —avT2; — 4+~ < 0and —y; + awvTz; + B+~ > 0. So
Ui = W2hs+,s,(W1$i +b1) + by

1 1 _ T
= —— 5 (i — v’z —— 54 (=7 + av’
Sp+ s (y i 5"‘7) St +s_ +( Yi + z"‘ﬂ‘i"}/)"‘ﬁ
_ T Sy —S—
=y —ov' 'z, — ———
Yi T T
Similarly, for i > j1, 9; — av’z; — B+~ > 0and —3; +av’z; + B+~ < 0,50
. _ —s5_
yi = W2h5+,s_ (Wlxi + b1) +by =7 — oz + +7’7.
Sy +s-

Now, the squared error loss of this point is
-~ 1. -
(W5, b5)5-0) = 51V =Yg
1 s s S S s 2
- TP N - U —aulo, 25 2=
—22 (yz vt T S++S_7 yz) +22 (yz av xz+5++s_’y yz>

1>71

1 —5_
D) Z (5 — av’; — yi)Z + Z (i — av"a; —y;) — Z (5 — w2y — ;) ziTE_v +0(y?

i=1 i>71 i<j1

Sy +s-

:£O<W)—a[2<yi—yi>xf V0@ + [ @) = > @i v | 2 1 0(an) + O(7

1=1 i 1>71 i<j1
Recall that >/ | (7; — y;) x] = 0 for least squares estimates 7;. From Lemma A.2, we saw that

Disiy Wi —vi) = X<y, (Wi —yi) = —2(¥j, — yj,)- As seen in the definition of v (A.4), the
magnitude of +y is proportional to cv. Substituting (A.4), we can express the loss as

g((Wj’BJ_)?Il) _ ZO(W) N Oé|(gj1 — yjl)(;(-;Jr—:;”;)T(le — x]é) + 0(042).

Recall that vT' (2, — x;,) > 0 from (A.3). Then, for sufficiently small o € (0, 1],
O(Wy,b;)31) < Lo(W) = (W, b;)3_,),

therefore proving that (Wj, I;jﬁ:l is a spurious local minimum.
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A3 PROOF OF THEOREM 2

A3.1 PROOF OF PART 1

Given vy, vz,v3,v4 € R satisfying conditions (C2.1) and (C2.2), we can pick parameter values
(W, bj)§:1 to perfectly fit the given dataset:

-1

Wi = [zl jﬁ] b= {8] , Wa = (h(va)h (2542) —h(on)h (2524)) 7 [h(vs) —h(v1)], bo = 0.

3
With these values, we can check that Yy = [0 0 1], hence perfectly fitting Y, thus the loss

(W5, b)2,) = 0.
A3.2 PROOF OF PART 2

Given conditions (C2.3)—(C2.7) on vy, vs,u1,us € R, we prove below that there exists a local
minimum (W}, bj)?:1 for which the output of the network is the same as linear least squares model,
and its empirical risk is £((W;, Bj)?:l) = 1. If the conditions of Part 1 also hold, this local minimum
is strictly inferior to the global one.

First, compute the output Y of linear least squares model to obtain Y = [% 1 %] Now assign

3
parameter values

o= o o) b=[] =l ia—o

Wlth these values we can check that Y = (3 3} under condition (C2.3): uy h(vy)+ugh(ve) =
%. The empirical risk is (W, bj)jzl) =iG+s5+35) =%
It remains to show that this is indeed a local minimum of £. To show this, we apply perturbations to

the parameters to see if the risk after perturbation is greater than or equal to £((W;, Bj)?zl). Let the
perturbed parameters be

i |viton vi+d| ;B i
W1 = vy +521 Vo + 522:| y b1 = |:5 W2 ['Ll/l + €1 us + 62], bg =, (A5)
where 011, 12, 621,022, 81, B2, €1, €2, and ~y are small real numbers. The next lemma rearranges
the terms in ¢((TV;, Bj)?:l) into a form that helps us prove local minimality of (W), b;)5_,. Ap-
pendix A4 gives the proof of Lemma A.3, which includes as a byproduct some equalities on poly-
nomials that may be of wider interest.

Lemma A.3. Assume there exist real numbers vi,v2,u1,us such that conditions (C2.3)-(C2.5)
hold. Then, for perturbed parameters (W, bj)?:l defined in (A.S),

5((W7‘,6j)2’:1) > 3+ o1 (011 — 612)% + 2(021 — 622)% + (011 —612) (921 —622), (A.6)

7l V)2 ’ ’
where a; = i 2(1“) + ?(hivl)) +o0(1), fori = 1,2, and a3 = M + 0(1), and o(1)
contains terms that diminish to zero as perturbations vanish.

To make the the sum of the last three terms of (A.6) nonnegative, we need to satisfy a; > 0
and o — 4ajap < 0; these inequalities are satisfied for small enough perturbations because of

conditions (C2.6)~(C2.7). Thus, we conclude that £((W;,b;)2_,) > & = (W}, b;)2_,) for small

enough perturbations, proving that (W], b ) _iisa local minimum.

A4 PROOF OF LEMMA A.3

The goal of this lemma is to prove that

1 " 2(1/ 2
=— 4 g(perturbationsf + (UIh12(U1) + ul(hivl)) + 0(1)) ((511 - 612)2

(((Wy,05)321) 3
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us " Vg u% / Vg 2
+( h12( )Jr (hi ) +0(1)> (691 — 0a2)?

+ (muzh/(;}l)h/(vg) + 0(1)> (011 — 012)(021 — 022), (A7)

where o(1) contains terms that diminish to zero as perturbations decrease.
Using the perturbed parameters,

j A + 011 + 61 vy + 012 + ﬁl v + 511+512 =+ ﬂ
WX 4017 = |[!
1X +011,, [U2—|—521+52 Vg + G2 + P v2—|—521+522_|_5
so the empirical risk can be expressed as

C(W5,b5)5-,)
:§|\W2h(W1X+b11T)+bglfL Y|
(w1 + €1)h(v1 + 611 + B1) + (u2 + €2)h(va + d21 + B2) + ’7]2

[(u1 + €1) (v + 612 + B1) + (uz + €2)h(va + S22 + B2) + 7]

51140 So1 40 2
+[(u1+61)h<01+ nt 12+ﬁ> (U2+62)h(v2+21+22+ﬂ2>+7—1}

2 2
(A.8)

So, the empirical risk (A.8) consists of three terms, one for each training example. By expanding
the activation function h using Taylor series expansion and doing algebraic manipulations, we will
derive the equation (A.7) from (A.8).

Using the Taylor series expansion, we can express h(vl + 511 + ﬁl) as

h(vi + 611 + B1) = h(vy) + Z 511 +B)".

Using a similar expansion for h(ve + d21 + B2), the ﬁrst term of (A.8) can be written as

1Km+qmwﬁﬂn+&yuw+gm@ﬁwm+mwwf

(u1 +€1) ( v1) Z 511+51)) (ug + €2) ( vg) Z

’I’L TL

2
1
T2

1

2

h(")

g +erh(vr) + (u1 + € Z

n=1

where we used u1 h(v1)+ush(ve) = 5. To simplify notation, let us introduce the following function:

B (y
t(51,52) = elh(vl) + Egh(vg) +v+ (Ul + 51) Z h ( )

n=1 n=1

With this new notation ¢(d1, d2), after doing similar expansions to the other terms of (A.8), we get
(((Wy,b5)321)

171 21N 29T 2 511+ O1a 691 + 029\ 17
== [+t(611,(521)] + = {34—75(6127622)} + = [—+t( o Ont 22)}

2 |3 2 2L 3 ? i
- 511 + 612 621 + &
=3 + 3 {t(611,621) + t(012, 622) — 2t ( : 2 12’ = 2 22)}
) 1 1 011 + 012 o1 + 6 ?
+3 [t(d11,021)]° + 5 [t(812, 622)]” + 2 [t ( = 2 == 2 22)] )

Before we show the lower bounds, we first present the following lemmas that will prove useful
shortly. These are simple yet interesting lemmas that might be of independent interest.
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% 1(m) (s
ol (61 + B1)" + (u2 + €2) Z h n(' 2) (62
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Lemma A.4. Forn > 2,
a+b

a”+b”2( >n = (a—b)*pu(a,b),

where p,, is a polynomial in a and b. All terms in p, have degree exactly n — 2. When n = 2,
p2(a,b) = %

Proof The exact formula for p,,(a, b) is as the following:

n—2 k
pala,b) =Y [k+1=27""Y (k+1-1) (7)] a”k=2pk,
k=0 =0

Using this, we can check the lemma is correct just by expanding both sides of the equation. The
rest of the proof is straightforward but involves some complicated algebra. So, we omit the details
for simplicity. O

Lemma A.5. Forni,ne > 1,
a™c™ +b"d" -2 (a —2|_ b) (C—;d)
:(a - b)zqmmz (a7 b> d) + (C - d)QQle,m (C, d7 b) + (a - b) (c - d)rm,nz (CL, b7 (&) d)

where @y, n, and vy, n, are polynomials in a, b, c and d. All terms in qp, n, and vy, n, have degree
exactly ny +ng — 2. Whenny =ng =1, ¢11(a,b,d) = 0and r11(a,b,c,d) = %

Proof The exact formulas for gy, n,(a,b,d), gnyn, (¢, d,b), and 7, n,(a,b,c,d) are as the fol-
lowing:

ni—2 k1
in,ng(a; b, d) = Z ki+1-— 27n1+1 Z(kl +1— ll) <71)] 017117161728)161(17127
k1=0 1, =0 !
ng—2 k
_ N ot N _ "2\ | pra na—ka=2 ke
gy (€:d,0) = > |kp+1 -2 D (k1 - 1) e d*2,
ka=0 1,=0 2
ni—1lng—1 k k
r (a,b,c,d) = IZ ZZ 1 — 2 mmnetl Zl: Zz M) (M2) | gkt gna—ha =1 gk
ny,n2 \&y ¥, &y ll l2
k1=0 ka=0 1,=01,=0

Similarly, we can check the lemma is correct just by expanding both sides of the equation. The
remaining part of the proof is straightforward, so we will omit the details. O

Using Lemmas A.4 and A.5, we will expand and simplify the “cross terms” part and “squared terms”’
part of (A.9). For the “cross terms” in (A.9), let us split ¢(d1, d2) into two functions ¢; and to:

t1(01,02) =erh(v1) + €ah(va) + v + (u1 4 €1)h’ (v1) (01 + B1) + (uz + €2)h (v2) (82 + B2)

> pn) > p(n)
ta(60) =G +e) S " oy By 4 ea) 30 6,

n=2 n=2
so that £(01, 62) = t1(61, d2) + t2(d1, 02). It is easy to check that

011 + 012 O21 + d22 —0
2 ’ 2 '

t1(d11,021) + t1(d12, 022) — 2t1 <

Also, using Lemma A.4, we can see that

011 + 012

(011 +51)"+(512+51)"—2< 3

—+ Bl) = ((511 — 612)2pn(511 + B1,012 + 51)7
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021 + d22

5 + 52) = (021 — 022)*pn (021 + B2, 022 + Ba),

(021 + B2)" + (022 + B2)" — 2 (

SO

011 + 012 021 + 522)

t2(11,021) + t2(d12,d22) — 2t2 ( 5 ; 5

)
—(u1 + &) (0 — 012)° Y %pn(éll + B1,012 + B1)

n=2
= R (v
+ (ug + €2) (021 — 522)2 Z (, 2)pn(521 + 82,022 + B2).
~ nl
Consider the summation
Z pn(d11 + B, 612 + ).

We assumed that there exists a constant ¢ > 0 such that [2(™)(v;)| < ¢"n!. From this, for small
enough perturbations d11, 12, and 31, we can see that the summation converges, and the summands
converge to zero as n increases. Because all the terms in p,, (n > 3) are of degree at least one, we
can thus write

h// (,Ul )

4

> p(n)
prn(éll + (1,012 4+ B1) = +o(1).

n!
n=2

So, for small enough 11, d12, and 31, the term w dominates the summation. Similarly, as

long as Ja1, (522, and f3; are small enough, the summation >~ h(n>(1’2)pn(521 + 2,092 + B2) is

n!

dominated by ("2) . In conclusion, for small enough perturbations,

011 + 012 021 + 522)

t(611, 621) + t(012,022) — 2t (

2 ’ 2
=t9(011,021) + t2(d12, 022) — 2to <(511 ;r(;lg’ 021 J2r§22>
=G40 (" o)) G 12 0 1) (T o) B —
) <U1h4(vl> ! 0(1)> (@2 = 0)"+ <U2h4(v2> - "(1)> (021 — 82)*. (A.10)

Now, it is time to take care of the “squared terms.” We will express the terms as

1 9 1 9 1 5114 612 021 + 022\ ]°
3 100 8o+ 3 o, b)) + 5 [o (1522, 2o )
3[ (611 + 012 01 +622\]" 1 1 811+ 612 621 + 6
= [t( 11 : 12 021 : 22)] +i[t(5117521)]2+E[t(5127522)]2— {t( 11 : 12 01 : 22
(A11)
and expand and simplify the terms in
1 1 511+ 012 01 4022\ 17
5[t(511,521)]2+§[t(512,522)]2— [t< 1 5 12 2 5 22)]

This time, we split ¢(d1, d2) in another way, this time into three parts:

ts = e1h(vy) + eah(ve) + 7,

1) (5,
ta(01) = (u1 +€1) Z hT(!)((ﬁ + 61)",

n=1
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> K (y
t5(02) = (ug + €2) Z h n(' 2) (62 + B2)™,

n=1
so that t(&l, 52) =t3+ t4(51) + t5((52). With this,

L 1 511+ 81a o1 + 029\ 12
By [t(511,521)]2 + 5 [t(512,§22)]2 — [t( 11 : 12, 21 . 22)]

o1 +9 821 + 6
—ta [ta(51) + eatna) = 200 (P01 ) o) + ) — 2 (P22 )

(106100 + (40022 =2 (4 <5§5>”
1
+ =

5 | (t5(021))° + (5(022))" — 2 <t5 <521;522>ﬂ

1) 1) 1) 1)
+ {t4(511)t5(521) + t4(012)t5(622) — 24 <11+12) ts <21—522>} . (A.12)

1
2

2
We now have to simplify the equation term by term. We first note that

011 + 012

021 + 022
2

> + t5(021) + t5(d22) — 2t5 < 3

011 + 012 921 + d22
2 ’ 2 ’

ta(d11) + ta(d12) — 2t4 (

=t2(011, 021) + t2(d12, 022) — 2t2 (
SO
011+ 06 da1 + O
t3 [t4(511) + t4(d12) — 2t4 (1112> + t5(d21) + t5(d22) — 2t5 <21222>}

2
011 + 012 021 + 6
=t3 [t2(5117521) +t2(d12, 022) — 2t2 ( L 5 2 = B 22)]

=o(1) Kulh;m) + 0(1)) (611 — 012)* + (Wh;(w) + 0(1)) (621 — 522)2} . (A13)

as seen in (A.10). Next, we have

(t4(611))% + (t4(612))? — 2 <t4 <(51142r<5m>>2

> plna) h(12)
e S (v1) "> (v1)
TLl!TLQ!

nl,TLz:l

n n n n 6 +6 n1+n2
(811 + B1)™ T2 4 (§12 + )™ 2—2<11212+51> 1,

> pna) h(12)
=(uy 4 €1)?(611 — 012)? Z (v1) (v1)

ni,ne=1

— (W + 0(1)) (611 — 512)2, (A.14)

when perturbations are small enough. We again used Lemma A .4 in the second equality sign, and
the facts that py,, 4, (-) = o(1) whenever ny + ns > 2 and that po(-) = 3. In a similar way,

2 2017 2
(t5(621))2 + (t5(622))* — 2 (t5 (W)) = (“2(]1;”2)) + 0(1)> (621 — 622)%. (A.15)

Pni4ns (011 + B1, 612 + B1)

’I’Ll!’l’Lg!

Lastly,

011+ 06 021 + 0
ta(011)t5(021) + ta(012)t5(022) — 2t4 ( 1 5 12) t5 ( 2L 5 22)

R VI B i G Ll )

nl,ng:l

n1ng! (611 + B1)™* (021 + B2)"
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011 + 06 ™M o1 + 6 n2
+(512+51)”1(522+52)n2_2<11212+51> (21222+52) ]’

= A (vg) A2 (v
=(u1 + €1)(u2 + €2) | (611 — 512)2 Z (v1) ( Q)in,m (011 + B, 012 + B1, 022 + B2)

ni,ne=1 TL1!7’L2!
0 M) (y)R(m2)(y
+ (621 — 692)? Z (nll)'nQ' ( 2)Qn2,n1 (021 + B2, 022 + B2, 012 + P1)

nlﬂ’lz:l

+ (611 — 612) (821 — ba2) i A1) (v h(2) (vy)
(e +oll) [(611 —612)%0(1) + (021 — 622)0(1) + (611 — d12) (021 — Sa2) (hl(vl)Qh/(UQ) + 0(1))] ’
(A.16)

Tnymo (011 4 B1, 612 + B1, 021 + B2, 022 + B2)

n1!n2!

where the second equality sign used Lemma A.5 and the third equality sign used the facts that
Qnyne () = 0(1) and 7, p, (-) = o(1) whenever ny +ng > 2, and that g1 1(-) = 0and r1 1 () = %
If we substitute (A.13), (A.14), (A.15), and (A.16) into (A.12),

% [t(11,021)]% + % [t(012, 622))" — {t

—o(1) KW + 0(1)) (611 — 612)% + (“W v2) 1)) (621 — 62) }

w3 (M o)) - 5 (B o)) 0 -

<511 + 512 do1 + 522)}

+ (uruz + o(1)) [(511 —012)%0(1) + (021 — 692)%0(1) + (611 — 12)(J21 — Sa2) (hl(vl)hl(w) + 0(1))]

= <u%(h£m))2 + 0(1)) (611 — G12)* + (u%(h/iw)y + 0(1)> (621 — 622)°

+ (ulmh’(;)l)h’(vg) + 0(1)) (611 — 012)(d21 — d22). (A17)

We are almost done. If we substitute (A.10), (A.11), and (A.17) into (A.9), we can get

(W5, b)5-1)

:% 43 {t (5” ;612, a1 ;622)}2
(e )>@u_5m> (M52 o(1)) 0 0
) <u h’ @) )> (511 — b12)° + (W + 0(1)) (d21 — 622)”
N 1u2h’v1h’v2)+01 St — S1o)(So1 — &
( ( )) (011 — 612)(021 — 022)
(5 ) (2
N <U2h1”2(112) N u%(h’ivz))2 N 0(1)) (Go1 — 29)2 + (“1“2"'(1;1)’1’(”2) n 0(1)) (811 — 012) (621 — ba2),

which is the equation (A.7) that we were originally aiming to show.
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A5 PROOF OF COROLLARY 3

For the proof of this corollary, we present the values of real numbers that satisfy assumptions (C2.1)—
(C2.7), for each activation function listed in the corollary: sigmoid, tanh, arctan, exponential linear
units (ELU, Clevert et al. (2015)), scaled exponential linear units (SELU, Klambauer et al. (2017)).

To remind the readers what the assumptions were, we list the assumptions again. For (C2.1)—(C2.2),
there exist real numbers vy, v9, v3, v4 € R such that

(C2.1) h(v1)h(vs) = h(va)h(v3),
(C2.2) h(vy)h (2328) £ hvg)h (L522).

For (C2.3)—(C2.7), there exist real numbers v, vo, u1, us € R such that the following assumptions
hold:

(C2.3) wrh(v) +uzh(va) = 3,
(C2.4) his infinitely differentiable at v; and vo,

(C2.5) There exists a constant ¢ > 0 such that |h(™) (v;)| < ¢"n! and [h(™ (v3)] < ¢™nl.
(C2.6) (urh/(v1))? + ") >,
(C2.7) (urh! (v1)ush! (v2))2 < ((urh!(v1))? + “2EDY (uph/ (vg))? + 2 (a)y

For each function, we now present the appropriate real numbers that satisfy the assumptions.

AS5.1 SIGMOID

When h is sigmoid,

h(z) = H%p(*x)’ h~Y(z) = log (12) .

Assumptions (C2.1)—(C2.2) are satisfied by

= (5 (2 (o () ()

and assumptions (C2.3)—(C2.7) are satisfied by

1 1\ 2 2
v = (7 (1) 47 (1) 5:3)

Among them, (C2.4)—(C2.5) follow because sigmoid function is an real analytic function Krantz &
Parks (2002).

AS5.2 TANH

When h is hyperbolic tangent, assumptions (C2.1)—(C2.2) are satisfied by

1 1 1 1
(v1,v2,v3,v4) = (tanh1 <2> ,tanh ™! (4) ,tanh™! (4) ,tanh ™! (8)) ,

and assumptions (C2.3)—(C2.7) are satisfied by

1 (1 1 (1 1
(Ulvv%ulvul) = (tanh ! (2> 7tanh ! <2> 7]-7 _3> )

Assumptions (C2.4)—(C2.5) hold because hyperbolic tangent function is real analytic.
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A5.3 ARCTAN
When #h is inverse tangent, assumptions (C2.1)—(C2.2) are satisfied by

snn = (1 (1) (1) cn (1) cn (1))

and assumptions (C2.3)—(C2.7) are satisfied by

( V= (o (L) van (L) 1
= 1 — 1 — —_
V1, V2, U1, U1 a. 2 ; La 2 3 Ly 3 )

Assumptions (C2.4)—(C2.5) hold because inverse tangent function is real analytic.

A5.4 QUADRATIC

When h is quadratic, assumptions (C2.1)-(C2.2) are satisfied by

( (1Ll
U1,V2,V3,V4) = 72727 4 )

and assumptions (C2.3)—(C2.7) are satisfied by
( ) 11 11
V1, V2, UL, UL ) = -, =
1,02, U1, U1 y Ly 6 ) 6 )
Assumptions (C2.4)—(C2.5) hold because quadratic function is real analytic.

A5.5 ELU aAND SELU

When h is ELU or SELU,

T x>0 PN 70 x>0
W) =X {a(exp(m) -1) =<0’ ) = {1og (Z+1) <0’
A x>0 0 x>0
’ _ - 12 _ et
W) = {)\aexp(a:) x <0’ W) = {/\ozexp(x) z <0’

where > 0, and A = 1 (ELU) or A > 1 (SELU). In this case, assumptions (C2.1)—(C2.2) are
satisfied by

= () () () ()

Assumptions (C2.3)—(C2.7) are satisfied by

( D= (g (2).2 2
U1,V2,U1,U2) = 33 0g 3 7)\7>\O[ )

where (C2.4)—(C2.5) are satisfied because h(x) is real analytic at v and vs.

A6 PROOF OF THEOREM 2 FOR “RELU-LIKE” ACTIVATION FUNCTIONS.

Recall the piecewise linear nonnegative homogeneous activation function

- syx x>0
Papa- (@) = {S_x x <0

where s; > 0, s_ > 0 and sy # s_, we will prove that the statements of Theorem 2 hold for
h8+787'
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A6.1 PROOF OF PART 1

In the case of s_ > 0, assumptions (C2.1)—(C2.2) are satisfied by

The rest of the proof can be done in exactly the same way as the proof of Theorem 2.1, provided in
Appendix A3.

For s_ = 0, which corresponds to the case of ReLU, define parameters
= 0 2 5 0 = 1 2 =
Wi = [_2 1],b1: M,Wg: & —Z] k-0
We can check that

7 = = 0 2 1
hs+,s, (W1X + bllg:) =S54 |:0 1 O:| 3

SO
Wahs, s WiX +0111) + 0,17 =0 0 1],

A6.2 PROOF OF PART 2

Assumptions (C2.3)—(C2.6) are satisfied by
( ) 1 1 22
V1, V2, U1, UL) = | — - = .
1,02, 01, U1 ) ) 3 ) 3

Assign parameter values

~ ~ 0 ~ ~
W1: [z; 5;],1)1: |:0:|,W2:[U1 U2},b2:0.

It is easy to compute that the output of the neural network is Y = [
1

Wl
Wl
Wl
1
w2
@]
~
—~
—~
3
(=
<
~—
V]
Il
—
~—

3
Now, it remains to show that this is indeed a local minimum of ¢. To show this, we apply perturba-

tions to the parameters to see if the risk after perturbation is greater than or equal to £((W;, i)j)?zl).
Let the perturbed parameters be

i, |v1+01 v+l ¢ |Bi] 5 i
Wl_[v2+521 v2+522]’b1_[52 We=lutea wtel b=1,

where 11, 012, 921, 022, 51, P2, €1, €2, and -y are small enough real numbers.

Using the perturbed parameters,

. 5 +6011+ 051 vi+de+ B UI+M+61
WiX + 517 = [ + |
1 14m |:’U2+621+62 U2+622—|—ﬁ2 1}2_’_%_’_&2

so the empirical risk can be expressed as

(((Wy,65)321)
1

:§|‘W2ﬁs+,s_ (WlX + 6112) 4 5215 _ Y||12;

1 (w1 + €1)s4(v1 + 611 + B1) + (u2 + €2)s4 (v2 + 621 + B2) + ’Y]Q

T2
+ = [(u1 + €1)s4(v1 + 012 + B1) + (u2 + €2)54 (v2 + 22 + F2) + 7}2

0 0 1) 0
|:(U1 +€1)sy (U1 + % + ﬁl) + (ug + €2)s (Uz + 021 02

* 2

N = N =

2
+ﬁg)+'y—1} :
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To simplify notation, let us introduce the following function:
t((51, 52) = S4 €101 + Sy €202 + Y + S+(U1 + 61)(51 + ,81) + 3+(U2 + 62)(52 + ﬁg)
It is easy to check that

011 + 012 21 + &
t(511»521)+t(512,522)2t<11 gt 22)0.

2 ’ 2
With this new notation ¢(d1, d2), we get
O((W5,05)5—,)

1[1 1 21 2 511+ 012 0a1 + 622\ 1"
:i |:3 +t((5117521):| +2|:3+t(512,522):| +2|:—3—|—t< 112 12, 212 22>:|
11 S11+ 615 621 + 6
:3+3|:t<611,(521)+t((512,522)—Qt( 112 127 212 22):|

011 + 012 o1 + 522)]2

1 1 1
+3 [t(611,601)]% + 5 [t(612,002)]° + = [t ( oy

2

A7 PROOF OF THEOREM 4

Before we start, note the following partial derivatives, which can be computed using straightforward
matrix calculus:

a%, Wrs1+1) VW) (W) %,
forall j € [H +1].

A7.1 PROOF OF PART 1, 1F dy > d,

For Part 1, we must show that if V(W 11.1) # 0 then (W )f * 1 is a saddle point of £. Thus, we

show that (W )H *1 is neither a local minimum nor a local maximum. More precisely, for each j, let
B¢(W;) be an e-Frobenius-norm-ball centered at 1¥;, and HHH Be(W;) their Cartesian product.
We wish to show that for every € > 0, there exist tuples (P, )H'H (CQJ)H+1 € HHH B.(W;) such

that =
C((P) ) > e(W) ) > 0((Q) ). (A.18)

To prove (A.18), we exploit £((W;) ") = ¢o(Wir11.1), and the assumption V(W 11.1) # 0.

Jj=1
H+1

The key idea is to perturb the tuple (W ) so that the directional derivative of ¢y along Py y1.1 —

WH+1:1 is positive. Since ¢ is dlfferentlable, if P11 — WH+1:1 is small, then

(P = lo(Prgain) > Co(Whrpra) =L(W5) ).

Similarly, we can show ¢ ((QJ)H ) < oW, );I *1). The key challenge lies in constructing these

perturbations; we outline our approach below this construction may be of independent interest
too. For this section, we assume that d, > d, for simplicity; the case d, > d is treated in
Appendix A7.2.

Since VEO(WHJ,_l:l) # 0, col(VfO(WHH;l))J- must be a strict subspace of R%. Consider
0¢/OW; at a critical point to see that (WH+1:2)TVEO(WH+1;1) = 0, so COI(WH+1;2) -
col(V[O(WHH:l))J— C R%. This strict inclusion implies rank(WHH:g) < dy < dy, so that
Hull(WH+1:2) is not a trivial subspace. Moreover, null(WH+1:2) D) HUII(WHZQ) 2.2 null(Wg).
We can split the proof into two cases: HUII(WH+1:2) #+ null(WH:Q) and null(WHJ,_l:Q) =
null(WHzg).

Let the SVD of VEO(WHH;l) = U;XUT. Recall [U}]. ; and [U,]. ; denote first columns of U, and
U,, respectively.
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Case 1: null(Wp11.0) # null(Wp.2). In this case, null(Wp11.0) 2 null(Wi.2). We will per-

turb W, and Wy to obtain the tuples (P, );Ijgl and (Qj)fjll. To create our perturbation, we
choose two unit vectors as follows:

Vg = [UT]-,17 (NS null(WHJrl:Q) n HUH(WH;Q)L
Then, define A; = eviol € RU*de and V; = Wy + A, € BE(VVl). Since v; lies in
null(WH+1:2), observe that
Wri12Vi = Whsta + eWrpio0vl = Wegra.
With this definition of V7, we can also see that
Ve (W s1.)VE (Wea)T = V(W i10) W) T + eVl (W g 1.1 )vovd (Wira) ™.
Note that VEO(WHH 1)(WH 1)T is equal to ¢/ GWHH at a critical point, hence is zero. Since
= [U,].1, we have VKO(WHH 1)vg = amaX(Vﬂo(WHH 1))[U1]. 1, which is a nonzero column

Vector, and since v1 € null(WH;Q) = I'OW(WH:Q), vy (WH:Q) is a nonzero row vector. From this
observation, V4o (Wgry1.1)vov (Wi.2)T is nonzero, and so is V& (Wri1.1) Vi (Wr.o)T.

We are now ready to define the perturbation on WH_H:

eVlo(Wir11:1)ViE (Wiro)T
IVl (Wrs1) Vi (W) T |lp

Apg =

so that WH+1 + Apg41 € BE(WHH). Then, observe that
(A1 WaaVi, V(Wri11)) = (Apri1, Ve (W s1.0)ViE (W) > 0,

by definition of Ay 4. In other words, Ag 41 WH:QVl is an ascent direction of ¢ at WH+1:1. Now
choose the tuples

(Pt = (Vi, Wa, ..., W, Wiri1 + nAp 1),
(QJ);IJFI (VLWQ"'wWHaWHJrl_nAH+1)7

where 7 € (0, 1] is chosen suitably. It is easy to verify that (P )f*ll, (QJ)HJr1 € HHH B.(W;),
and that the products

Pry1a = Wit +1Ag 1 WiaVi,
Qrri11=Wrhita — nAg 1 WiaVi.

Since /y is differentiable, for small enough n € (0,1], £o(Pri1.1) > EO(VVHH;l) > lo(QH+1:1)s
proving (A.18). This construction is valid for any € > 0, so we are done.

Case 2: null(VAVHH:g) = null(WHzg). By and large, the proof of this case goes the same, except
that we need a little more care on what perturbations to make. Define

7 = max{j € [2, H] | null(W;.2) 2 null(W;_1.0)}.

When you start from j = H down to j = 2 and compare null(W;.) and null(W;_1.), the first
iterate j at which you have null(W 2) # null(WJ 1:2) is j*. If all null spaces of matrices from
WH 5 to W2 are equal, j* = 2 which follows from the notational convention that null(W1 9) =
null(Z4,) = {0}. According to j*, in Case 2 we perturb Wi, WH+1, Ww, ..., W - to get (P; )Hjl
and (Q;);4".

Recall the definition of left-null space of matrix A: leftnull(A) = {v | vT A = 0}. By definition of
J*, note that

null (W4 1.0) = null(Wiro

= I'OW(WH+1;2) = I"OW(WH:Q

—
(I
([
—
S £
=
o~
>
&=
* *
SRS
S~— ~—
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(:)rank(WHH;g) = rank(WH:Q) =...= rank(Wj*zg),

which means the products are all rank-deficient (recall Arank(WHH;g) < d?{ and all d; > d,), and
hence they all have nontrivial left-null spaces leftnull(W.2), . . ., leftnull(W;.) as well.
We choose some unit vectors as the following:

vo = [Ur]. 1,

vy € null(W-.p) Nnull(W;-_1.9)%,

v+ = (Ul 1,

vy € leftnull(WH:g),

vj« € leftnull(W- ).
Then, for a vy € (0, €] whose value will be specified later, define
Ay =yl € R Xz

T
Api1 = yogvy € RWxdn

Ajoyq = ’W}j*-q—lU]T* € R%*+1xdjx
and Vj := Wj + Aj accordingly for j = 1,5 +1,..., H + 1.
By definition of A;’s, note that
VH+1:j*+1Wj*:2V1
=V 155 12Wirs10Vi + Vi y1ge 280 1 Wi=0Vi = Vi1 oW1 12V2 (A.19)
:VH+1:j*+3Wj*+2:2V1 + VH+1:j*+3Aj*+2Wj*+1:2V1 = VH+1:j*+3Wj*+2:2V1 (A.20)

=Wii12V1 + Ag i WiaVi = Wi 12V (A.21)
W1 + Wai1281 = Wei1a, (A.22)

where in (A.19) we used the definition that v;- € leftnull(Wj-.), in (A.20) that v« €
leftnull(Wj*H:Q), in (A.21) that vy € leftnull(WH:Q), and in (A.22) that v, € null(Wj*:Q).

Now consider the following matrix product:
(Vers1je 1) Ve (W1 VYT (Wie_1:2)T
Z(Wj*+1 + Aj*+1)T cee (WH+1 + AH+1)TV£0(WH+1;1)(W1 + Al)TWQT cee W]-T,:_l. (A.23)

We are going to show that for small enough v € (0, €], this product is nonzero. If we expand (A.23),
there are many terms in the summation. However, note that the expansion can be arranged in the
following form:

(Wyegr + Djei )T - (Wargr + Apri) " Ve (Wirgr) (Wh + A)TWS - W
:CO+01’Y+0272+“'+CH*j*+2’YH_j*+2 (A24)
where C; € R%**dj*~1 for all j and C; doesn’t depend on -, and specifically

1 A R .
CH—jry2 = WA;‘QH e A V(W) ATWY - W

Because the Cj is exactly equal to avavz.* evaluated at a critical point ((WJ) f: *11), Cy = 0. Also, due
J

to definitions of A;’s,

Chi—jera =(Vj v ) (Vje 105 ) - (Vv ) Ve (Whi1:1) (vov] ) (Wie—1:2)T
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=020 11 Ve (Wrrg1:1)vov] (Wie_1:2)".
First, vj« is a nonzero column vector.  Since vgy1 = [Uj].1 and vg = [U].1,
UE+1V£O(WH+1:1)UO = Omax(Vlo(Wgt1:1)) > 0. Also, since v1 € row(Wj«_1.2),
’U%—‘(Wj*_lﬁ)T will be a nonzero row vector. Thus, the product C'gy_ j+ 42 will be nonzero.
Since Cy_j+«42 # 0, we can pick any index (e, 5) such that the («, 5)-th entry of Cg—j« 42,
denoted as [C'—j+12]a,p, is nonzero. Then, the (v, 5)-th entry of (A.24) can be written as
a1y + 62’72 + -+ CH_j*+2’YH7j*+27 (A.25)

where ¢; = [C}]a,5. To show that the matrix product (A.23) is nonzero, it suffices to show that its
(o, B)-th entry (A.25) is nonzero. If ¢; = - -- = ¢y —j-41 = 0, then with the choice of 7 = €, (A.25)
is trivially nonzero. If some of cy,...,cy_;-41 are nonzero, we can scale v € (0, €] arbitrarily

small, so that
H—j*+1 H—j"+2
|clfy+~-~+CH—j*+1’Y it | > |CH—j*+2'7 I B

and thus (A.25) can never be zero. From this, with sufficiently small v, the matrix product (A.23) is
nonzero.

Now define the perturbation on Wj* :
eV 1:5741) TVl (Wirp10) Vi (Wi _1.0) T
(Vi) TVl (W) Vi (Wi —1:2) T le
so that W« + Aj. € B.(Wj.). Then, observe that
(Vi gre 4185 Wy _1:2V2, V(W) = tr((Vagrsgs 118, Wie1:2V1) T Ve(Wa411))
= tr(AT (Varrage 1) Ve (Wa:) VT (Wi 212)") = (A0, (Virgage 1) Ve (Wap:0) Vi (Wye—12)T) > 0.

This means that VH+1:j*+1Aj*W4*_1:2V1 and fVHH:j*HAj*Wj*_Lng are ascent and descent

directions, respectively, of ¢o(R) at WH+1;1. After that, the proof is very similar to the previous
case. We can define

~ ~ H+1 ~
(PJ)H-‘:-l (Vl, WQ, ey Wj*—h W]* —+ ’I’}Aj*7‘/j*+1, ey VH+1) S Hj:l Be(WJ)

J

g =

~ ~ H+1
(QJ)H+1 (‘/17W27...,Wj*_1,Wj* —’I7ij7‘/}*+17...,VH+1) S Hj:l B

where 0 < n < 1 is small enough, to show that by differentiability of ¢ (R), we get £((P; );LI >
W) > ey

A7.2 PROOF OF PART 1, IF d, > d,

First, note that VEQ(WHH;l)(WHﬂ)T = 0, because it is 57 ‘% evaluated at a critical point

(W])f“'l This equation implies row(VﬂO(WHH;l))J— ) row(WHtl). Since vgo(WH_A'_l:l) #0,
row(VEo(WHH 1)) cannot be the whole R%, and it is a strict subspace of R%. Observe that
Wy € Rér¥ds and d, < dp. Since row(Wp.1) C row(Ve(Wri1.1))t € R%, this means

rank(WH:l) < d,, hence leftnull(WH;1) is not a trivial subspace.
Now observe that
leftnull(VAVHzl) D leftnull(VAVHZQ) D---D leftnull(WH),

where some of left-null spaces in the right could be zero-dimensional. The procedure of choos-
ing the perturbation depends on these left-null spaces. We can split the proof into two cases:

leftnull(WHzl) + 1eftnull(WH;2) and leftnull(VAVH:l) = leftnull(WHzg). Because the former case
is simpler, we prove the former case first.

Before we dive in, again take SVD of VEO(WHH:l) = U;xUL. Since VEO(WHHJ) = 0, there

is at least one positive singular value, so Umax(VEO(WHH;l)) > 0. Recall the notation that [U}]. ;
and [U,]. 1 are first column vectors of U; and U, respectively.
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Case 1: leftnull(WH 1) # leftnull(WH 2). In this case, leftnull(WH 1) 2 leftnull(WH:Q). We
will perturb Wy and W41 to obtain the desired tuples (P;)" and (QJ)H tL

Now choose two unit vectors vy and vy 41, as the following:
vy € leftnull(VAVHzl) N leftnull(WHzg)J‘, vr+1 = (Uil 1,

and then define Apy 1 := evHHv}; € R%w*du and Vi, = WHH + Apy1. We can check

Vg € BE(WHH) from the fact that vy and vy 41 are unit vectors. Since vy € leftnull(WHzl),
observe that

R R T .
Vs iWaa = Waiia + evpr1ogWaa = Wegaa.
With this definition of V7,1, we can also see that

(We2)TVE Vel (Whi11) = Wai1:2) T Ve (Wei11) + e(Wra) T vavh Vi (Wei1a).

Note that (WHH.g)TVKO(WHH;l) is exactly equal to aaz evaluated at (W );I +11, hence is zero

by assumption that (1¥/; )f:ﬁl is a critical point. Since vy € leftnull(Wi.o)t = col(Wg.s),
(WH 2)Tvy is a nonzero column vector, and since vy = [U]. 1, UIT_1+1V€O(WH+1:1) =

amaX(Vﬁo(WHH 1))([U:]. 1), which is a nonzero row vector. From this observation, we can
see that (WH )T vHvHHV@o(WHH 1) is nonzero, and so is (WH Q)TVHHVEO(WHH 1)

Now define the perturbation on Wi

B E(Wsz)TVEHVéo(WHHJ)
|(Wh:2)TVE L Veo(Way1a)llr

sothat Wy + A; € Be(Wl). Then, observe that

(Vi aWira Ay, V(Wi 1)) = (Vi Were A TVl (W g1.1))
=tr(AT (Wh2) "V 1 Vi (Wrs1a)) = (A1, (W) " Vig 11 Ve(Wr11:)) > 0,

by definition of A;. This means that VH+1WH;2A1 and —VH+1WH;2A1 are ascent and descent

directions, respectively, of ¢y(R) at VAVHH&. Since { is a differentiable function, there exists small
enough 0 < n < 1 that satisfies

oW1 + Vi Wealr) > lo(Wri1),
CoWri1a — Vi WiraAr) < Lo(Werg1a).

Now define
(PJ)JI{+1 (Wl +77A17W27"'7WH7VH+1)5
(Qj)j—[:tlz( l_nA1>W2a"'7WH7VH+1)~

We can check (P, )f”{l,(Q])H+1 € HH+1 B.(W;), and

Pri1a = Wig1a + Vi WiraAq.
Qrir1=Waita — Vi Wial.

By definition of ¢((W; )HH) this shows that ¢((P, )fﬁl) > (W )jHﬁl) > E((QJ)HH) This
construction holds for any € > 0, proving that (W )H +1 can be neither a local maximum nor a local

minimum.

Case 2: leftnull(WHzl) = leftnull(WHzg). By and large, the proof of this case goes the same,
except that we need a little more care on what perturbations to make. Define

*

7 = min{j € [2, H] | leftnull(Wr.;) 2 leftnull (W4 1)}
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When you start from j = 2 up to j = H and compare leftnull(Wp.;) and leftnull(Wer.;.1), the

first iterate j at which you have leftnull(WH: i) F 1eftnull(WH: j+1) is 7*. If all left-null spaces of

matrices from WH;Q to WH are equal, 7* = H which follows from the notational convention that

leftnull(Wz.zr41) = leftnull(Iy,,) = {0}. According to j*, in Case 2 we perturb Wy 1, Wi, W,
... W« to get (P;)h" and (Q;) 14"

By definition of j*, note that

leftnull(WH,1) = leftnull(WH,g) == leftnull(WH,j*)
& col(Wir1) = col(Wrg) = - - - = col(Wr.j-)
(:)rank(VAVH:l) = rank(Wth) == rank(WH:j*)

which means the products are all rank-deficient (recall rank(WH;l) < dg and all d; > d), and
hence they all have nontrivial null spaces IIUH(WH;Q), cee null(WH: j+) as well.

We choose some unit vectors as the following:
vo = [Ur] 1,
V1 € null(Wsz),

Vjx_1 € null(VAVH:j*)
vy € leftnull (Wi« ) N leftnull (W 1),
viy1 = [Ul]. 1.

Then, for a v € (0, €] whose value will be specified later, define

T dyxdg
Aq = vy € R %%,

*_1Xdjx_o
)

Aj*—l = "}/”Uj*_l’U,jZ;_Q € Rdj
A1 = Y01 € R%v*du
and V; := Wj + Aj accordingly for j = 1,...,5* =1, H + 1.
By definition of A;’s, note that
VH+1WH:j*‘/j*—1:1
:VH+1WH:j*71Vj*72:1 + Va1 Wh e Aje Ve g = VH+1WH:j*71‘/‘V]‘*72:1 (A.26)
:VH—i—lWH:j*—QVj*—&l + VH+1WH:j*—1Aj*—2Vj*—3:1 = VH+1WH:j*—2Vj*—3:1 (A.27)

=V 1 Wi + Va1 WaaAr = Ve i Wi (A.28)
=W + Agai Wit = Wirga, (A.29)
whereA in (A.26) we used the deﬁnitionAthat Vjx_1 € null(WH:j*), in (A.27)A that vj«_o €
null(Wej+—1), in (A.28) that v; € null(Wy.2), and in (A.29) that vy € leftnull(Wg. ;- ).
Now consider the following matrix product:
(Wige+1) Vi 1 Ve (W) (Vie—1:1) "
= (Waje+1)" W1 + A1) "V War) Wi + AT (W1 + Aj-—1)T. (A30)

We are going to show that for small enough « € (0, €], this product is nonzero. If we expand (A.30),
there are many terms in the summation. However, note that the expansion can be arranged in the
following form:

Wirge1)" Was1 + A1) "Vl W) (Wi + AT - (We g + Ajep)”
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=Co+ C1y+ Coy* + -+ Cjery? (A31)
where C; € R%**d5* 1 for all j and C; doesn’t depend on , and specifically
Co= W, Wy V(Wi or )W W
Cj = %Wjj’:+l WHAR Vel (Whia)AT - AT

Because the () is exactly equal to a{?‘f_* evaluated at a critical point ((TV;) ]H:il) Cp = 0. Also, due
J
to definitions of A;’s,

Cje =(Whrjo11)T (0rvfr1) V(W p1:1) (vov] )(vrvg ) -+ (e 90 1)
:(WH:jUrl)T’UH’UE+1V£0(WH+1;1)’UQU}-171.

First, since vy € col(WHtj*H), (WH;]'*+1)TUH is a nonzero column vector. Also, since vgy1 =

[Ui].1 and vy = [U,]. 1, the product U£+1V60(WH+1:1)U0 = omax(Vl(Wg41.1)) > 0. Finally,

va*fl is a nonzero row vector. Thus, the product C- will be nonzero.

Since Cj- # 0, we can pick any index («,3) such that the («a, 5)-th entry of C;-, denoted as
[C+]a,p. is nonzero. Then, the (o, §)-th entry of (A.31) can be written as
vty el (A.32)

where ¢; = [C}]a, 5. To show that the matrix product (A.30) is nonzero, it suffices to show that its
(o, B)-th entry (A.32) is nonzero. If ¢; = - - - = ¢;«_1 = 0, then with the choice of 7 = €, (A.32) is
trivially nonzero. If some of ¢y, . .., ¢;»_1 are nonzero, we can scale v € (0, ¢] arbitrarily small, so
that

|Clry _|_ e _|_ cj*_l,yj*—l‘ > |C_]*7j*|7

and thus (A.32) can never be zero. From this, with sufficiently small v, the matrix product (A.30) is
nonzero.

Now define the perturbation on Wj* :

 eWhje ) TVE VO (Wer1:0) (Ve —1:1)
|(Wirege 1) TV VO (Wap1:0) (Vie 1) Tl

so that W« + A« € B.(W;-). Then, observe that

j*

Vi1 W 18- Vie 1.0, V(W y1.1)) = to((Vir i Wire 185+ Vi —10) V(Wi 41.1))
=tr(AL (Wajes1) " Vit 1 Ve Wrg10) (Vie—1:)T) = (A, Wirge 1) Vi V(W g11) (Vi —12)T) > 0.

This means that VH+1WH;J»*+1 Aj«Vi-_1.1 and _VH+1WH:]’*+1 A« V3« _q.1 are ascent and descent

directions, respectively, of ¢y(R) at WHJrl:l. After that, the proof is very similar to the previous
case. We can define

A A A H+1 A
(P])H+1 — (Vly' . 'a‘/j*—laWj* +77Aj*7Wj*+17' . .,WH,VHJ,_l) E Hj:l BF(W])

Jj=1

A A ~ H+1 ~
(Q]);r{:—&il = (Vl,. . .7‘/}-»«_17ij — nAj*,ij_,_l,. . -;WH,VH—H) S Hj:l BG(W]‘),

H+1

where 0 < 7 < 1 is small enough, to show that by differentiability of £o(R), we get £((F;);Z7 ) >

W) > 0((Q) .
A7.3 PROOF OF PART 2(A)

In this part, we show that if VKO(WHH:l) =0and WH+1:1 is a local min of £y, then (Wj)f:il isa
local min of ¢. The proof for local max case can be done in a very similar way.
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Since WHHJ is a local minimum of ¢y, there exists ¢ > 0 such that, for any R satisfying
|R—Wgiialr < € we have £o(R) > Lo(Wiri1.1). We prove that (W;)2! is a local mini-

Jj=1
H+1 H+1

j=1 in which any point (V;);Z}

mum of ¢ by showing that there exists a neighborhood of (W )
satisfies £((V;) 5L > o((W;) 241,

Jj=1 Jj=1
Now define
0< €4 < = € = .
2(H + 1) max { | W11 W1 ][, 1}
Observe that "=+ < 1fora > 0. Then, forall j [H+1], pick any Vj such that | V; — W;||r <

¢;. Denote A; =V — Wj for all 5. Now, by triangle inequality and submultiplicativity of Frobenius
norm,

H+1
[(Wr1 + Amgr) - Wi+ A1) = Waiaalle < 1Wairg018W, 1l +O(maX||A %)
Jj=1
H+1
< IWapgalle A el Wi—1alle + O(maX€ )

Jj=1

for small enough ¢;’s
Given this, for any (V])fzﬁl in the neighborhood of (Wj)fljll defined by €;’s,

V411 — Wagaalle < € 50 lo(Virg1a) > Lo(Wr11), meaning (V)Y > o((W;) ).

Thus, (W; )f‘ql is a local minimum of /.

A7.4 PROOF OF PART 2(B)

For this part, we want to show that if VKO(WHH 1) = 0, then (W );I lisa global min (or max)

of £ if and only if WH+1;1 is a global min (or max) of £y,. We prove this by showing the following:
if d; > min{d,,d,} for all j € [H], for any R € R%*9= there exists a decomposition (W])jHjl1
such that R = WH+1;1.

We divide the proof into two cases: d, > d, and d, > d.

Casel: d, > d,. Ifd, > d,, by assumption d; > d, for all j € [H]. Recall that W; € R xda
Given R € R%* %= we can fill the first d,, rows of W; with R and let any other entries be zero. For
all the other matrices Ws, ..., Wg1, we put ones to the diagonal entries while putting zeros to all
the other entries. We can check that, by this construction, R = Wy, 1.1 for this given R.

Case2: d, > d,. Ifd, > d,, wehaved; > d, forall j € [H]. Recall Wy, € Rav*du  Given
R € R%*d= we can ﬁll the first d,, columns of W ; with R and let any other entries be zero. For
all the other matrices W1, ..., Wy, we put ones to the diagonal entries while putting zeros to all the
other entries. By this construction, R = Wy.; for given R.

Once this fact is given, by £((W. )f'ﬁl) =Llo(Wr41:1)s

inf o(R) = inf lo(Wii11) = inf o((W;) A,

=1
W11 (W) A !

Thus, any (W )H attaining a global min of ¢ must have infy ¢o(R) = €O(WH+1 1) o} WH+1:1
is also a global min of £o(R). Conversely, if o(Wgy1.1) = inf lo(R), then £((W;)7HY) =

Jj=1

inf £((W. )5[ 1), s0 (W) JH *1 is a global min of £. We can prove the global max case similarly.
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A7.5 PROOF OF PART 3 AND 3(A)

Suppose there exists j* € [H + 1] such that VAVHH;J-*H has full row rank and Wj*_l:l has full
column rank. For simplicity, define A := WHH:J‘*H and B := Wj*,m. Since AT has lin-
early independent columns, B has linearly independent rows, and 9¢/0W;. = 0 at (Wj)f:ﬁl,
ATVEO(WH+1;1)BT =0 = V%(WHH.l) = 0, hence Parts 2(a) and 2(b) are implied.

For Part 3(a), we want to prove that if (W );”1 is a local min of #, then WH+1 1 is a local min of

¢y. By definition of local min, 3¢ > 0 such that, for any (V; )H+1 for which ||[V; — W;||lp < € (for
j € [H + 1]), we have ¢((V; )f”ll) > 0((W; )f”ll) To show that W41, is a local min of £, we
have to show there exists a neighborhood of WH+1:1 such that, any point R in that neighborhood
satisfies £o(R) > £o(Wr41.1). To prove this, we state the following lemma:

Lemma A.6. Suppose A = WH+1:j*+1 has full row rank and B := Wj*_m has full column
rank. Then, any R satisfying |R — Wri1.1||F < Omin(A)omin(B)e can be decomposed into R =
Vi 41:1, where

Vi = Wj* + AT(AAT) YR — Wy 1) (BTB) BT,
and V; = W, for j # j*. Also, |V; — W;l|g < € for all j.

Proof Since A := WH+1:j*+1 has full row rank and B := Wj*,m has full column rank,
Omin(A) > 0, omin(B) > 0, and AAT and BT B are invertible. Consider any R satisfying

R = W i1allF < 0min(A)omin(B)e. Given the definitions of V;’s in the statement of the lemma,
we can check the identity that R = V411 by

Virg11 = AV;B = AW,;B + (R — Wgy11) = Whi1a + (R — Wii11) = R.

Now It is left to show that ||V« — W ||p < ¢, so that (V)H+1 indeed satisfies ||V; — W;||p < e
for all 5. We can show that

Jmax(AT(AAT)_l) = 1/omin(4), Jmax((BTB)_lBT) = 1/0min(B).
Therefore,
[Vje = Wiellp =|| AT (AAT) " (R = Wi 411)(B"B) "' BT ||
SUmax(AT(AAT)_l)Urnem((BTB)_1BT)”R - WH+1:1”F
1

S o) Omin(Aomin(B)e = e

O

The lemma shows that for any R = V1.1 satisfying IR — WHleHF < Omin(A)Omin (B)e, we
have £o(R) = £o(Viri1:1) = (Vi)Y = £(W5) ) = £o(Wr11:1). We can prove the local
maximum part by a similar argument
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