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Abstract

In recent years, stochastic gradient descent (SGD) based techniques has become
the standard tools for training neural networks. However, formal theoretical under-
standing of why SGD can train neural networks in practice is largely missing.

In this paper, we make progress on understanding this mystery by providing a
convergence analysis for SGD on a rich subset of two-layer feedforward networks
with ReLU activations. This subset is characterized by a special structure called
“identity mapping”. We prove that, if input follows from Gaussian distribution,
with standard O(1/+/d) initialization of the weights, SGD converges to the global
minimum in polynomial number of steps. Unlike normal vanilla networks, the
“identity mapping” makes our network asymmetric and thus the global minimum is
unique. To complement our theory, we are also able to show experimentally that
multi-layer networks with this mapping have better performance compared with
normal vanilla networks.

Our convergence theorem differs from traditional non-convex optimization tech-
niques. We show that SGD converges to optimal in “two phases”: In phase I, the
gradient points to the wrong direction, however, a potential function g gradually
decreases. Then in phase II, SGD enters a nice one point convex region and con-
verges. We also show that the identity mapping is necessary for convergence, as it
moves the initial point to a better place for optimization. Experiment verifies our
claims.

1 Introduction

Deep learning is the mainstream technique for many machine learning tasks, including image
recognition, machine translation, speech recognition, etc. [[17]]. Despite its success, the theoretical
understanding on how it works remains poor. It is well known that neural networks have great
expressive power [22| [7, 3, 8L [31]]. That is, for every function there exists a set of weights on the
neural network such that it approximates the function everywhere. However, it is unclear how to
obtain the desired weights. In practice, the most commonly used method is stochastic gradient
descent based methods (e.g., SGD, Momentum [40], Adagrad [10], Adam [235]]), but to the best of
our knowledge, there were no theoretical guarantees that such methods will find good weights.

In this paper, we give the first convergence analysis of SGD for two-layer feedforward network with
ReL.U activations. For this basic network, it is known that even in the simplified setting where the
weights are initialized symmetrically and the ground truth forms orthonormal basis, gradient descent
might get stuck at saddle points [41].

Inspired by the structure of residual network (ResNet) [21], we add an extra identity mapping for
the hidden layer (see Figure[I)). Surprisingly, we show that simply by adding this mapping, with the
standard initialization scheme and small step size, SGD always converges to the ground truth. In other
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Figure 1: Vanilla network (left), with identity mapping (right) Figure 2: Illustration for our result.

words, the optimization becomes significantly easier, after adding the identity mapping. See Figure
[2] based on our analysis, the region near the identity matrix I contains only one global minimum
without any saddle points or local minima, thus is easy for SGD to optimize. The role of the identity
mapping here, is to move the initial point to this easier region (better initialization).

Other than being feedforward and shallow, our network is different from ResNet in the sense that
our identity mapping skips one layer instead of two. However, as we will show in Section[5.1] the
skip-one-layer identity mapping already brings significant improvement to vanilla networks.

Formally, we consider the following function.
f(z, W) = [|[ReLU((IT+ W) "2)|1 (1

where ReLU(v) = max(v, 0) is the ReLU activation function. x € R is the input vector sampled
from a Gaussian distribution, and W € R%*¢ is the weight matrix, where d is the number of input
units. Notice that I adds e; to column ¢ of W, which makes f asymmetric in the sense that by
switching any two columns in W, we get different functions.

Following the standard setting [34} 4 1], we assume that there exists a two-layer teacher network with
weight W*. We train the student network using ¢5 loss:

L(W) = E,[(f(z, W) — f(z, W"))?] )

We will define a potential function g, and show that if g is small, the gradient points to partially
correct direction and we get closer to W* after every SGD step. However, g could be large and thus
gradient might point to the reverse direction. Fortunately, we also show that if g is large, by doing
SGD, it will keep decreasing until it is small enough while maintaining the weight W in a nice region.
We call the process of decreasing g as Phase I, and the process of approaching W* as Phase II. See
Figure [3|and simulations in Section[5.3]

Our two phases framework is fundamentally different from any type of local convergence, as in Phase
I, the gradient is pointing to the wrong direction to W*, so the path from W to W* is non-convex,
and SGD takes a long detour to arrive W*. This framework could be potentially useful for analyzing
other non-convex problems.

To support our theory, we have done a few other experiments and got interesting observations.
For example, as predicted by our theorem, we found that for multilayer feedforward network with
identity mappings, zero initialization performs as good as random initialization. At the first glance, it
contradicts the common belief “random initialization is necessary to break symmetry”, but actually
the identity mapping itself serves as the asymmetric component. See Section[5.4]

Another common belief is that neural network has lots of local minima and saddle points [9]], so
even if there exists a global minimum, we may not be able to arrive there. As a result, even when
the teacher network is shallow, the student network usually needs to be deeper, otherwise it will
underfit. However, both our theorem and our experiment show that if the shallow teacher network
is in a pretty large region near identity (Figure [2)), SGD always converges to the global minimum
by initializing the weights I + W in this region, with equally shallow student network. By contrast,
wrong initialization gets stuck at local minimum and underfit. See Section[5.2]



Related Work

Expressivity. Even two-layer network has great expressive power. For example, two-layer network
with sigmoid activations could approximate any continuous function [22}[7] [3]. ReLU is the state-of-
the-art activation function [30} [13]], and has great expressive power as well [29] 32} 31} 4} 26].

Learning. Most previous results on learning neural network are negative [39} 28 [38]], or positive but
with algorithms other than SGD [23} 143} |37, 114} [15, [16], or with strong assumptions on the model
[} 2]]. [35] proved that with high probability, there exists a continuous decreasing path from random
initial point to the global minimum, but SGD may not follow this path. Recently, Zhong et al. showed
that with initialization point found using tensor decomposition, gradient descent could find the ground
truth for one hidden layer network [44].

Linear network and independent activation. Some previous works simplified the model by ignor-
ing the activation functions and considering deep linear networks [36, [24] or deep linear residual
networks [19], which can only learn linear functions. Some previous results are based on independent
activation assumption that the activations of ReLU and the input are independent [5} 24].

Saddle points. It is observed that saddle point is not a big problem for neural networks [9} [18]. In
general, if the objective is strict-saddle [[11], SGD could escape all saddle points.
2 Preliminaries

Denote x as the input vector in R%. For now, we first consider = sampled from normal distribution
N(0,I). Denote W* = (w},--- ,w}) € R4 as the weights for the teacher network, W =

) n
(wi, -+ ,wy,) € RI%4 a5 the weights for the student network, where w;,w; € R? are column
vectors. f(xz, W*), f(z, W) are defined in (1), representing the teacher and student network.

We want to know whether a randomly initialized W will converge to W*, if we run SGD with [y
loss defined in . Alternatively, we can write the loss L(W) as

E,[(Z:ReLU((e; + w;, z)) — L;ReLU({e; + w}, x)))?]

Taking derivative with respect to w;, we get

VL(W); = 2E,

(Z ReLU({e; + w;,x)) — Z ReLU({e; + w}, x>)> e, 4w 2)>0

where 1. is the indicator function that equals 1 if the event e is true, and 0 otherwise. Here
VL(W) € R™4, and VL(W); is its j-th column.

Denote 0; ; as the angle between e; +w; and e; +w;, 0= ; as the angle between e; +w; and e; +w;.
Denote v = m Denote I + W* and I + W* as the column-normalized version of I + W* and

I + W such that every column has unit norm. Since the input is from a normal distribution, one can
compute the expectation inside the gradient as follows.

Lemma 2.1 (Eqn (13) from [41l). If x ~ N(0,I), then —VL(W),; = Z?Zl (g(wj‘ —w;) +

(53— 0i- ) (eitw)) = (5 —0iy) (ei+wi) + (lles +wil2sin O j — [le; +wi|2sin 0, 5 )e; + wj)

Remark. Although the gradient of ReLU is not well defined at the point of zero, if we assume input =
is from the Gaussian distribution, the loss function becomes smooth, and the gradient is well defined
everywhere.

Denote u € R? as the all one vector. Denote Diag(W) as the diagonal matrix of matrix W,
Diag(v) as a diagonal matrix whose main diagonal equals to the vector v. Denote Off-Diag(W) £
W — Diag(W). Denote [d] as the set {1, - - ,d}. Throughout the paper, we abuse the notation of
inner product between matrices W, W*, VL(W), such that (VL(W), W) means the summation of
the entrywise products. ||[W||2 is the spectral norm of W, and ||W|| ¢ is the Frobenius norm of W.
We define the potential function g and variables g;, A ;, A below, which will be useful in the proof.

Definition 2.2. We define the potential function g = Z?Zl(Hei + w2 — |le; + w;|2), and variable
A *
95 = 2izi(llei +will2 — lle; + wifl2).



Figure 3: Phase I: W; — W3, W may go to Figure 4: The function is one point strongly con-
the wrong direction but the potential is shrinking. vex as every point’s negative gradient points to
Phase II: W — W1, W gets closer to W* in the center, but not convex as any line between
every step by one point convexity. the center and the red region is below surface.

Definition 2.3. Denote A; = Doz ((ei +wi)e; + wa — (e; +w;)e; + wiT), A2 Zle((ei +
wher T wr | — (e +w)e Twi' ) = T+ WHITF W — (I+W)IT+W .

In this paper, we consider the standard SGD with mini batch method for training the neural network.
Assume W, is the initial point, and in step ¢t > 0, we have the following updating rule:

Wt+1 =W; - 7]th

where the stochastic gradient G; = VL(W;) + E; with E[E;] = 0 and |E¢||r < &. Let Gy =

6dy + ¢, GF = 6d'* + ¢, where 7 is the upper bound of |[W*||2 and ||W||2 (defined later). As
we will see in Lemma|C.2} they are the upper bound of ||G||2 and |G| ¢ respectively.

It’s clear that L is not convex, In order to get convergence guarantees, we need a weaker condition
called one point convexity.

Definition 2.4 (One point strongly convexity). A function f(x) is called 5-one point strongly convex
in domain D with respect to point x*, if Vo € D, (—V f(x),xz* — z) > d||a* — z||%.

By definition, if a function f is strongly convex, it is also one point strongly convex in the entire space
with respect to the global minimum. However, the reverse is not necessarily true, e.g., see Figure
M] If a function is one point strongly convex, then in every step a positive fraction of the negative
gradient is pointing to the optimal point. As long as the step size is small enough, we will finally
arrive the optimal point, possibly by a winding path. See Figure [3for illustration, where starting from
‘W (Phase II), we get closer to W* in every step. Formally, we have the following lemma.

Lemma 2.5. For function f(W), consider the SGD update W11 = Wy — nGy, where E[Gy] =
Vf(Wy), E[||G¢]|%] < G2 Suppose for all t, W is always inside the §-one point strongly convex
region with diameter D, i.e., ||W, — W*||p < D. Then for any o« > 0 and any T such that

- 252 . a)log T * o) log TG?
T logT > 200 ify = UL, e have B[ Wy — W[}, < UFeoe 762
The proof can be found in Appendix [J]] Lemma[2.5|uses fixed step size, so it easily fits the standard
practical scheme that shrinks 7 by a factor of 10 after every a few epochs. For example, we may
apply Lemma [2.5]every time 7 gets changed. Notice that our lemma does not imply that W will
converge to W*. Instead, it only says W will be sufficiently close to W* with small step size 7.

3 Main Theorem

Theorem 3.1 (Main Theorem). There exists constants v > o > 0 such that If v ~ N(0,1),

[Woll2, [W*[l2 < 70, d > 100, e < 2, then SGD for L(W) will find the ground truth W* by
two phases. In Phase I, by setting 1 < g—; the potential function will keep decreasing until it is
smaller than 1972, which takes at most ﬁ steps. In Phase I, for any a > 0 and any T such that

36d . 1+a)log T 1002 (14-a) log TG2
T*log T > tggprtayer if we setn = %, we have E|Wp — W*||% < %.

Remarks. Randomly initializing the weights with O(1/+/d) is standard in deep learning, see
(27,12 20]. It is also well known that if the entries are initialized with O(1/+/d), the spectral norm



of the random matrix is O(1) [33]. So our result matches with the common practice. Moreover, as we
will show in Section[5.3] networks with small average spectral norm already have good performance.
Thus, our assumption |[W*||y = O(1) is reasonable. Notice that here we assume the spectral norm

of W* to be constant, which means the Frobenius norm ||[W*||  could be as big as O(\/d).

The assumption that the input follows a Gaussian distribution is not necessarily true in practice
(Although this is a common assumption appeared in the previous papers [3, 41, 42]], and also
considered plausible in [6]). We could easily generalize the analysis to rotation invariant distributions,
and potentially more general distributions (see Section[6). Moreover, previous analyses either ignore
the nonlinear activations and thus consider linear model [36} 24 |19]], or directly [524] or indirectly
[41ﬂ assume that the activations are independent. By contrast, in our model the ReLLU activations
are highly correlate as ||[Wlla, |[W*||2 = £2(1). As pointed out by [6], eliminating the unrealistic
assumptions on activation independence is the central problem of analyzing the loss surface of neural
network, which was not fully addressed by the previous analyses.

To prove the main theorem, we split the process and present the following two theorems, which will
be proved in Appendix [C]and

Theorem 3.2 (Phase I). There exists a constant v > ~g > 0 such that If [[Woll2, [W*|l2 < 70,
d > 100, n < Z;—Qg e < 72, then g; will keep decreasing by a factor of 1 — 0.5nd for every step,
until g;, < 197~ for step t; < ﬁ. After that, Phase Il starts. That is, for every T > t1, we have
W2 < 1—3)0 and gr < 0.1.

Theorem 3.3 (Phase II). There exists a constant v such that if |W]||2, ||[W*|l2 < 7, and g < 0.1,

then (~VL(W), W* —= W) = 2 (-=VL(W);,w} —w;) > 0.03|W* — W|2.

With these two theorems, we get the main theorem immediately.

Proof for Theorem[3.1] By Theorem[3.2] we know the statement for Phase I is true, and we will enter
phase Il in ﬁ steps. After entering Phase II, based on Theorem we simply use Lemma by

setting 0 = 0.03, D = Vd ¢ =@ F to get the convergence guarantee. O

507

4 Overview of the Proofs

General Picture. In many convergence analyses for non-convex functions, one would like to show
that L is one point strongly convex, and directly apply Lemma [2.5]to get the convergence result.
However, this is not true for 2-layer neural network, as the gradient may point to the wrong direction,
see Section

So when is our L one point convex? Consider the following thought experiment: First, suppose
(W12, [W*||2 = 0, we know ||w;]|2, ||w] |2 also go to 0. Thus, e; + w; and e; + w; are close to e;.
As aresult, 0; ;,0;« ; ~ 7, and 0;- ; = 0. Based on Lemma this gives us a naive approximation
of the negative gradient, i.e., —=VL(W); =~ §(w} —w;)+ 5 Zle(w;‘ —w;)+ej +wj i (llei+
willz — llei + will2) -

While the first two terms 3 (w} —w;) and 5 2?21 (w} —w; ) have positive inner product with W*—W,
the last term g; = €; +w; >, ([lei +wj |2 — [le; +w;l|2) can point to arbitrary direction. If the last
term is small, it can be covered by the first two terms, and L becomes one point strongly convex. So
we define a potential function closely related to the last term: g = Zle (llei +willa — |les + will2).
We show that if g is small enough, L is also one point strongly convex (Theorem [3.3).

However, from random initialization, g can be as large as of (1/d), which is too big to be covered.
Fortunately, we show that if g is big, it will gradually decrease simply by doing SGD on L. More
specifically, we introduce a two phases convergence analysis framework:

'They assume input is Gaussian and the W* is orthonormal, which means the activations are independent in
teacher network.

2 Let o; be the output of i-th ReLU unit, then in our setting, >;.; Cov[oi, o] can be as large as 2(d), which
is far from being independent.
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Figure 5: Lower bounds of inner product using Taylor expansion

1. In Phase I, the potential function g is decreasing to a small value.
2. In Phase II, g remains small, so L is one point convex and thus W starts to converge to W*,

We believe that this framework could be helpful for other non-convex problems.

Technical difficulty: Phase I. Our key technical challenge is to show that in Phase I, the potential
function actually decreases to O(1) after polynomial number of iterations. However, we cannot show
this by merely looking at g itself. Instead, we introduce an auxiliary variable s = (W* — W)u,
where w is the all one vector. By doing a careful calculation, we get their joint update rules (Lemma

[C3]and Lemma[C.4):

{ St41 NS — WTndst +n0(Vdg, + Vdv)
gir1 = g — ndge + nO(yWd| se|2 + dy?)

Solving this dynamics, we can show that g; will approach to (and stay around) O(~), thus we enter
Phase II.

Technical difficulty: Phase II. Although the overall approximation in the thought experiment looks
simple, the argument is based on an over simplified assumption that ;- ;,0; ; ~ 7 for i # j.
However, when W™ has constant spectral norm, even when W is very close to W*, 6; ;- could be
constantly far away from 7, which prevents us from applying this approximation directly. To get a
formal proof, we use the standard Taylor expansion and control the higher order terms. Specifically,
we write 6, ; as 6;+ ; = arccos(e; + w}, e; + w;) and expand arccos at point 0, thus,

e S —
Oij = 5 — (ei T wi,ej T wj) + O(ei + wi, e +w;)?)

However, even when W ~ W*, the higher order term O((e; + w], €; + w;)?) still can be as large
as a constant, which is too big for us. Our trick here is to consider the “joint Taylor expansion™:

O ; — 05, = (e T wi — e; +wi, e+ wy) + O|(e; + wf,e5 T wy)® — (e +wy, e +w;)’|)

As W approaches W*, |(e; + w}, e; + w;)3 — (e; + w;, € + w;)?3| also tends to zero, therefore
our approximation has bounded error.

In the thought experiment, we already know that the constant part in the Taylor expansion of VL(W)
is 7 — O(g)-one point convex. We show that after taking inner product with W* — W, the first
order terms are lower bounded by (roughly) —1.3||W* — W||% and the higher order terms are lower
bounded by —0.085||W* — W||%. Adding them together, we can see that L(W) is one point convex

as long as ¢ is small. See Figure [5]

Geometric Lemma. In order to get through the whole analysis, we need tight bounds on a few
common terms that appear everywhere. Instead of using naive algebraic techniques, we come up with
a nice geometric proof to get nearly optimal bounds. Due to space limit, we defer it to Appendix

S Experiments

In this section, we present several simulation results to support our theory. Our code can be found in
the supplementary materials.

5.1 Importance of identity mapping

In this experiment, we compare the standard ResNet [21] and single skip model where identity
mapping skips only one layer. See Figure 6] for the single skip model. We also ran the vanilla network,
where the identity mappings are completely removed.
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Figure 7: Verifying the global convergence

In this experiment, we choose Cifar-10 as the dataset, and all the networks have 56-layers. Other than
the identity mappings, all other settings are identical and default. We run the experiments for 5 times
and report the average test error. As we can see in Table[I} compared with vanilla network, by simply
using a single skip identity mapping, one can already improve the test error by 3.03%, and is 2.04%
close to the ResNet. So single skip identity mapping brings significant improvement on test accuracy.

5.2 Global minimum convergence

In this experiment, we verify our main theorem that for two-layer teacher network and student network
with identity mappings, as long as ||[Wy||2, |[W*||2 is small, SGD always converges to the global
minimum W¥, thus gives almost O training error and test error. We consider three student networks.
The first one (ResLink) is defined using (2), the second one (Vanilla) is the same model without the
identity mapping. The last one (3-Block) is a three block network with each block containing a linear
layer (500 hidden nodes), a batch normalization and a ReLU layer. The teacher network always
shares the same structure as the student network.

The input dimension is 100. We generated a fixed W™ for all the trials with [ W* |3 = 0.6, |[W*||r ~
5.7. We generated a training set of size 100, 000, and test set of size 10, 000, sampled from a Gaussian
distribution. We use batch size 200, step size 0.001. We run ResLink for 5 times with random
initialization (||[W/||3 = 0.6 and ||W||r = 5), and plot the curves by taking the average.

Figure[7(a)| shows test error and training error of the three networks. Comparing Vanilla with 3-Block,
we find that 3-Block is more expressive, so its training error is smaller compared with vanilla network;
but it suffers from overfitting and has bigger test error. This is the standard overfitting vs underfitting
tradeoff. Surprisingly, with only one hidden layer, ResLink has both zero test error and training
error. If we look at Figure we know the distance between W and W* converges to 0, meaning
ResLink indeed finds the global optimal in all 5 trials. By contrast, for vanilla network, which is
essentially the same network with different initialization, ||[W — W*||5 does not converge to zerdf}
This is exactly what our theory predicted.

5.3 Verify the dynamics

In this experiment, we verify our claims on the dynamics. Based on the analysis, we construct a
1500 x 1500 matrix W s.t. [W||2 ~ 0.15, | W||g =~ 5, and set W* = 0. By plugging them into (2),
one can see that even in this simple case that W* = 0, initially the gradient is pointing to the wrong
direction, i.e., not one point convex. We then run SGD on W by using samples = from Gaussian
distribution, with batch size 300, step size 0.0001.

3To make comparison meaningful, we set W — I to be the actual weight for Vanilla as its identity mapping
is missing, which is why it has a much bigger initial norm.
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Figure 8: Verifying the dynamics

Figure shows the first 100 iterations. We can see that initially the inner product defined in
Definition @] is negative, then after about 15 iterations, it turns positive, which means W is in the
one point strongly convex region. At the same time, the potential g keeps decreasing to a small value,
while the distance to optimal (which also equals to ||[W ||z in this experiment) is not affected. They
precisely match with our description of Phase I in Theorem [3.2]

After that, we enter Phase II and slowly approach to W*, see Figure Notice that the potential
g is always very small, the inner product is always positive, and the distance to optimal is slowly
decreasing. Again, they precisely match with our Theorem

5.4 Zero initialization works

In this experiment, we used a simple 5-block neural network on MNIST, where every block contains
a 784 x 784 feedforward layer, an identity mapping, and a ReL.U layer. Cross entropy criterion is
used. We compare zero initialization with standard O(1/+/d) random initialization. We found that
for zero initialization, we can get 1.28% test error, while for random initialization, we can get 1.27%
test error. Both results were obtained by taking average among 5 runs and use step size 0.1, batch
size 256. If the identity mapping is removed, zero initialization no longer works.

5.5 Spectral norm of W*

We also applied the exact model f defined in (I)) to distinguish two classes in MNIST. For any input
image =, We say it’s in class A if f(x, W) < T4 p, and in class B otherwise. Here T4 p is the
optimal threshold for the function f(z,0) to distinguish A and B. If W = 0, we get 7% training
error for distinguish class 0 and class 1. However, it can be improved to 1% with |[W||y = 0.6.
We tried this experiment for all possible 45 pairs of classes in MNIST, and improve the average
training error from 34% (using W = 0) to 14% (using ||[W||2 = 0.6). Therefore our model with
[[W]l2 = €(1) has reasonable expressive power, and is substantially different from just using the
identity mapping alone.

6 Discussions

The assumption that the input is Gaussian can be relaxed in several ways. For example, when
the distribution is AV (0, X) where ||X — I||2 is bounded by a small constant, the same result holds
with slightly worse constants. Moreover, since the analysis relies Lemma 2.1 which is proved by
converting the original input space into polar space, it is easy to generalize the calculation to rotation
invariant distributions. Finally, for more general distributions, as long as we could explicitly compute
the expectation, which is in the form of O(W* — W) plus certain potential function, our analysis
framework may also be applied.

There are many exciting open problems. For example, Our paper is the first one that gives solid
SGD analysis for neural network with nonlinear activations, without unrealistic assumptions like
independent activation assumption. It would be great if one could further extend it to multiple layers,
which would be a major breakthrough of understanding optimization for deep learning. Moreover,
our two phase framework could be applied to other non-convex problems as well.
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Figure 9: Flowchart of the proofs

A Flowchart of the proofs

Although the proofs of our theorems are intricate, many lemmas have clear intuition behind the
statement. Therefore, we add “*” to these lemmas, so that time constrained readers could feel
confident to skip the proofs. We also plot a flowchart of the proofs in Figure[9]to help the readers
spend time wisely.

Since the proofs are long and complicated, we choose to present them in a top-down way. That is,
we present the main theorems (Theorem 3.1} Theorem 3.2} and Theorem [3.3)) in the main paper, and
then present the necessary lemmas in order to prove those main theorems in Section[B] Section
and Section D} Finally, we present the proofs for those lemma in Section|G] Section[H]and Section%
respectively.

B Compute Approximation Matrix

The exact form of —VL(W); in Lemma[2.1|contains variables like 6;- ;,0; ;, sin ;- ;, sin 6; ;, which
are hard to deal with. In this section, we compute the approximation of these terms using Taylor
series, and show that the approximation loss is minor. While the proofs are technically involved, the
claims themselves are not surprising. Hence, we encourage the readers to skip the proofs (Appendix
[G) for the first reading.

Define the j-th column of the approximation matrix P as follows. See Definition 2.2]and Definition
23|for g;, A;.
Pj S Plvj —+ Pg,j =+ Pgﬁj, where
d

7T *
Plvj = Z 5(’[1}2 - wi)a

=1

- 1 -
Pg’j £ gje; +w; + <I — §ej +wj-e;+ ’ij) Ajej + wj,

™ e T wl —_—
P;; £ (5 - 93‘*,]') (e +wj) = 5 (e +wj) +llej + wjllsin 0 je5 + wj.
Treat Py ;, P2 ;, P3 ; as j-th column of matrix Py, Py, P3 respectively, we have P = P, + P, +Ps3.
Although P depends on W, we abuse the notation and simply write P.

Claim B.1. P; approximates —NL(W); by setting (5 — 0; ;) = (e; + w;, e; +wy), (5 — 0 j) =
(ei + wi,e; Twy), sinb; ; ~1— 1{e; + w;,e; + w;)* andsin ;- j ~ 1 — L{e; + wi,e; + w;)>

Below we show that the approximation loss is negligible in terms of one point convexity and spectral
norm.

Lemma* B.2. If [[W|2, [W*[]2 < v < 15,

Lemma* B.3. If |[W]||a, [W*|2 <~ < ﬁ,

(P + VL(W), W* — W)| < 0.085|W* — W||2.
P + VL(W)]2 <3.57%
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C Phase I: The Decreasing Potential Function

As we saw in Theorem 3.3] if [[W |2, [ W*||2 is bounded by a constant v = 135, and the potential
function ¢ < 0.1, L(W) is 0.03-one point convex, which will give us convergence guarantee
according to Lemma However, g could be larger than 0.1 initially, and as we run SGD, || W/||2
might be larger than 15; as well.

In this section, we address both problems by analyzing the dynamics of SGD, thus prove Theorem
[3.2] The proofs can be found in Appendix [H] Before proceeding to the interesting stuff, we need a
simpler form of VL(W) to work with, see below.

Lemma C.1. If [[W||z, [W*||2 < v < 1i5, the negative gradient of L(W) is approximately
QW) £ 5(W* ~W)(I+uu')+ (W*=W)" — 2Diag(W* — W) + g + W
where w is the all 1 vector. The approximation error is ||Q(W) — [-VL(W)]||, < 6172

We immediately get the bound of the gradient norm.
Lemma* C.2. If [W|2, [[W*||2 < v < 155, [VL(W)]|2 < 6d.

Now we are ready to analyze the dynamics. We use subscript ¢ under each variable to denote its value
at the step t. For simplicity, let Q; 2 Q(W,). Define s; & (W* — W, )u. We first compute the
updating rule for g;.

Lemma C.3. If |[W¢|l2, [W*|l2 < v <
86ndy? + 1.03nV/de + 4.81)||s¢||l27V/d.
The bound contains ||s¢||2 which could be large, so we also need to compute its updating rule:
Lemma C4. If [Willa, [W*[l2 < 7 < sk, then [spsalla < (1= 052" ) sill2 + (6617 +
1.03|g¢| + ) V.

Combining the two lemmas, we are ready to show that g; will shrink, conditioned on that | W||5 is
bounded by .

100, d > 100, n < G2, then |gi11] < (1 — 0.95nd)|g:| +

l[2, [[W*[[2 <~ < 1oo’d =100, n < Gz, e <2 then

|g¢| will keep decreasing by a factor of 1 — 0.5nd for every step, until |g;, | < 1972 for t; < ﬁ'

Fortunately, we also know that ||[W¢||2 is always bounded by ~ during the process described in
LemmalC.3]

Lemma C.6. There exists a constant v > ~o > 0 such that if |Wy||2, [|[W*[|2 < 70, d > 100,
n< 2 GQ, e < ~2, then in the process of Phase I (Lemma , we always have |[Wrllz < v < 155
foranyT' > 0.

Now, we are at the state where |g;| is small, and ||Wr||2 < 7, which means we are in Phase II. The
next lemma ensures that we will stay in Phase II forever.

Lemma C.7. There exists a constant g > v > 0 such that if ||[Woyl2, |[W*|l2 < 70, d > 100,

n < 2;*22 e < ~2 then after |gi,| < 1972, Phase I ends and Phase II starts. That is, for every
2
T >ty [Wr|2 <vyand|gr| <0.1.

Proof for Theorem[3.2] We immediately get Theorem [3.2] by combining the above three lemmas.
They show that g; will decrease to a small value in Phase I (Lemma|C.3), | W ||z will keep small
during this process (Lemma|C.6)), and they all keep small afterwards (Lemma|C.7). O

D Phase II: One Point Convexity

In this section, we prove Theorem [3.3] See detailed proofs in Appendix [l Using Lemma it
suffices to bound

d
<P,W* _ W> = Z<P1’j + P27j + ].:)30‘,’[0;-< — U)j>

Jj=1
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Here the first term is easy to calculate.

2
d d
* ™ *
Z<P1’j’wj —wj) = 5 2:(11)Z w)|| >0 3)
j=1 i=1 2
For notational simplicity, denote
7 £ <€j +twj e+ ij) (wj —wj),
X £ (21, ,24) “)
2 1 T *
zj = I—iej+wj~ej+wj (W} —wj) %)
By Definition of P ; and (E]), we have
d d d
Z(Pz)j,w; —wj) = Z <gj€j + wj,w;‘ — wj> + Zz;Ajej + w; (6)
j=1 j=1 j=1
‘We bound the above two terms separately below.
Lemma D.1. If [|W||2, [|[W*||2 < v < 15, then
d
D2 Al T wy > — (L3489 [W" = WG + [W* = W|r|X]lr.
j=1
Lemma D.2. If [[W|2, [W*[|2 < v < 155, then
d
. ) (1+7)glW* — WIJ3.
j;@j@j +wj,w; —wj) > —[|W* = W|p[|X]|[r — 20— 29)

It remains to bound Z;l:l (P3,j, w —w;). We have the following lemma.

Lemma D3. If [|W s, [[W*|ls < 7 < 15, S0 (o, wh — wy) > (5 - 0.021) [W* — W%,

Proof of Theorem[3.3] By (3)), (6), Lemma|D.T} Lemma[D.2)and Lemma [D.3] we know

(1+7)g (1+7)g

™
PW* - W)> (L 1321 —8y— 19 TG
PW W) 2 (Gt g 21— 27)

) [W* — W% > (0.169 -

Using Lemma[B.2] we get

(479
2(1 = 27)

The last inequality holds when g < 0.1. O

(—VL(W),W* = W) > <0.084 - ) [W* — W% > 0.03|W* — W|2

E A Geometric Lemma

In our proof, we need very tight bounds for a few terms. In order to get such bounds, we present a
nice and intuitive geometric lemma as follows.

Lemma E.1. If ||[W]||a, |[W*|2 < 7, then Vi € [d],

< la—eFwieitw Hw;—wi)lz o [w;—wi2
— V1=-2v —  J1-2y

1. ||6Z + ’LU;K —e; + leQ

*_ 2 O —
2. —%g@i—l—wj—ei—i—wi,ei—&-wﬁgo

5.0y < 1.0 < B < 1001 wf — wi]o
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Figure 10: For Lemma

[ -
Proof. See Figur Denote e; +w; as (ﬁ e; +w; as @ e; +w; as OA, e; +w; as @ Thus,

[w —will2 = [DC 2.
1. Since O?J_(ﬁ, we know ||@\|2 > ||Cﬁ||2 Since ACFO ~ AAFEO, we know

ICDlz , 1CFl2 _10C: _ . | ey 1 - ™
IAE|, ~ ||AE],  ||OA]

The last inequality holds as ||[W*||s < .

e
Notice that || OA||2 = ||O?H2 = 1, weknow AABO is aisosceles triangle. Thus, ||ﬁ|\2 = ||C@||2
Notice that AABE ~ ABGO, we have

|4l _ 10C2 _ V1~ IGBIB N
|ABl, ||OB|- 1

WLOG, assume HO?HQ_Z} ||(713||2, as shown in the figure. We draw HB I C~’l3, and we know
|OH]|2 > [|OB|> = [|OAl2. Since ACDO ~ AHBO, we have

CD oD
” ”2 _ || H2 _ ”@”2 >1—+~

|HB|> OB

So H@Hg > (11—~ ||ﬁ||2 On the other hand, ZBAO < %, and A is between H and O, so
ZBAH > %, which means ||?||2 > HEHQ = 2H@H2 Thus ||@||2 < ”—B>“2 < ”(’?l).

Substitute it into (8), we get

e

The last inequality holds since “@|‘2 = [Jw} — w2 < 2.

1—7

Substitute this inequality into (7), we get
e+ wf — e+ wille = | 4B

< 2Bl ICTI, o

ICDl2_ _ Jwi = wille 10
- 2 V1—2y
(I=y)y/1- (m)
Notice that e; + wiT(w;“ —w;) = —HD7'||2, soe; + w; -e; + wiT(wf —w;) = D7' That means,

|- &+@: & Fw )(w] —w)llz = | DC - D> = |CF2
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The lemma follows by (9) and (I0).
2. By Figure we know |{e; + wi —e; +w;, e; + w;)| = ||ﬁ||2 Since AABE ~ AGBO, we

have
|BE|> _ GBIl _ | 4Bl

IAB, |BOls 2

Therefore, using (I0) we get

|ABIZ _ [l — will3
2

[(e: + w} — e F w;, & F wy)| = = 2(1—29)

Moreover, (e; + wf — e; + w;, e; + w;) =(e; + w},e; +w;) —1 <0.
3. We know that

0~ = 2arcsin Hﬁng = 2 arcsin les + w; . ei + will2

le; + wi — e +will3
8

< les +wi — e +will2 +

The last inequality holds by Taylor’s Series for arcsin, and the fact ||e; + w} —e; + w;|j2 = ||E||2 <
lwi — w;ill2 < 2y < £5. Thus, we have 0; ;« < 1.001{jw; — w;||2. O
F More Handy Lemmas
Lemma* F.1. If |W]||2, |W*|2 <, then
(CE g | (149)* (1—9)? * ¥ < ()2
s GERISTIW TEW < (351 (ERI<TH W TH W' < (55T,
¢ (1= I (I4+W)TI4+W) = (149, (1-7)°20=T+WH)T(I+W*) =
(1+ 7)21
Therefore, the singular value of I + W is at most 1+z and at least L. The singular value of 1 + W

is at most 1 + v and at least 1 — ~y. The same claims hold for I + W*, I+ W respectively.

Proof. Since |[W|y <7, wehave ] — v < [T+ W]y <1+~v,and1—7 < |le; +will2 < 1+7.

Therefore, I + W = 3(I + W) where X is a diagonal matrix whose entries are within [ﬁ, ﬁ]

Putting into I + WTI + W, we have

T T2 1 T (1+19)?
I+WI+W=(I+W) Z(I+W) = W(LLW) (I+W)= WI
- -
Similarly we can show I + W W Irw + W > §1 —r ;2 I. Thus we know the singular value of I + W is at
most 1+7 and at least 17 The same proof works for I + W, I+ W+ and I + W*. O
Lemma* F.2. zfnwnz, ||W*||2 <7 < 1hy, we have

[{e; +wie; +wj)| <21y, |(e; +wi,ej +wjy)| < 2.1y

Proof. We know

(e +wf, e +wj) < [{ei + wi'ej +wj)| _ [wisl+ fwigl + [(wi, wi)l (24 9)y
lle; +w;l2le; +ij2 (1—7)? (1—=7)? T (=92

l{e; +w! e; +wj)| = <21y

where the last inequality holds since v < 155. The same analysis works for (e; + w;, e; +w;). O

Lemma* F.3 (Triangle inequality between e; + w;, e; +w}, w —w;). |||e; +w;ll2 — ||e; + wi||2] <
[[w — willz.
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Lemma* E4. If [W |z, [ W2 < v, || < 2dv.

Proof. By definition and Lemma we know |g| = Z?Zl(ﬂei—l—wfH2—||ei—|—wi||2) < Zle lwr—

Lemmat ES. [f [|W s, [[W*[la <, [(e; + 0] — & Fw;, 5 + wy)| < Lozede.

Proof. By Cauchy Schwartz and Lemma [ET|term 1. O

Lemma* F.6. [zF — y*| < E|z — y|(Jz|*=1 + [y[*71).

k—1 Ityk—tfl t k—t—1

Proof. [a* — y¥| = |(@ — y) Y1} S T < B~ yl(af T 4 [y]5), where the

last inequality holds since |zfy* =1 +ytab 1= < |z|y|F =t + |yl xF L < JzF L+ |yt
by rearrangement inequality.

Lemma* E7. If [W||o, [[W*|2 < v < 15, for k > 3, we have

(e + wi, e+ w;)*(e; +w}) — (s + wy, &5 + wy)* (e; +wi)ll2

<6(2.29)"% ((e; + wi, &5 + w;)” + (&; + wi, €5 + w;)?) lwy — wil2

Proof.
[{e: + wi, &5+ w;) (e + w)) — (e + wi, e + w;)* (e; + wy)||2
<|lwy —will2|(e; +wi, &5+ wy)*| + [|({e; + w], e +w)* — (e + wy, &5 + w;)*) (e + wi)| 2

<Jlwf = willol(e; + wf 5 Fwy)*| + (L+7)|(ei + wi,ej + w;)* — (e; + wy, &5 + wy)|

Do A k=2 s o) 2
<lwy — wil[2(2.19) (e + wy, e + wy)
1+v)k
n ( 27)

[{e; +w! —e; + wy,e; +w;)|(|(e; +wi,ej + wj)|k*1 + [(e; +wi, e + wj>|k71)

(1 +y)k(2.19)%3
2

< Tt g ) (nwz‘ w212 1 (T ol —aTwng T wj>|)

(1 +7)k(2.19)%3
2

T T @ - amg T))
® _
<[|w} — wyl|2 [((2.17)F 2 + 0.52k(2.17)72) (e; + wi, &5 + w;)? + 0.52k(2.19)" 3 (e; + w;, &5 + w;)?]

2 * W k=3 /5" * T\2 k=3 T T o\2
<||w; — wq|2 [O.55k(2.1’y) (e; +wi,ej +wj)” + 0.52k(2.17)"(e; + wi, e + w;) ]

@
<6(2.29)"° ((es + wf, e +wy)* + (&5 + wy, ¢ + w;)?) lwf — w2

where @ uses Lemma and Lemma m @ uses Lemma @ holds as v < T%o’ and @ holds

since 0.55k(2.1)%=3 < 6(2.2)%=3 for k > 3. O
Lemma* F8. If [W||2, [[W*||; <~ < 155, fork > 2,
|H€i + will2(e; + wi, e5 + U’j>2k = [lei + will2(e: + w?,mf’c\

§8(2.27)2k*3 (<6¢ +w;,ej + 'lUj>2 + (e; +wi,e; + wj)Z) lw] — w;]|2
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Proof.
|lles + will2(e; F wi, €5 + w;)** — lles + w2 (e + wi, €5 + wy)>*|

<le; + will2 [{e; + ws, &5 + w;)** — (e + w], &5 + w;)**| + |lles + will2 — lles + wj |l2] (e + w], €5 + wy)>*

@ [ J—
<lles + wll2 | (€5 F wi, e Fw;)** — (e + wi, €5 + wy)® | + [lw} — will2(2.19)* 2 (e; + w, €5 + w;)?

%(1 +Nkl(e; Fw; —e; +wi,e; + wj)| (|{e; + wi, e5 + w;) |2 (e + wl e wj>|2k71)
+ [[w; = will2(2.179)% 72 (es + w], e + w;)?

g (14 7)k(2.17)2k—3 (14 7)k(2.17)2k—3

= VI—2y VI=2y

® -
<1.05k(2.17)% 73 ((e; + wy, €5 + w;)* + (e; + wi, &5 + w;)?) ||lw} — willa

@ T e Tw) + ( n (2~1v)2’“2> e g 7w llut — will:

® N
<8(2.27)*%7° ((es ¥ wi, &5 + wy)® + (e + w], e +w;)?) |w —wi2
where @ uses Lemma [F2] and Lemma @ uses Lemma ® uses Lemma @ holds as

v < 155 and ® holds as 1.05k(2.1)%~3 < 8(2.2)%73 for k > 2. O
Lemma* 9. [f |[W||2, |W*|2 <, for fixed j € [d],
- 4 S 4v(1
ei+wi,e‘+w‘2§77, ei+wﬂ<7e.+w,2§u.
TS Ty PEHNS Ty
i#] i#]
Similarly, for fixed i € [d],
S — 4 . 4v(1 +
e FwneFu)’ < s, Y (eFune Fwy)?< %
i#i (1-7) i#i 7

Proof. By matrix multiplication,

4 4 T T
Yleitul e Fw)? =Y G Fw; e tuwietw & tw;=¢; fw, I+ W I+ W* & Fuw,
i=1 i=1

T -
By Lemma we know T+ W+ T+ W+ =< U001 That means, S (e T wh e Fwy)? <

(1—-7)2
Hfzgz On the other hand, by Lemma term 2, (e; +wr, e Fw;)? = (1 — (ej + wi —

— — *__ . 2

e Fwy e Fwy))? 21— =l

Therefore, we know

Z<m m>2 < (1 +7)2 14 HU): _wi”g _ 4y Hw: _wiH% < 47(1 +7)
(3 3 — - —

poy U T (1 y)? 1—2y (1-7)?2 1-2y 1—2y

Using the same analysis, we get >, ;(e; + w;, €5 + w;)? < SJ—?;Z —1= ufi'fy)z. The analysis for

fixed ¢ is similar. O

Lemma* F.10. For any matrix A, we have ||Diag(A)|l2 < ||A||2 and ||Off-Diag(A)||2 < 2||A]|2.

Proof. By definition, we know ||Diag(A)||s = max;cq €] Ae; < max,cgav' Av = ||A|2, and
[Of-Diag(A)2 < |All2 + |Ding(A) 2 < 2|Alz. .

Al < 29(y*+3)

Lemma* E11. If |[W|2, [W*||2 <7, 12

Proof. By LemmalF.I] we have

- T T (1+7)2 (1-79)2 2y(r2+3)
Allo =||T4+-WHI+W* —(I4+WI+W < — = . O
AL = [+ WITF W — (L WTF W [ < U2 U0l 207
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Lemma* F12. If[[W|o, [W*|l2 <~ < &5, [ej + ijAej Fw; — e Aej| <592

m;
Proof.
_ 2 4y%3(y2+3) @

le; + ijAej +w; — ejTAej| <lej + ijA(ej Tw; —e)| + |(e; Fw; —e;) Aej| < W < 592
where @ uses Cauchy Schwartz, LemmalF.11jand [le; +w; —ej|l2 <, and @ holds as v < 5. O
Lemma* F.13. Foranyi € [n], |[|[e; + w] ||l2 — [le; + wqll2] — [w}; — w; ]| < 6.079°.
Proof.

lei +will2 = lle: + willa = (ei + wi, e Fwi) — (ei +wj, e +wy)

= (e; +w;, e +w; —e; +wl) + (w; —wj,e; +wf)

= (w; —wy,e;) + (e; +w;, e, + w; — e; + w}) + (w; —w], e; +w; — e;)

=w;; —wi,; + (€ +wi, e +w; — e +w;) + (w; —wy,e; +w; —e;)
As aresult,

[lles +willz = llei + willa] = [wii —wii]l < [[{ei + wi, i +wi — i + wi)| + [(wi —w, ei + wi — ei)|
(1 272
SUFNIT e < 60742
1—2y

where @ uses Lemmaterm 2 and |le; + w} — e;]|2 < 27, and Cauchy Schwartz. So the claim
follows. O

Corollary F.14. |g — Tr(W* — W)| < 6.07d2.

Lemma* F.15. I+ W is close to I on its diagonals, and close to W on its off-diagonals. More
specifically, if [[W ||z, [W*|l2 < v < 355,

2 2

. Y . g
Diag(I+ W) —1I|js < ——— Diag(I+ W*) —1I||s < ————
IDiag(TFW) ~ 1) < 57—, Diag(TF W) 1 < 57—
o T LA 4v? Y * 4v?
|Off-Diag(T+ W = W)y < ——, [ Off-Diag(T+ W+ — W")]z < 1
— _
[T+ W —1I|; < 2.057, [T+ W+ -T2 < 2.05y
Proof. For the diagonal terms,
- . 1 e .
|Diag(TT W) — Ifls = max [T+ W, — 1| = max + wj,; — llej +wjll2
J J lej + wjll2
(L+w;,)* — lles + w3 L it Wi
Sma’X J>J J J S max J 72 S 5

J llej + w2 1+ w; ; + [lej + wjll2 i 2(1=7)2 7 2(1—7)

For the off-diagonal terms, we know I + W = (I + W)X for some diagonal matrix X, so

42

J— ©)
|Oft-Diag(I + W — W)||; = [[Off-Diag((I+ W)X — W)z = Off-Diag((£ —~D)W)ll2 < 2[(£ - D)W}z < ;—

where @ uses Lemma For the difference between I + W and I, we split I + W into diagonal
and off-diagonal parts:

IT+W — I, = | Diag(T+ W) + Off-Diag(T+ W) — I|j,

2 2 2
. v 4?9 779 —8)
—||Off-Diag(W < 2||W <2.05
|0-Diag(W)llz + 573 + 77 < 2IWle + 55 <2057

where @ uses Lemma[E10} O
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Lemma* F.16. If [W |2, [W*[2 < v < 15,

|A = [W* =W + (W* = W) " — Diag(W* — W)]|2 < 9.29°

Proof. By definition,

H {(I—&-W*)WT . (I—&—W)I—&—WT} - [(W* W)+ T W I+WT)} H2
T

=W T+ W* D) -WI+W —TIs <[WT+W* —Ds+[[WI+W)" —T)
<2.0592 4 2.0572 = 4.14?

where the last inequality uses Lemma Below we further approximate I + W T + w'.

H [I W -1 +WT} — [(W* = W)T — Diag(W* — W)] Hz

- HDiag(I+ W+ —T+W )+ Off-DiagT+ W+ —T+W')—[(W* = W) - Diag(W* — W)] H

,\/2

TP

@ . T T . % T
<||Off-Diag(I+ W* —I+ W )— Off-Diag(W* — W) ' ||+

) 2 2
bt T S S W

L=y (1—79)?

where @ uses Lemmal|F. 15} @ uses Lemma Combining everything,

|A = [W* =W 4 (W* = W) " — Diag(W* — W)]||2 < 9.24* O

Using Lemma[F.10] we immediately have the following corollary.
Corollary F.17. ||Diag(A) — Diag(W* — W)||2 < 9.2¢2.
Lemma* F.18. Forn < L,

o Gt G, = (- (G +)

Uu
[

Proof. Consider another basis (¢], - - - , e};) where €] = . For every unit vector v = (v1,- -+, vq)

in this new space, we know

d
T (I -7 (guuT + (g + 1) I)) v = Hv||§ —n (g + 1) ||11H§ — %v%

2

Hence we get

0 <o (T—n (Guu + (5 +1)1))v< (1=9 (5 +1)) ol

By definition of matrix norm, the lemma follows. O

G Proofs for Section

G.1 Proof for Claim[B.1]
Comparing with Lemma 2.1} we know that for fixed j, Py ; is already contained in —VL(W); as

the first term, while P3 ; is simply the summand when ¢ = j, ignoring the first term. Below we show
how to obtain P, ; from ¢ # j cases. We will bound the approximation error in Lemma and

20

2



Lemma[B.3]

T T R
S (5~ 00 (it wi) = (5 = 0) (s i) + (s +wi | i 0ie 5 — lles + wi | sin i) & + 105
i#j

%Z ((e; + wi e Fw;)(e; +w)) — (€ + wi, &5 + wy)(e; + w;))

i#]
« L 2 1 2
+> (e +wi (1- gleitwi ey wy)” | = flei +will (1= gles Fwieg +wy)” ) | ej +uj
i#]
— T
:Z((ei +wi)e; +wr — (e +w;)e; + wiT)ej + w;
i#]

1 v - 7
3 (lee+ wtll = s+ will - 5578 ¥ wles + uf |0y & ¥
i#£]

| I T
+§€j +w; e+ ’w1||61 + w1||81 +w; e;+ wj) ej + w;

- 1 R
=Aje; Fwi+ | D (llei +will = lle: +will) = 26 T wy | (e; +wi)e; + wi e; T w;
i#5 i#j

1
+Z§€j —i—ij(ei —&—wi)ei—l—wi—rej +w; | ej +wj
i#j

1
=Aje; +wj + <9j — 3% Fuw; Aje;+ wj) ej +w; =P

G.2 Proof for Lemma

In order to prove this lemma, we bound the approximation loss of 6; ;, 6;- ; in Lemma and the
approximation loss of sin 6; ;, sin 6;- ; in Lemmal|G.2}

Lemma* G.1 (Approximation loss related to 0; j, 05+ ;). If [W |2, [W*||l2 < v < 1.

d
™ —_— * ™ e «
3> ’<(5 =0 g — (e +wi, e Fwy)) (e +wi) = (5 — iy — (ei + wi e +wy))(es +wi), wj — wj>’
=1 i)
<0.083|W* — W||%

Proof. By definition, 5 — 605; = arcsin(e; +w,e; +wj;), and § — 6;; =
arcsin(e; + wj, ej + wy).
(2k)!

The Taylor series of arcsinz at z = 01is >_po T

szkﬂ, where for k > 1,

(2Kk)!

P22k 1) =

1
5 (1)
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Thus,

- * i
= 05— {ei + wi e T wj)) (e +wi) — (5 -

—
o

<
I
—
~.

LS

<

(e +wi,ej +w))* (e +w)) — (e + wi, 65 + wy) > es +wi), wi — wj)|

S| =

IN®
\M@.

<
Il
—
.

S

<.

(e F wi, e Fw)* H(e; +w)) — (e + wi, 5 + w)** (e; + wi) ||, lwh — wjl2

<
I
—
.

RS

<

IN®
M=

Mz T T
S| =

(2.29)% 72 ((e; + wi, & + w))* + (e + wi, €5 + w;)?) |lwf — wy|2]lw} —w;]2

IN©e

<
Il
—
.
S
<
o
Il
—_

IN®
M=

> 101 ((ei + wf,e5 F wy)® + (ei F wy, 65 Fw;)?) [[w) — will2]lw]) — w;]l2
—

J

I
—
-
<

N

d
®
<O YN (e +wfy 65 Fw))® + (e F wi, &5 + w;)?) w) — wll3

=1 i%j
1
d 2
SO> (e +wi e Fwy)® + (e + wiye5 + wy)?) w) — w3
i=1ij
1
2
<1.01 lw} — w3 Z ((e; + wi,e; + w;)? + (e; + wy, e; + wj>2)
i=1 ]

d
D llws —wjli3 | D (i +wise5 Fwy)® + (& F w5 + w;)?)
=1 i+

® 4ry 4v(1+7) ; 2 2 x 2
<1.01 W* —W]|% <0. W*-—W
Sro (g DY) I3 £ 0.083] 12

where @ is by Taylor series, @ uses Cauchy Schwartz, @ uses Lemma @ holds as v < ﬁ, ®

uses Cauchy Schwartz, ® uses Lemma @ holds as v < 1—(1)0.

O

Lemma* G.2 (Approximation loss related to sin 6; j, sin 6+ ;). If [[W/2, [W*[|]2 < v < 155,

>

J=1 i#j

. 1
(62' + w:‘||2 (Sm&-*,j -1+ §<€Z + W;,ej + wj>2> -
1, .
le; + wil|2 <Sin6i7j -1+ 5(&' + w;, e + wj)2)> (ej +wj,w; —w;)| <0.002[[W* — W%

Proof. By definition, we know 0;« ; = arccos(e; + w},e; +w;), and 0, =
— 2 4
arccos(e; + wy, ej + wy). The Taylor series of sin(arccosz) at * = 0is 1 — & — & —

22
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6 8
o= =3 cww?, where ¢ < £ for k > 2. Thus,

. P
(e il (sintie s =1+ 5@ o 577 ) -

. 1 .
le; + will2 (Slnﬁi’j -1+ 5(61- +w;, e; + U)j>2>) (ej + wj, w; —wy)

oo
1 S S
> 3 (le: + willa(es F wi, 65+ wy)® — lles + wflla{ei +wi, &5 +wy)**) | w) — w;lla

T
[ V)

d 00
@ L —_— — ——— * *
<IN @29 (e Fwiy e F wy)? + (es + wf, 65 Fw;)?) w) — willallw) — w2

SIS

d

® -

<2.3y Z Z ((es Fwi, e +wj)® + (e; + wi,e; + wj)?) Jwy — w3
i1 A

1

2

ZZ (€ T wi, e F wy)? + (e; + wf, e; +w;)?) [lw) — wylf3

Jj=11i#j
1
d 2
<237y | llwi —will3 | Y (e Fwi,e5 Fwy)? + (e; + wf,ej  w;)?)
i=1 i

d
Z l|w} — w;ll3 Z ((es Fws,ej +wj)® + (e; + wl,ej +w;j)?)

i#]
@ 4y 4v(1+~) 5 ® )
<2.3 W* - W| 7 <0.002|W* - W
<23 (it + 52 I < 0.002] I3
where @ is by Taylor series, @ uses Lemma|F.8|and Cauchy Schwartz, ® uses Cauchy Schwartz and
v < 100, @ uses Lemma , and ® holds as v < 155 O

Proof for Lemma|B.2] Combining the results from Lemma[G.T|and Lemma|[G.2] the lemma follows.
O

G.3 Proof for Lemma

Denote A = P + VL(W). This lemma is harder to prove than the previous one since we need to
bound the spectral norm of a matrix A. First of all, we need to represent A. Again, the difference
has two parts: approximation for ¢; j, 0;- ;, and sin 6, ;,sin ;- ;. Denote the two parts as A1, Ao,
where A = A; + A,. From the proof of Lemma [G.T} we know the j-th column of the first part is

Ay = ZZ (& 2k:+ )(<€i+w2‘,€j+’wj>2k+l(ez'+w;k)*<€i+w¢,6j+wj>2k+1(6¢+wi))
i#j k=1

And the j-th column of the second part is

o0
Ao 23N er (lles + willa(er F wi e+ wy)™ — lles +wi [la (e + wf, &5 +w)*) &5 +w;
i) k=2

Below we bound ||A1 ||> in Lemma|G.3} and bounds ||As||2 in LemmalG.4]
Lemma* G.3. If [W||z, [W*[]2 <7 < Ayl <3492

100’
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Proof. Define U,V such that fori = j,U; ; = V; ; = 0, and for ¢ # j,

Ui = kz::l TPk 1)@ e T Vie = ; EEEeEAREE R

>2k+1

By matrix multiplication,

d
A= [T+ W), Ui — I+ W), Vi) = [+ WHU - I+ W)V (12)

i=1

So it suffices to bound ||U||2, || V|2. For i # j,

= e palrEewr
U5 = Z m(ei +w;, e+ wj) < Z T<ei +wf, e +w;)” < 0.4y(e; +wj,ej +wy)
k=1 ) k=1
where @ uses Lemma[F.2]and (TT). Now, we know
d
@ 1.6(1 2
U1, 2 maxz U, ;| < maxZO.élv(ei +wi,e; Fw;)? < 160+ < 1.6592
e " 1-2v
where @ is by definition, @ uses Lemmal[F.9] Similarly,
d
co = Max i+ < max Avyle; +wie; +w;)° < 1.65y
U : U, ;| < me 0.4 Fe; +w;i)? < 1.6577
b= b A
By Holder’s inequality, we have
U]z < VIIU[1 U]l < 1.659°
Now we do the same analysis for V.
= (2k)! ——— ————\2k+1
Viil= i is €5 )2t
| Jl ;4k(k')2(2k+1)<6 + w. € +U}J>
0 2.1~)2k—1 - -
< Z %(ei Twi,e; +w;)? < 0.4v(e; + w;, e; + wj)?

k=1

Hence,

V|, = max; 2%, |V, | < max; D iz 04y (ei +wy, €5 + wj)? < 1.659°. Similarly,
[V]so < 1.6592, and by Hélder’s inequality, | V|2 < /[|[V]1[[V]lc < 1.6572. Using , we

get
1Al < T+ W*[l2[Ullz + [T+ W[V l2 < 2(1 +7)1.657% < 347 0

Lemma* G.4. If [Wa. [[W-[l2 <7 < 1hg. [ Asll2 < 64

Proof. By definition, we can write

d

Ay =1+ WDiag Zch (Iles + will2(e; + wi, e5 + w;)*F — e +w}|2(e; +wi,e; + wj>2k)
i) k=2 -

~
Il

So it suffices to bound the norm of the diagonal matrix, which is the maximum of the diagonal entries.
For any j € [d], we have
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oo
> cu (llei + willa(ei Fwi, &5 Fw))™ — fles +wfl|2(ei + wf, e +w;)™)
i) k=2

o0
1 - -
<N A (llei + willa (e +ws, 5 Fw;) 2| + |llei + w] |2 (e; +wf, &5+ wy)**)
i) k=2
o0

i#] k=2

(1+)(2.17)%%72 ((e; ¥ wi, e +w;)? + (&; + ], e; + w;)?)

)
7

® —
<0.672 Z ((e; Fwy,ej +wj)? + (e; + wi,ej + w;)?)
i#]

@ 4y 4y(1+7)
<0.6~2 5~3
= <(1—7)2Jr 1—2y =

where @ uses Lemma @ uses 7 < 145, @ uses Lemma So we get ||Asgllz < %573 <
673, O

Proof for Lemma|B.3] Combining the results from Lemma|G.3|and Lemma[G.4] the lemma follows.
O

H Proofs for Section

H.1 Proof for Lemma|C.1

In Lemma B.3] we use P(W) to approximate —VL(W) in terms of spectral norm, with approx-
imation loss 3.5v2. Below we will get Q(W) from P(W) by removing a few more lower order
terms.

By definition 2.3 we have

o - 1 -
P27j =ge; —|—wj — (HEj =+ w;||2 — ||€j + U}jHQ)Bj —|—wj + <I — 56]' + wj - e —+ wj ) Aej + W

1 1 _ T
+ (I—2€j+wa"€j+w]‘T) (ej +w;) — (I—2€j +wj'€j+ij) (e +wi)e; +wj e; +w;

- N - 1 T
=ge; +w; — (|le; +wj||2 — llej +wjll2)e; +wj + <I - §€j +wj - ej +w; ) Aecj +wj

—

* 7*1— 1 * 7*1—7 2
+ S (65 +w;) — (€5 + wj)e; +w} €j+w]‘+§ej +wijlle; +will2(e; +w; e +w;)

[\

P 1 3 T— N
=ge; +w; + (I— 56 Twi e +ij> Aejtwj + 5 (e +wj) — e +wiej +wjle; + wj)

1 =T _
+ (gl + i@ Fw GFm? e+l ) 5T

1 .
=ge; +w; + (I— 26 +wj-ej—|—ij> Aej tw; —wj +wj+ (1 —e; +wj e +wj)ej +wj)

1 1 gy ———sT———2 " I
+{ glles Hwilla + S lles +wjlla(e; + 1wy ej +w;)” — lleg + wjllz | & +w;

Combining every column together, we get

1
Py = gT+ WHAT+ W T+ WDiag({e; w; A T w0 ) (W W)+ T+ WS 1+ WX,
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where
) . ay ——T—
2 = Diag({(lle; + w}ll2 — lle; + will2e; + wl e +w;)}i=,)

. 1 1 oy ——— T ———— N
22 = Diag({; lle; +wjll2 + S lles +wjll2(e; +wj e+ w;)® — llej +will2}9=1)

Using Lemma , we replace e; + ijAej ~+ w; with e;—Aej. By Lemma

HP2 _ [gI+W+AI+W %I+WDiag(A)— (W* W)+I+W*21+I+WEQ] < (1+1g < 2.64?
We then focus on the middle two summands in the sum.
Al +W — %I + WDiag(A) = (A — %Diag(A)) +AI+W-1I) — %(I + W —1I)Diag(A)
By Lemma[F.10] | Diag(A)||2 < [|A]l2, so

H {AI TW - %I ¥ WDiag(A)] - [A - ;Diag(A)} = HA(I TW-I) - %(I TW — I)Diag(A) 2
<IALITTW X+ 3 [TTW — of[Ding(A) > < Wa 05+ < 18.57

where @ uses Lemma[E.11]and Lemma[E.13]

Moreover, by Lemmaterm 2, we know || 212 < max;eq(1 + V)M < 2.079%, and in

X,

1 _T _T
2 §§(1+7) e;j + wj ej—l—wj—lHej—i—w;f e; T w; +1] <2.0792

R pu— |
glles +wjll2(e; +wj e; + w;)? — S les

so the following terms approximates P with approximation loss (2.6 + 18.5 + 2.07 + 2.07)y? <
25.3v2.

1
T+ W(gl - )+ A — S Diag(A) - (W = W)
where X3 = Diag({3le; + w2 — 3lle; + w;ll2}9-)).

By LemmalF.16/and Corollary|F.17} we know || A —[W* — W +(W*~W) T —Diag(W*~W)] > <
9.29% and |[Diag(A) — Diag(W* — W)||2 < 9.272. Therefore, with approximation loss of 18.4+2,
we get

< 18.472

H {A — ;Diag(A)} — [W* - W4+ (W -W)T — gDiag(W* — W)} i

We then approximate 33:

I+ (1 . «
T2 (G maxllle + w3l = ey + wyle = g+ wygl) <319

where the last inequality is by Lemma[F.13] Moreover,

[T+ W)Z; — T+ W)5 Dlag(w W)lls < 2

— (1 1
IT+ W <2Diag(W* - W)) - §Diag(W* - W2

<|T+W =12 Dlag(W - W)

1
< 2.05 (2 max lwy ; — w”|) < 2.0592
2

Putting everything together, with approximation loss of (25.3 + 18.4 + 3.1 + 2.05)72 = 4972 to Py,
we get

(W* = W)" — 2Diag(W* = W)+ gI + W

For P3, using the same idea in the proof of Lemma|[D.3] we have

P3:§(W*—W)+(I+W—I+W*)E4+I+W25
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Allei + will2

Figure 11: Ag is approximately (the summation of) the projection of Aw; onto e¢; + w;

where 334 = Diag({0,;- [le;+w}l2}{_,), £5 = Diag({lle;+w} |2 sin 0, ;- — -
By Taylor’s Theorem, we know ||X5]]2 < ||Diag({|le; + w;|\29§”j*/3}?21)\\2.

ejtwjla}i-y).

Notice that 6; ;+ < 2.002 by Lemmaterm 3,and [T+ W -1+ W3 < }f—jy — ;—:: < 4.0017.

Consequently,
T -
HP3 - W —W)H2 < TFW T+ W) Sylla + [T+ WEsl2
1 2
<4.001 % 2.002(1 4+ )~ + m (2.0027)% < 8.172 + 2.8¢% < 8.29?

we only need to keep the term 7 (W* — W) with approximation loss 8.272 to P3.

Now, combining the approximations to Py and P, and Lemma [B.3] we have the following matrix
with (49 + 8.2 + 3.5)y? < 61~2 approximation loss to —VL(W):
™

S (W' =W) (I+uu’)+(W* = W) — 2Diag(W* — W) + gI + W

where wu is the all 1 vector.

H.2 Proof for Lemma
By Lemma|[F.4] we know |g| < 2d~. Using Lemma|C.1]
IVL(W)l2 < 6172 + Hg(w* — W) (1 +uu") + (W = W)T — 2Diag(W* — W) + gT T VVH2

1
<6192 + (d+ 1)y + 2y + 4y + |g|1J_F—Z < 6192 + (d 4 3)7y + 2.05dy < 6d7.

H.3 Proof for Lemma

In this proof, we use w; to represent the j-th column of Wy, and denote Awj as the j-th column of
G;.

H.3.1 Agt ~ 77<L(Wt),]:+wt>

For the intuition of this section, see Figure[TT] The changes in potential function g is essentially the
changes in ||e; + w;||2 (summing over %), which is approximately Aw; projected onto e; + w;. If we
write it in matrix form, we get Ag; = n{L(W,), I+ W,).

® ®
By definition we know ||G¢|2 = [[VL(W}) + Eill2 < [[VL(W)|l2 + |E¢]]2 < 6dy + & = G,
where @ uses triangle inequality, @ uses Lemma|C.2] We have

~
nAwjllz < nl|Gellz < &~ < =, 1| Dwjllz < nl|Gell <+ (13)

7
Go
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By Definition[2.2] we know

d
A2 grr — g = Z (<€j +wj,ej +wy) (e +wj —nAwj, e + w, —nij>)
llej + wjll2 llej +w; —nhws|2

j=1
d
Z ( ej +wj, ej +wj)lle; +w; —nAwillz — (e; +w; —nAw;, e; +w; —nAw;)|le; +U’j2)
lej +wjll2lle; +w; —ndw;ll2

d
Z <||€a + wjll2(lle; +w; — nAw;llz — [lej +wjll2) + 2n{Aw;, e; + w;) — 772||ij||%>
= lej +w; — nAwyll2

If we project n/Aw; onto the e; + w; direction, we get

lej +wj —nAwjllz = \/(Hej +wjllz — (e Fwj, nAw;))? + (Ind; 113 — (&5 Fwj, ndw;)?)?

—— ® -
S\/(Ilej +uwjlla — (&5 Fwy, nlw;))? + [nAw; |3 < llej +wjll2 — (&5 F wy, nAw;) + [InSwlf3

Using , we have [le; + wj||2 — (e; + w;, nAw;) > 4. By taking square on both sides, we know
@ holds. It is trivial to show that ||e; + w; — nAw;|l2 > |le; + wjll2 — (e + w;, nAw;), so we
know

—(ej +wj,nAw;) < llej +wj —nAw;llz — llej +wjllz < —(ej +wy, nAw;) + [nAw H(§14)

. . . d A
Thus, with approximation loss »-5_, W we have :
- J

d —
Y (—H@j + wj|2(e; + wj, nAw;) + 2n{Aw;, e; + w;) — 772||ij||§>
lej +wj — nAwil|2

=1

-y n(Awj, ej + wj) —n?[|Aw;ll3
llej +wj —nlwi|l2

=1
d d -
_ —n?[| Aw; 13 (lej +wjllz = llej + w; — nAw;|l2)n(Aw;, e + wy) C. TTW
= llej +w; — nAwll2 = llej + w; — nAwlla

Thus we get the following approximation for Ag;.

|Agt — ’I’]<Gt,I + Wt>‘

—n? || Aw; I3 o (e +wsllo = llej + wy = nAwylla)n{Bws, e Fwy) | lles + wjl|2]lnAw; |3
“ | llej +wj — nAwllz lej +wj — nAwil|2 lej +wj — nAwil|2

IN©e

+0.020%|| Aw; |3

Hn<ij,ej T w;) (n{Awj, e F w;y) + [[nAw;||3)
lej +wj — nAwsl|2

<
Il
—

*M& WFV%&

[772||ij||% + || Aw; |I3
lej +wj — nAwil[2

IN®
.M&

2| & 2
+ 0.02ny } < 1.04ndy
1

J

where @ uses again, and @ ® uses , ~v < ﬁ and |le; + w; — nAw;|l2 > 0.98.
Thus |Ag; — n(VL(W,), T+ W)| < 1.04ndy? + [n(E., T+ W) | < 1.04ndy? + 1.03nVde
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H32 Ag ~nTr(VL(W,))

We want to approximate I + W, with I. Below is the error bound.

(VLW:), I+ W, —T)| = (VL(W,) + Q; — Q;, T+ W, —T)|

d
2d- 6172 2.057 + Y 2.05y H(Qt ~ W - Woud || + <E(W* ~ W uu", T+ W; — I>
= 2 2 2

™

® 9 147
<1251d7? + 2,057 (77 -+ 29+ 4y + 7 Lo +Tr([2

(W* — Wt)u} [UTW - I]T)

® ® 2.05
<20d~? + 2.1dvg:| + Hg(w* - Wt)uH2 |(TF W2 = Dul|, < 20dy* + 2.1d]gu] + =5 5]} 21V

where @ uses Cauchy Schwartz and Lemma [F.15] @ uses the definition of Q and Lemma ®
holds as for any vector u, v, Tr(uv ") < ||lul|2|[v]]2, ® uses Lemma

Hence,
|Agy — n(VL(W,), 1)
<1.04ndy? 4+ 1.03nVde + [n(VL(W,), I+ W, — )|

2.05
<1.04ndy?* + 1.03nVde + 20ndy? + 2.1ndv|g.| + T”nnsnm/&

2.05
<21.1ndy?* + 1.039Vde + 2.1ndv|ge| + Tﬁnnsllzv\/&

So with approximation loss of 21.1ndy? + 1.03nv/de + 2.1nd~|g:| + 2'%5”17”3\\27\/&, it suffices to
consider nTr(VL(Wy)).

H33 Agi~-nd+75—1)g

According to Lemma with approximation loss of 6172, we can use —Q, to approximate
VL(Wy).

Tr(Q)) = ~Tr (W* = W,) (I+uu'")) +Tr(W* = W) " — 2Tr(Diag(W* — W,)) + gTr(I + W)

2
= (g - 1) Tr(W* — W,) + gTr (W*—W,) (uuT)) +gTr(I+ W)
- (g - 1) (Te(W* — W) — g,) + (g - 1) g+ gTr (W* = W,) (")) + g/ Te(T+ W)
Therefore,

’Tr(Qt) — g/ Tr(I) — (g — 1) gl = ’Tr(Qt) — (d+ g — 1) gt

< ‘(g - 1) (Te(W* — W) — g0) + gTr (W* = W) (uuT)) + go(Te(T+ W, — 1))

@
<6.07 (g - 1) dy? 4 g||st||2\/&+ 2.05|g,|dy
where @ uses Lemma and Lemma[E.15} Thus,
™
o [ofo g

<n {21.1@2 +1.03Vde + 2.1dv|g,| +

2.057 ™ T
= lslla7Vd + 61dy? + 2.05ge]dy + 6.07 (5 - 1) a7’ + S lsell2vd

<n [867? + 1.03V/d= + 4.15d]gq| + 48|34V
Now we have

lger] = lge + 2g:] < (1=n (d+ 5 = 1= 415dy) ) lgi| + 86ndy® + 1.03yv/de + 48127V
<(1 — 0.957d)|g¢| + 86ndy? + 1.03nVde + 4.8n]|s¢ |27V d
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H.4 Proof for Lemma

By definition of sy,
Asy £ 501 — 51 = (W — Wip)u = n(VL(W,) + Epu = —nQuu + n(Q; + VL(W,) + Eu
By definition of Q,
Quu = (S(W* = Wy) (T+uu") + (W' = Wy)T — 2Diag(W* — W) + g I+ W, ) u
(d+ )7

= st (W* = W,)T — 2Diag(W* — W;) + ¢.I+ W;) u

Thus, we know

’Qtu o —1—21)7r
<V ([(W* = W) T2 + 2| Diag(W* — W) 5 + |9+ W|2)
iz) < (67 +1.03|g,|)Vd
where @ uses Lemma[E.I]and Lemma [E10l

By LemmalC.1] || As, — [0 0% s,]l2 < (6 + 1.03[ge)Vd + 1| (Q: + VL(W,) + E¢)ull> <
n(6.617 + 1.03|g;| + £)V/d.

St

= [ (W* — W)T — 2Diag(W" — W,) + 9T+ W) u
2

[©]
<Vd (2’)/—1- 4y + |gq]

H.5 Proof for Lemma

Combining Lemma[C.3|and Lemma[C.4] we get

lge41] + [ISt+1]l2
<(1 = 0.957d)(|gs| + ||s¢ll2) + 7(6.6v + 1.03|ge| + £)Vd + 86ndy? + 1.03nVde + (4.877Vd — 0.621d)||5¢ |

@
<(1—0.950d)(|g¢| + ||s¢]l2) + 6.6nyVd + 86ndy? + n1.03|g:|Vd + 2.03nVde

@ 2
<(1—0.84nd)(|ge| + ||s¢l|2) + 6.6nyVd + 87ndy

where @ uses 7 < ﬁ, d > 100, @ uses € < 42 and d > 100. So if the following inequality holds,

|g¢| + || st |2 will always decrease by factor at least 1 — 0.5nd.

0.34nd(|g:| + ||s¢]l2) > 6.6nyVd + 87nd~?
Which gives
6.6nyVd +87ndy? 6.6y 874
0.34nd ©0.34vd 034

where the last expression is smaller than 4.5+. Hence, |g:| + ||s¢ |2 will keep decreasing by 1 — 0.5nd
as long as it is larger than 4.57. So we have ||s;||2 < 4.57. Now plug it back to the updating rule of

|g¢l:

lge| + Istll2 >

|ge+1] <(1 —0.950d)|g;| + 86ndy* + 1.0377\/85 + 4.877Hst||27\/(2
<(1 = 0.959d)|g¢| 4+ 86ndy? + 1.03nVde + 21.607*Vd

In order to get factor 1 — 0.5nd, we have
0.45nd|g:| > 86nd~> + 1.03nVde + 21.697>Vd

Solve this inequality, we get

86ndy? + 1.03nVde +21.6n7>Vd 8672  1.03¢ + 21.6>
0.45nd 045 0.45v/d

< 1972
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The last inequality uses d > 100, < 2. So even after |g;| + ||s¢||2 is below 4.5, |g;| will keep
decreasing by factor 1 — 0.57d until it is smaller than 197+2.

Finally we bound the number of steps to arrive 19797, Let v = 115,70 = gg55- Again, the constants

here are pretty loose. Since |g;| < (1—0.51d)!|go| < (1—0.5nd)*2d~y, in order to let g; < 197+2, it

2
197+
O8 2d~g

log(1—1%)"
Thus, it suffices to let ¢t > W. Notice that W is decreasing for d > 100, we know it

suffices to let t > 1.
n

. . . d d
Since nd is small, by Taylor expansion we know log(1 — 57) ~ — .

suffices to have ¢ > 2

H.6 Proof for Lemma
Let H =W — W*, by the updating rule of W, and the definition of Q;, we know
T 0 .
Hyp =H, —nH, (guuT + 5) —nH/ + 2nDiag(Hy) + g, I+ W — 1(G; + Q1)

That gives,
IHepr +H

i m . [
< |+ B (1= (ua™ + 5+ 1)) + 20| Ding(E + B, + 20190 ITF Wil + 25 | B, + VLW?) + Qi

® ™ 2(1 +

< (I —n (5 + 1)) [H, + H; || + 20| H, + H] ||, + % + 2 + 122172

@ m T 2

< (I—n(5 —1)) [HL, + H] [|2 + 2.05n]g| + 1241 (15)

where @ uses Lemma |[F.18] Lemma|F.10] || E;||» < € and Lemma @usese <y andy < 135
Similarly, we get

Hesr —H 2

) T T ot .m [ N

< | — B (1= (Guu™ + 5 1)) ||+ 0lgel ITFW — 1+ T =TFW ' |2+ 20 [E; + LW + Qi
2 m T 2

< (I—n (5 - 1)) |H, — H, ||5 + 4.1007y|g.| + 12477y (16)

where @ holds as the diagonal terms cancel out, @ uses Lemma[F.18] Lemma[F.13]

Adding (T3)) and (T6), we get
IHepr +H 2 + Hep — HL [l

7r
<(1=n(5-1)) (I +H o + [H = H o) + 2.1nlg.| + 2487 (A7)
For any 7' > 0, by applying (I7) recursively, we have
T-1
[Hr + Hy |2 + [[Hr — Hy [l < [Ho + H |2 + [[Ho — Hy [l +2.19 > _ [g:] + 24877~
t=0

By Lemmawe know |go| S 2d"}/0, SO 2.177 231:701 |gt| S 2.177‘90‘((107.5(71][;)0A577d)’r) S 4.2{|igf)| g
8.43@.

By the proof of Lemma we know T < ﬁ, $0 248nT~? < 15.572.

By triangle inequality, we know |[Ho|lz < [Wollz + [W*l2 < 250, so [|Ho + Hg|l> + ||Ho -
Hy [|l2 < 4[Ho|l2 < 870.

By triangle inequality again we get

iz llz < [|Hr+Hz o+ [Hr—Hr[l2 < [Ho+Hg [l2+[Ho—Hg [l2+19y*+8.470 < 16.47+15.57"

5055 in the proof of Lemma we know |[Wr|ls < [[W*|o +

Recall we set v = ﬁ’% _
IHz|l2 < 17.479 + 15.57% < ﬁ <.
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H.7 Proof for Lemma

First, by the proof of Lemma L we know |g;| will keep small if |[Wy|j2 < v < 100
Adding (T5) and (T6)), we get
Herr + B [l + (e —H 2
<(1=0(5 1)) (e + B o + [Hiy = B l2) +2.30lg0] + 248

@ T 9
< (=0 (5= 1)) (e + B o+ [Hepn — HT 1) + 661 (1)

where @ holds as
or it increases, i.e.,

~v*. So either t+1 + 2+ t+1 — 2 keeps decreasing,
<19742. S her ||H+ HtJr1 H,, t+1 k d

Vs
0 (5 1) (e + L o + [Hess — H o) < 197097

That gives,

977

[Hypr +H 2+ [[Hyp — H ]2 < —— 1 < 34677
2

Therefore, combined with the proof of Lemma | we know |[Hey1 + H/ [l2 + [|[Hepr — HL ||
will keep decreasing until it is at most 3462. Now,

IWellz < [Hellz + [W*l2 < [Hepr + B |2+ [Heer = H 2 +90 < (346 +20)7% <y

where @ holds as 7o = gggg- S0 [|[W¢||2 is always bounded by .

I Proofs for Section

For notational simplicity, denote

S T *
rj = (e]- Twj-ej +w; )(wj - wj),

Xé(x1,~-~,acd) (19)
T (o

Yi = (I—ej Twj-ej +w; ) (wj —w;),

Yé(yla"'ayd) (20)

>

1 T N
z; = (I—zej—i—wj-ej—l—wj )(wj—wj),

N
[1>

(215"' ,Zd)

We have the following relationship between x;, y;, z;.

Lemma I.1.
1
125115 = ZijHi + sl MNzsl3 + llysllz = llw) — w3 21

Proof for Lemma|l ]| By definition,

]
. 1 - 1 -
IailE =lo; —wll (1- 557w 57w ) (1-557% 57w )

(
(

=lwj — w13

1
I—€j+wj'€j+ij+4€j+wj'€j+ij€j+wj'€j+ij>

3 T
=|lw; —wjl3 (1- Je; Fw;-e; Fw; )

4
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and similarly

.
* T T * _ T
ly; 113 =llw} —w;l3 (I—e]- +w; - e+ w, ) (I—€j+wj'€j+wj ) = [lwj —w;ll3 (I—6j+wj'€j+wj )
2 * 2 ™ T * 2 T
i 13 =lhwy — i3 (o5 F w5 &5 w5 ) (o5 Fwy a5+ ) = llewf —wyllf (&5 Fw; & 7wy )
The lemma follows. ]

I.1 Proof for Lemma

In this proof, we heavily use the following trick between the summation of four vector products, and
the trace of four matrix products. We give one example below, and other cases are similar.
Lemma L2, >, e+ wile+wl - e tw) e Fuw, =

Tr([ZTX+ W] [T+ W*—I+W) T+ W]).

Proof. By definition, Tr(AB) = Y2¢_ (AB);; = 3,  A;;B; ;. Thus,

Tr([ZT@+WH] [T+ W -T+ W) T+ W]) = [ZTI+ W), [T+ W -T+ W) T+ W]

%,J
0
By definition, [ZT(I+ W*)]ji = zj(e; + wy), and [T+ W*-T+W)'I —|—WJij =
(e; + w} —e; + w;) " e; + wy, so the lemma follows. O

Now we proceed to prove Lemma We first bound 2?21 ijAj ej -+ w; below by splitting A ;

into three parts, and then improve the lower bound in Lemma

Lemma L3. If |[W ||, [W*||2 < v < &5, we have

d
. 3
D 2 Aje Fw; > —8y|WH - W7 - \/IIW* - W - ZHXH%\/IIW* - Wiz = IX][%

j=1

Proof. We rewrite A ; as
1
Aj=B;+5C;+D; (22)

where

—_— T —T
Bj = Z(eerwf)(elerz 7€¢+’wi)T, Cj = Z(w;‘—wi,ei +U)Z>€Z+w1€1+wl s Dj = ZZZ€Z+’[U1
i#] i#j i#]

For notational simplicity, we also write B, C, D as the corresponding terms with sum Zf.l:l instead
of 7, ;> 50 they do not depend on index j. We estimate B, C, D first, then estimate B;, C;,D;

respectively by taking the differences.
1. From B to B;:

d
Z Z]‘TBW = Zz;(ei +w))(e; + wi —e; Fw;)Tej T w;
=1 i

T ([27 (1 + W) [TT W — T+ W) T+ W]) > — |1+ W)z, HIJrWT(IJrW* f1+W)HF

® . @ 14+ 2
S WTF W 20 [T W7 - T W, 2 -0 g i - 1w,

1—nv
(23)
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where @ uses Lemma. 1.2} @ uses Tr(AB) > —||A||7||B|/r, ® uses ||AB||r < ||A|2| B, and
@ uses Lemma[F 1] By Lemma|[E1]term 1, we have

Yyl _ IYle
T+ W —T+W|,. <y == = 24
[T+ +W|, < » T (24)

On the other hand,
d

d
ZZJT(BJ' Ble;, +w; = Z (ej +wj)

J

* . .T . .
(ej +w; —ej +wy) ej + w,

Il
—

IR

I
-

(w) —w;) "(I—

1 -
26 Twj-ej+ w5 )(e; +w))(e; +w) — & Fw;) Te; F
J

For any vector z, e; + w; -
[

ej + ij:v is the projection of x onto the direction e; + wj;, so L

2
1 T
5€j +wj-e; +w; |2 <1,and

<

® | w} —w;l13
* T * ¥ T * T 7112
[(w] —wj) (ej +wj)(e; +wj —ej +w;) e +wj| < |[(wj —wjy) (e +

w5 2y)
@ |lw* — w;||3(1 + *—aw; |31+
2 g ~ w0 +) _ s — w301+ o5)
2(1—2) 1—2y
where @ uses Lemma term 2, and @ uses Cauchy-Schwartz.

Combining (23),([24),(23), we get

B TH (1+7)* 0 o R —
27 Bt F i 2 =y s W Y e SE L

2. From C to Cj;:

d

T T — T
sz Ce; +w; —sz (w
= 4,3

T
i —wi,ei—i—wi)ei—I—wi-ei—i—wi ej + w;

T+W I+W-1))
4

Ony([27X] [I TW It W} ) = Te(Z7X) + Te(Z T X(

T ® 2%
>Tr(Z'X) — [|Z|p X[ p|T+W I+ W —1I||; > Tr(Z'X) — W”ZHF”X”F
—wj, ej +wj)ej +w;, @ uses Tr(AB) > —[|Al|p||B||F,
B| ., and ® uses Lemmal|F.1] On the other hand,
d

where @ uses Lemma|l.2|and z; = (w?*
and [[AB|[r < [|All

d

ZZJT(C - Cj)ej +w; = sz(w; —wj,e; + wj)ej +w; - e +ijej + wj
j=1 j=1

d

Z —wj, &5 +wjhe; +w; = Tr(Z'X)

That implies, 1 5 Zj 1% C je; Fw; >

e AR
3. From D to D;:

- - 1—7)?
Zz;rDej +w; = Zz;ziei + wiTej +w; =Tr ([ZTZ} [I +W I+ WD > %HZH%
j=1 i

where the last inequality holds by Lemma[FI} On the other hand,

2/ (D —Dj)e; +w; = |73
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That gives,
- 4y
T 2
;Zj Dje; +wj > —WHZHF
Now, combining B;, C;, D; together, using (22), we have

d

TA (1+7)? (1+’Y) x 2
Z:j Aje ¥ 2 = s 2 Yl = W = W
2y 4y

By definition, we know IXllp < [W* = WIg, [[Y[r < [W* =W, |Z]r <[[W* = W|g,

and v < 105> SO

———||Z X Z — 2
T W= Wi = s 121X e = s 2 2 =T W - WG 6
Moreover,
(1+7)? ) . >
— —1)|Z Y| r > —0.05y — 27
((1_7) =) IZle Y] W — w3

Thus, those are small order terms. The only term left is ||Z|| p||Y || 7. By 1)), we know

3
1Z][ P IIYlF < \/IIW* - Wl - ZHXH%\/IIW* - WIE — IX]f% (28)

Combining (26), 27), (28), we get:

ST AT > W - Wi W - Wi - 1 W Wi - X

J=1
O

Now it remains to bound \/||W* ~ W2 - X2/ W — WZ - [X]I%.

Lemma 1.4.

3 * *
W W = S IW W X = - L3IW W W W X

Proof. Consider the function f(x \/ Y2 — 322\/y? — 2 + zy, where z € [0,y]. It suffices to

show that f(z) < 1.3y

Indeed, we know
z(62% — Ty?)

2\/43/2 — 3x2\/y2 — 2

When = = 0, f/(z) = y > 0, and when z — y, f'(z) < 0. We want to find the place where
f/(x) = 0, which gives the maximum value. Assume x = Ay, this is equivalent to solve

Ay(6(Ay)* — Ty?) = —2y\/4y2 — 3(\y)2Vy% — (Ay)?

fi(z) =

ty

Cancel all y, and we get the solution 2 ~ 0.566y, where f(r) ~ 1.2845y% < 1.3y2. O

Proof of Lemma Combining Lemmal([.3|and Lemma|[[.4] we have proved Lemma O
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I.2 Proof for Lemma
Again, we first consider the full sum, g = Z?:l(”ei +wll2 — lle; +wi|2)-
By Lemma[F.3] we have
lg — g5 = llle; + willa — llej + wjll2] < [lwj —wjll2
Thus by Cauchy Schwartz,
(9 = g5)(wj — wj, ej +wj)| < [wj —wjll2]|z;]2

Summing over j, we get

ZI 9= 9j){wj —wj,e; +w;)| < Z [wj — wjll2llzjlla < [W* = WIp[[X][r  (29)
j=1

where the last inequality is by Cauchy Schwartz.

Now
d d
gz —wj,ej +wj) = Z +wi —ej +wj, e + wj)
Jj=1 j=1
d
=g (llej +wjlla = lle; + wjlla + (e; + wj, &5 Fwy —e; +wi)) = 6>+ gb>gb  (30)
j=1

where b is defined to be Z?:1<ej +wj,e; + wj — e; + w;). By LemmalE.1{term 2 we know

COEIW W,
2(1 = 2)
Combining (29), (30), the lemma follows.
d d
Z<QJ€J twj, w; —wj :Z g)ej +wj,w +Z gej +wj, wi — wy)
j=1 j=1 j=1

* . 1+ W* — W3
W WX+ g2+ gb > W W - s

2(1—2v)

1.3 Proof for Lemma

d
* ™ -
ZP3J’w'_ Z§w — wj) — O ](ej+w)+||e]+w]”Sln0J J€J+wj’wj_wj>
j=1 j=1
d 3 ¥ |—
At o ——— ———— gl P ey +willey Fwy
=3 5 (W5 —wj) =05 jllej + wjlla(ej + wf —e; +wj) + T S Wi — wj)
Jj=1
d d
& * * * *
Z§||W - W|% - Z 1.00L(L + y)[|w} — wjll3]le; + wi —e; + w;ll2 — 20-335(1 + ) llw) — w3
j*l j=1
d
1.001( 1+7) 3 4
*llW* W% — Z lws = w;l|3 = 0.335(1 + ) ||lw} — w; |13
vi j=1

S (5 . 0.021) IW* — W%

where @ uses Taylor’s Theorem for sin 6, ;, so we know |o;+ ;| < 1. @ uses Lemmaterm 3
and Cauchy Schwartz, ® uses Lemma term 1, @ holds since v < and the two small order
terms can be bounded by 0.021||W* — W||2 .

100’
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J Proofs for Section 2]

J.1 Proof for Lemma[2.5]

By the updating rule, we have
E[[Weit = WHE = E[[W, = W* =G|} = E[|[W, = W*|[ % — 2(W, = W*, V(W) + 77| G| %
<E[W; - Wi — 2(W, = W V(W) + 7{G* < (1 = 200)E[[W, — W[5 +9G?

Now if ndE||W; — W*[|2. > n2G?, we know the E||[W; — W*||%, will decrease by a factor of
(1 —nod) for every step. Otherwise, although it could increase, we know

. G?

E[W, - W[} < T

By setting n = %, we know after 7 steps, either E||W — W*||% is already smaller than
# = %#GQ, or it is decreasing by factor of (1 — 7d) for every step, which means

DT~ _ (1+a)logTG?

E[Wr—W*[[} < E[Wo-W*[}(1-n8)" < D27 = D2 (st = o < L0

The last inequality holds since
D?§2

T*logT > —————
Bl = U raG?

Thus, E|[W7 — W*|| will be smaller than %,
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