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Abstract

Nowadays, online learning is an appealing learning paradigm, which is of great interest in
practice due to the recent emergence of large scale applications. Standard online learning
assumes a finite number of samples while in practice data is streamed infinitely. In such a
setting gradient descent with a diminishing learning rate does not work. We first introduce
regret with rolling window, a performance metric, which measures the performance of an
algorithm on every fixed number of contiguous samples. Meanwhile, we propose a family
of algorithms with a constant or adaptive learning rate and provide analyses establishing
regret bound properties. We cover the convex setting showing the regret of the order of the
square root of the size of the window in the constant and dynamic learning rate scenarios.
Our proof is applicable also to the standard online setting where we provide analyses of
the same regret order (the previous proofs have flaws). We also study a two layer neural
network setting with reLU activation. In this case we establish that if initial weights are
close to a stationary point, the same regret bound is attainable. We conduct computational
experiments demonstrating a superior performance of the proposed algorithms.
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1. Introduction

Online learning is the process of dynamically incorporating knowledge of the geometry of the
data observed in earlier iterations to perform more informative learning in later iterations,
as opposed to standard machine learning techniques which provide an optimal predictor
after training over the entire dataset. Online learning is a preferred paradigm in situations
where the algorithm has to dynamically adapt to new patterns in the dataset, or when the
dataset itself is generated as a function of time, i.e. stock price prediction. Online learning is
also used when the dataset itself is computationally infeasible to be trained over the entire
dataset.

In standard online learning it is assumed that a finite number of samples is encountered
however in real world streaming setting an infinite number of samples is observed (e.g.,
Twitter is streaming since inception and will continue to do so for foreseeable future). The



performance of an online learning algorithm on early examples is negligible when measuring
the performance or making predictions and decisions on the later portion of a dataset (the
performance of an algorithm on tweets from ten years ago has very little bearing on its
performance on recent tweets). The problem can be tackled by restarting, however, it is
challenging to determine when to restart. For this reason we propose a metric which forgets
about samples encountered a long time ago. Consequently, we introduce a performance
metric, regret with rolling window, which measures the performance of an online learning
algorithm over a possible infinite size dataset. This metric also requires an adaptation of
prior algorithms, because, for example, a diminishing learning rate has poor performance on
an infinite data stream.

Stochastic gradient descent (SGD) [29] is a widely used approach in areas of online machine
learning, where the weights are updated each time a new sample is received. Furthermore, it
requires a diminishing learning rate in order to achieve a high-quality performance. It has
been empirically observed that, in order to reduce the impact of the choice of the learning
rate and conduct stochastic optimization more efficiently, the adaptive moment estimation
algorithm (ADAM) [17]| and its extensions ([21],[23]) are another type of popular methods,
which store an exponentially decaying average of past gradients and squared gradients and
applies adaptive learning rate. (In standard gradient descent algorithms we use the term
learning rate, while in adaptive learning rate algorithms we call stepsize the hyperparameter
that governs the scale between the weights and the adjusted gradient.) In spite of this, no
contribution has been made to the case where the regret is computed in a rolling window.
Moreover, applying a diminishing learning rate or stepsize to regret with rolling window is
not a good strategy, otherwise, the performance is heavily dependent on the learning rate or
stepsize and the rank of a sample. Namely, regret with rolling window requires a constant
learning rate or stepsize.

Standard online setting has been studied in the convex setting. With improvements in
computational power resulting from GPUs, deep neural networks have been very popular in
a variety of Al problems recently. A core application of online learning is online web search
and recommender systems [30] where deep learning solutions have recently emerged. At the
same time, online learning based on deep neural networks has become an integral role in
many stages in finance, from portfolio management, algorithmic trading, to fraud detection,
to loan and insurance underwriting. To this end we focus not only on convex loss functions,
but also on deep neural networks.

In this work, we propose a new family of efficient online subgradient methods for both
general convex functions and a two-layer ReLLU neural network based on regret with rolling
window metric. More precisely, we first present an algorithm, namely convergent Adam
(CONVGADAM), designed for general strictly convex functions based on gradient descent
using adaptive learning rate and inspired by the work of [23]. CONVGADAM is a more general
algorithm that can dynamically adapt to an arbitrary sequence of strictly convex functions.
In the meanwhile, we experimentally show that CONVGADAM outperforms state-of-the-art,
yet non-adaptive, online gradient descent (OGD) [29]. Then, we propose an algorithm,
called deep neural network gradient descent (DNNGD), for a two-layer ReLU neural network.
DNNGD takes standard gradient first, then it rescales the weights upon receiving each new
sample. Lastly, we introduce a new algorithm, deep neural network Adam (DNNADAM),
which uses an adaptive learning rate for the two-layer ReLLU neural network. DNNADAM is



first endowed with long-term memory by using gradient updates scaled by square roots of
exponential decaying moving averages of squared past gradients and then it rescales weights
with every new sample.

In this paper, we not only propose a new family of gradient-based online learning algorithms
for both convex and non-convex loss functions, but also present a complete technical proof
of regret with rolling window for each of them. For strongly convex functions, given a
constant learning rate, we show that CONVGADAM attains regret with rolling window which is
proportional to the square root of the size of the rolling window, compared to the true regret
O(log(T)VT) of AMSGRAD [23]. Besides, we not only point out but also fix the problem in
the proof of regret for AMSGRAD later in this paper. Table 1 in Appendix A.2 summarizes
all regret bounds in various settings, including the previous flawed analyses. Furthermore, we
prove that both DNNGD and DNNADAM attain the same regret with rolling window under
reasonable assumptions for the two-layer ReLLU neural network. The strongest assumption
requires that the angle between the current sample and weight error is bounded away from
7/2. Although DNNGD and DNNADAM require some assumptions, these two algorithms have
a higher probability to converge than other flavors of ADAM due to the convergence analyses
provided in Section 5. In summary, we make the following five contributions.

e We introduce regret with rolling window that is applicable in data streaming, i.e.,
infinite stream of data, where multiple passes over the dataset are not allowed.

e We provide a convergent first-order gradient-based algorithm, i.e. CONVGADAM,
employing adaptive learning rate to dynamically adapt to the new patterns in the
dataset. Furthermore, given strictly convex functions and a constant stepsize, we
provide a complete technical proof of regret with rolling window. Besides, we point out
a problem with the proof of convergence of AMSGRAD [23], which eventually leads to
O(log(T)V/T) regret in the standard online setting, and we provide a different analysis
for AMSGRAD which obtains C’)(\/T ) regret in standard online setting by using our
proof technique.

e We propose a first-order gradient-based algorithm, called DNNGD, for the two-layer
ReLU neural network. Moreover, we show that DNNGD shares the same regret with
rolling window with OGD when employing a constant learning rate.

e We further develop an algorithm, i.e. DNNADAM, based on adaptive estimation of
lower-order moments for the two-layer ReLU neural network. At the same time, we
argue that DNNADAM shares the same regret with rolling window with CONVGADAM
when employing a constant stepsize.

e We present numerical results showing that CONVGADAM outperforms state-of-art, yet
not adaptive, OGD.

The paper is organized as follow. In the next section, we review several works related
to ADAM, analyses of two-layer neural networks and regret in online convex learning. In
Section 3, we state the formal optimization problem in streaming, i.e., we introduce regret
with rolling window. In the subsequent section we propose the two algorithms in presence of
convex loss functions and we provide the underlying regret analyses. In Section 5 we study



the case of deep neural networks as the loss function. In Section 6 we present experimental
results comparing CONVGADAM with OGD.

2. Related Work

ADAM and its variants: ADAM [17] is one of the most popular stochastic optimization
methods that has been applied to convex loss functions and deep networks which is based
on using gradient updates scaled by square roots of exponential moving averages of squared
past gradients. In many applications, e.g. learning with large output spaces, it has been
empirically observed that it fails to converge to an optimal solution or a critical point in
nonconvex settings. A cause for such failures is the exponential moving average, which leads
ADAM to forget about the influence of large and informative gradients quickly [4]. To tackle
this issue, AMSGRAD [23] is introduced which has long-term memory of past gradients.
ADABOUND |[21] is another extension of ADAM, which employs dynamic bounds on learning
rates to achieve a gradual and smooth transition from adaptive methods to stochastic gradient.
Though both AMSGRAD [23] and ADABOUND |[21] provide theoretical proofs of convergence
in a convex case, very limited further research related to ADAM has be done in a non-convex
case while ADAM in particular has become the default algorithm leveraged across many deep
learning frameworks due to its rapid training loss progress. Unfortunately, there are flaws in
the proof of AMSGRAD, which is explained in a later section and articulated in Appendix A.

Two-layer neural network: Deep learning achieves state-of-art performance on a wide
variety of problems in machine learning and AI. Despite its empirical success, there is little
theoretical evidence to support it. Inspired by the idea that gradient descent converges to
minimizers and avoids any poor local minima or saddle points (18], [19], [2], [13], [16]), Luo
et al. |26] prove that there is no spurious local minima in a two-hidden-unit ReLU network.
However, Luo et al. make an assumption that the 2" layer is fixed, which does not hold in
applications. Li & Yuan [20] also make progress on understanding algorithms by providing a
convergence analysis for SGD on special two-layer feedforward networks with ReLU activations,
vet, they specify the 15 layer as begin offset by “identity mapping” (mimicking residual
connections) and the 2"¢ layer as the /;-norm function. Additionally, based on their work
[10], Du et al [9] give the 2"¢ layer more freedom in the problem of learning a two-layer neural
network with a non-overlapping convolutional layer and ReLU activation. They prove that
although there is a spurious local minimizer, gradient descent with weight normalization
can still recover the true parameters with constant probability when given Gaussian inputs.
Nevertheless, the convergence is guaranteed when the 1°¢ layer is a convolutional layer.

Online convex learning: Many successful algorithms and associated proofs have been
studied and provided over the past few years to minimize regret in online learning setting.
Zinkevich [29] shows that the online gradient descent algorithm achieves regret (’)(\/T ), for an
arbitrary sequence of T' convex loss functions (of bounded gradients) and given a diminishing
learning rate. Then, Hazan et al [15] improve regret to O(log(7")) when given strictly convex
functions and a diminishing learning rate. The idea of adapting first order optimization
methods is by no means new and is also popular in online convex learning. Duchi, Hazan &
Singer [11| present ADAGRAD, which employs very low learning rates for frequently occurring
features and high learning rates for infrequent features, and obtain a comparable bound



by assuming 1-strongly convex proximal functions. In a similar framework, Zhu & Xu [28]
extend the celebrated online gradient descent algorithm to Hilbert spaces (function spaces)
and analyzed the convergence guarantee of the algorithm. The online functional gradient
algorithm they propose also achieves regret (’)(\/T) when given convex loss functions. In
all these algorithms, the loss function is required to be convex or strongly convex and the
learning rate or step size must diminish. However, no work about regret analyses of online
learning applied on deep neural networks (non-convex loss functions) has been done.
Adaptive regret: Recently, adaptive regret has been studied in the setting of prediction with
expert advice (PEA) in online learning. Adaptive regret measures the maximum difference
of the performances of an online algorithm and the offline optimum for any consecutive
7 samples in total T" rounds, while our regret measures the maximum difference of the
performances in the whole history. Existing online algorithms are closely related in the sense
that adaptive algorithms designed are usually built upon the PEA algorithms. The concept of
adaptive regret is formally introduced by Hazan and Seshadhri [14]. They also propose a new
algorithm named follow the leading history (FLH), which contains an expert-algorithm, a set
of intervals and a meta-algorithm. Then Daniely et al. in |7| extend this idea by introducing
strongly adaptive algorithms, which provide a regret bound O(log(s + 1)\/m ) where s is the
end point of the rolling window and || is the size of the window, which is 7" in the paper.
Later on, Zhang in [27] applies the concept of the adaptive learning rate to adaptive regret
and proposes adaptive algorithms for convex and smooth functions, and finally obtains a
regret bound O(y/(>_;_, fi(w))log(s)log(s — r)), where f;(w) is the loss function for the ¢ th
sample given any w in the corresponding domain, and r and s are the starting and ending
data points of the interested sequence. Notice that in conjunction with infinite streaming, s
blows up and eventually dominates the regret bound. Although the concept of the adaptive
regret is similar to our regret with rolling window, adaptive regret relies on other existing
online algorithms which not only use diminishing learning rate but also bring extra error.
In regret with rolling window, we consider these two aspects together (infinite time stream
and the issue of learning rates) and propose a new family of online algorithms which use a
constant learning rate and achieve a more robust regret. Specifically, our regret bound is
O(V/T), which does not depend of the position of the window.

3. Regret with Rolling Window

We consider the problem of optimizing regret with rolling window, inspired by the standard
regret ([29], [1], [22]). The problem with the traditional regret is that it captures the
performance of an algorithm only over a fixed number of samples or loss functions. In most
applications data is continuously streamed with an infinite number of future loss functions.
The performance over any finite number of consecutive loss functions 7" is of interest. The
concept of regret is to compare the optimal offline algorithm with access to T' contiguous
loss functions with the performance of the underlying online algorithm. Regret with rolling
window finds the maximum of all differences between the online loss and the loss of the offline
algorithm for any 7' contiguous samples. More precisely, for an infinite sequence {2, y'}.°
where each feature vector z* € R? is associated with the corresponding label 3, given fixed
T and any p, we first define w; € argmin,, fipT fi(w), which corresponds to the optimal



solution of the offline algorithm. In general, f;(w) = loss(z!,y";w), e.g. fi(w) = Hwat - ytH2
if the linear regression model is applied and the mean square error is used. Then, we consider

T+p

suppen Ry(T) = 3 li(wr) 1)

with ly(w) = fi(wr) — fi(w;), where f; is a function of sample z*. The regret with rolling
window metric captures regret over every T consecutive loss functions and it is aiming to
assess the worst possible regret over every such sequence. Note that if we have only 7" loss
functions corresponding only to p = 1, then this is the standard regret definition in online
learning. The goal is to develop algorithms with low regret with rolling window. We prove
that regret with rolling window can be bounded by O(v/T). In other words, the average
regret with rolling window approaches zero.

4. Convex Setting

In the convex setting, we propose two algorithms with a different learning rate or stepsize
strategy and analyze one of them with respect to (1) in the streaming setting.

4.1 Algorithms

Algorithms in standard online setting are almost all based on gradient descent where the
parameters are updated after each new loss function is received based on the gradient of
the current loss function. A challenge is the strategy to select an appropriate learning rate.
In order to guarantee good regret the learning rate is usually decaying. In the streaming
setting, we point out that a decaying learning rate is improper since far away samples (very
large p) would get a very small learning rate implying low consideration to such samples. In
conclusion, the learning rate has to be a constant or it should follow a dynamically adaptive
learning algorithm, i.e. ADAM. The algorithms we provide for solving (1) in the streaming
setting are based on gradient descent and one of the just mentioned learning rate strategies.

In order to present our algorithms, we first need to specify notation and parameters.
In each algorithm, we denote by n and g; the learning rate or stepsize and a subgradient
of loss function f; associated with sample (2%, y"), respectively. Additionally, we employ ®
to represent the element-wise multiplication between two vectors or matrices (Hadamard
product). However, for other operations we do not introduce new notation, e.g., for element-
wise division (/) and square root (,/7), since these two operations are written differently when
representing standard matrix or vector operations.

We start by summarizing OGD [29]| which mimics gradient descent in an online setting and
achieves (’)(\/T) regret with rolling window when given a constant learning rate to efficiently
and dynamically learn a geometry of the dataset. Otherwise, if a diminishing learning rate
is applied, OGD misses informative samples which arrive late due to the extremely small
learning rate. Although an informative sample can provide a large gradient, the product of
the gradient and an extremely small learning rate can and often does yield negligible values
and leads to O(T') regret with rolling window (this is trivial to observe if the loss functions are
bounded). Regret of O(v/T) is achieved in the streaming setting if learning rate n = 1/v/T.



Constant learning rates have a drawback by treating all features equally. Consequently,
we adapt ADAM to online setting and further extend it to streaming. Algorithm 1, inspired
by ADAM [17], AMSGRAD [23] and SAOL [7], has regret with rolling window also of the
order O(\/T) given constant stepsize 1 as shown in the next section. The key difference of
CONVGADAM with AMSGRAD is that it maintains the same ratio of the past gradients
and the current gradient instead of putting more and more weight on the current gradient
and losing the memory of the past gradients fast. In Algorithm 1, CONVGADAM records
exponential moving average of gradients and moments in step 5 and 6. Step 7 guarantees that
¥y is the maximum of all v, until the present time step. Then, step 8 gives the adaptive update
rule by using the maximum value of v; to normalize the running average of the gradient at
time t. Besides, constant stepsize 1 is crucial to make CONVGADAM well-performed due to
the aforementioned reason with a potential decaying learning rate or stepsize.

In step 8, we observe that v,; = 0 for a feature ¢ implies my; = 0, therefore, we retain the
foregoing weight wy; as the succeeding weight w41 ,;. In other words, in this case we define

T my = 2 0=0.

Algorithm 1 CONVERGENT ADAM

1: Positive parameters n, 5y < 1,08 < 1
2: Set mg =0,v9 =0, and 09 =0

3: fort=20,1,2,--- , do

4: 9t = fir(we)

5: me = Bimy_1 + (1 - 51)9t

6: vy = Bove1 + (1 — B2)9: © g
7 ’(AJt = maX(@t_l, ’Ut)

8: wt-&-l:wt_\/ia@mt

9: end for

4.2 Analysis

In this section, we provide a regret analysis of CONVGADAM showing that it attains regret
with rolling window which is proportional to the square root of the size of the rolling window
given a constant learning rate or stepsize in the streaming setting. For inner (scalar) products,
given the fact that (a,b) = a’b = bTa for two vectors a and b, in the rest of the paper, for
short expressions we use a’b, but for longer we use (a, b).

We require the following standard assumptions.

ASSUMPTION 1:

1. There exists a constant Dy, such that |jw < 2=, for any ¢ € N.

2. The loss gradients V fy(w;) are bounded, i.e., for all w; such that [Jw,||,, < Z=, we have

IV fi(wr) o, < Geo

3. Functions fi(w) are convex and differentiable with respect to w for every ¢ € N.



4. Functions f;(w) are strongly convex with parameter H, i.e., for all © and @, and for
t €N, it holds f,(@) + V/i(@)(@ — @) + £ |@ — &|* < fi(®@).

The first condition in Assumption 1 assumes that w, are bounded. This assumption can
be removed by further complicating certain aspects of the upcoming proofs. This extension
is discussed in Appendix A.1 for the sake of clarity of the algorithm. In 2 from Assumption
1, the gradient of the loss function is requested to be upper bounded. Notice that each loss
function f; is enforced to be differentiable and convex in 3, whereas f; is required to be
strictly convex with parameter H in 4. All these are standard assumptions.

CONVGADAM is an online analogue of ADAM, which dynamically incorporates knowledge
of the characteristics of the dataset received in earlier iterations to perform more informative
gradient-based learning. Next, we show that CONVGADAM achieves (’)(\/T ) regret with
rolling window given a constant stepsize.

Theorem 1 If Assumption 1 holds, and B and By are two constants between 0 and 1 such

that \ .= % <1 and p; < 15_377’ then forn = \7}—% for any positive constant 1, the sequence

w; generated by CONVGADAM achieves maxyeny R,(T) < O(VT).

The proof is provided in Appendix B. The very technical proof follows the following steps.
Based on the updating procedure in steps 4-8, we establish a relationship for the sequence of
the weight error w; — w;. Meanwhile, considering condition 4 in Assumption 1, we obtain
another relationship between the loss function error fi(w;) — fi(ws) and (wy — ws, V7 fi(wy))-
Assembling these two relationships provide a relationship between the weight error w; — w,
and the loss function error fi(w;) — fi(w.). By deriving upper bounds for all of the remaining
terms based on conditions from Assumption 1, we are able to argue the same regret with
rolling window of O(v/T).

Although in [25] the flaw in the proof of AMSGrad [23| has already been addressed, our
analysis is flexible enough to extend to AMSGRAD and thus providing an alternative proof
of convergence of AMSGRAD and providing regret of O(\/T ) which only requires a slight
change to our proof. The changes in our proof to accommodate standard online setting and
AMSGRAD are stated in Appendix A.2. Moreover, the proof of convergence of AMSGRAD
in [23] uses a diminishing stepsize while our proof is valid for both constant and diminishing
stepsizes. Likewise, for ADABOUND [21], the right scale of the stepsize is also missed and the
regret should be O(T'), which is discussed in more detail in Appendix A.2. In this section we
also discuss how to amend our proof to provide the O(\/T ) regret bound in standard online
setting for ADABOUND.

Theorem 1 guarantees that CONVGADAM achieves the same regret with rolling window as
OGD for convex loss functions. On the other hand, very limited work has been done about
regret for nonconvex loss functions, e.g. the loss function of a two-layer ReLU neural network.
In the following section, we argue that both DNNGD and DNNADAM attain the same regret
with rolling window if the initial starting point is close to an optimal offline solution and by
using a constant learning rate or stepsize. In addition to a favorable starting point, further
assumptions are needed.



5. Two-Layer ReLU Neural Network

In this section we consider a two layer neural network with the first hidden layer having an
arbitrary number of neurons and the second hidden layer has a single neuron. The underlying
activation function is a probabilistic version of ReLU and minimum square error is considered
as the loss function. First of all, the optimization problem of such a two-layer ReLLU neural
network is neither convex nor convex (and clearly non linear), therefore, it is very hard to
find a global minimizer. Instead, we show that our algorithms achieve O(\/T ) regret with
rolling window when the initial point is close enough to an optimal solution.

Neural networks as classifiers have a lot of success in practice, whereas a formal theoretical
understanding of the mechanism of why they work is largely missing. Studying a general
neural network is challenging, therefore, we focus on the proposed two-layer ReLLU neural
network. For a dataset {z',y"};-,, the standard loss function of the two-layer neural network

2
T t t
) = Jefiotent)v]

is fi (w14, was , where o represents the ReLLU activation function applied
element-wise, wy; is the parameter vector, and ws, is the parameter matrix. It turns out that
ReLU is challenging to analyze since nesting them yields many combinations of the various
values being zeros. One way to get around this is to consider a probabilistic version of ReLLU
and capturing expected loss, Luo et al. [26].

To this end we treat ReLU as a random Bernoulli variable in the sense that Pr(o(z) =
x) = p, Pr(o(x) = 0) = 1 —p. Luo et al. |26] in the standard offline setting analyze
fi (w14, way) for the probabilistic version of ReLU. For our online analyses we need to slightly
alter the setting by introducing two independent identically distributed random variables oy
and oy and the loss function as follows

(%T,tffl (W2,t2’t) - yt) (wlT,tU2 (wz,tzt) - yt)
2 )

(2)

which is the standard MSE loss function in expectation. There is a crucial property of f;
which is positive-homogeneity. That is, for any ¢ > 0, f;(cwi, “2) = f;(w1,wz). This property
allows the network to be rescaled without changing the function computed by the network.

For two-layer ReLU neural network, given (wY,,wj,) € argmin,, Zf:pT Eoy o0 fr(wie, war),

we consider regret with rolling window as

ft(w1,t7 w2,t) =

T+p
max min R, (T) := Eo, oo [l (W14, wa)] - 3
pEN (wl,t)teNv(WQ,t)teN p< ) ; 1o2 [ t ( 1’t 27t)} ( )

[[wr,ef[=1

Next, we propose two algorithms with different learning rates or stepsizes for the two-layer
neural network and analyze them with respect to (3).

5.1 Algorithms

In order to present the algorithms, let us first introduce notation and parameters. For any
matrix A and vector z, let [A];; and [z]; denote the element in the 4y, row and jy, column
of matrix A and iy, coordinate of vector x, respectively. Similarly, we use [A].; ([4];.) to
represent the jg, column (iy, row) of matrix A. Next, in order to be consistent, we also
denote 1 and g4, g2+ as the learning rate or stepsize and a subgradient of loss function f;

9



associated with sample (2%, y"), respectively. Let & and & be constants. Lastly, in order to be
consistent with the notation in the convex setting, we employ ® to represent the element-wise
multiplication between vectors or matrices while using standard division and square root
notation for the corresponding operations element-wise in vectors and matrices.

We start with DNNGD which is the algorithm with a fixed learning rate, Algorithm 2.
We show later that its regret with rolling window is O(\/T) DNNGD is an analogue of the
gradient descent optimization method for the online setting with the two-layer ReLLU neural
network, and at the same time it is an extension of OGD. Different from OGD, DNNGD
not only modifies weights at a given iteration by following the gradient direction, but it also
rescales weights based on the domain constraint in step 6, i.e. wy; has a fixed norm. Then,
wa, 1s rescaled at the same time to impose positive-homogeneity in step 7.

Algorithm 2 DEEP NN GRADIENT DESCENT

1: Positive parameter n > 0
2: fort=20,1,2,--- do

3: Sample o1, 09

4 G1i = % (wftal (wo2t) — yt) o9 (wa2') + % (Cd%:t(fg (wo2t) — yt) o1 (wa2")

5: Got = % (wftal (wo2') — yt) wiy (09 (zt))T + % (wftag (wo2t) — yt) wiy (o9 (zt))T
6 wl,tJrl — Wi1,t—Ng1,t

lwr,e—ngrell/v/E+6
7 watr1 = (War — NG2) * [le,t —ngisll / /3 + 51]

8: end for

Taking the drawbacks of a constant learning rate into consideration, we propose Algorithm
3, which is an extension of CONVGADAM for the two-layer ReLU neural network and likewise
attains O (\/T ) regret with rolling window. In DNNADAM, the stochastic gradients computed
in steps 4 and 5 are different than those in DNNGD. This is due to challenges in establishing
the regret bound. Nevertheless, the stochastic gradients are unbiased estimators of gradients
of the loss function. An alternative is to have four samples, two per gradient group. This
would also enable the regret analysis, however we only employ two of them so as to reduce
the variance of the algorithm. DNNADAM records exponential moving average of gradients
and moments in steps 6 - 9. Step 10 modifies v9; to be a matrix with same value in the same
column. This is a divergence from standard ADAM which does not have this requirement.
The modification is required for the regret analysis. Then, steps 11 and 12 guarantee that
{01+} and {0} are nondecreasing sequences element-wise. Lastly, we update weights and
also perform the rescaling modification to DNNADAM in steps 13 and 14. Additionally, we
apply the same strategy as we mention in CONVGADAM when [0;,]; = 0 or [034);; = 0.
More precisely, if [01¢); = 0 ([024);; = 0), it implies [g1 4] = 0 ([g24);; = 0) for all k,
which in turn yields [my]; = 0 ([ma,)i; = 0). Thus, we define [ml,t/\/m]i = % =0 and

[mzt /A /@2,t] = % = 0. Therefore, we maintain the weights from the last iteration.

10



Algorithm 3 DEEP NN ADAM

1: Positive parameters 1, €1, €, 11 < 1, Brar < 1,891 < 1,890 < 1
2: fort=20,1,2,--- do

3: Sample o1, 09
4: Gt = (w1 01 (wa2") — t) 2 (Wo2")
o: 9ot = (% 101 (Wa2") — t) wit (02 (Zt))T
6: mig = Prymag—1 + (1 — Biwe) g1
T Mo = Bramaoy—1 + (1 — Biar) gou
8: V1t = Porvii—1 + (1 — B21) g1+ © g1
9: Vgt = Poalat—1 + (1 — B22) g2t © gat
10: [va,1];; = max; ‘[bgjt]kj‘
11: 01 = max (Vi, U14-1)
12: U9y = max (Vay, Vg p—1)
_ Ui
13: Wit41 = - \/:Elet : (E%_—;fﬂ)
Wlt*\/E@mlt
: — __n_ o [1+&]
14: Wott1 = (w2,t Jone ®© m2t> : let Ton ©ma||/ (1—B121)
15: end for

5.2 Analyses

In this section, we discuss regret with rolling window bounds of DNNGD and DNNADAM
showing that both of them attain regret with rolling window proportional to the square root
of the size of the rolling window. Before establishing the regret bounds, we first require the
following assumptions.

Assumption 2:

1.

D.

Activations o1, 09 are independent Bernoulli random variables with the same probability
p of success, i.e. Pr(o(z) =z) = p, Pr(o(x) =0) =1—p.

There exists w; . and ws, such that E [wf*al (wa2")] = puwi wa 2t =y for all t.
Quantities w4, way, 2' and y' are all bounded for any t. In particular, let |lwa,||, <

and ‘[ggi]ij‘ < Gy for any t, 4, j.

T T t
|<W1,tw27t—w1ﬁ*w2,*vz >|

There exists 0 < € < 7/2 such that

[T peneT o
T T T 4
(wlyth,t - wL*wg,*) 2t # 0.

There exits a positive constant p such that p < ming s, j,220 |[01,)4]-

Similar to Kawaguchi [16] and other works ([8], [5], [6]) realizing that what initially
appears to be a nonconvex problem (due to true deterministic ReLU) is amenable to gradient
descent due to "no spurious local minima," we assume that o’s are Bernoulli random variables
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with the same probability of success and are independent from input z!’s and weights w’s
based on Assumption 2. ! Condition in 2 from Assumption 2 states that the optimal expected
loss is zero. This condition is also widely assumed in other prior works showing that there is
no spurious local minima in a simple network when applying gradient descent in offline, e.g.
[26], [9], [18], [12], [16]. The 3" condition in Assumption 2 is an extension of 1 in Assumption
1. Likewise, the constraints on w;; and ws; can be removed by further introducing technique
discussed in Appendix A.1, and consequently, g;; and g2, are bounded due to steps 4 and 5.
The next to the last condition in Assumption 2 requires that a new coming sample has to be
beneficial to improve current weights. More precisely, we interpret the difference between the
current weights and optimal weights as an error that needs to be corrected. Then, a new
sample which is not relevant to the error vector is not allowed. In other words, we assume
that the algorithm does not receive any uninformative samples. Condition 5 from Assumption
2 assumes that any nonzero |[0,);| is lower bounded by a constant u for all ¢ and . It is a
weak constraint since [0y¢); > [014-1]; for any ¢ and 4. In practice, we can modify it by only
memorizing the first nonzero value in each coordinate and finding the smallest among these
values. Otherwise, if all of [01]; = 0, then we can set u = 1 by default.
The regret statement for DNNGD is as follows.

Theorem 2 If 1-4 in Assumption 2 hold, & = CO‘:(E), and n = \Z_IT for any positive constant
11, the sequence wy; and we, generated by DNNGD for a 2-layer ReL U neural network achieves

maxyen E [R,(T)] < O(VT).

The proof is in Appendix C. Based on the fact that the loss function is nonconvex, i.e., we no
longer have a direct relationship between the loss function error fi(wy s, wayr) — fr(wi e wos)

and (Wl way — wl wa Wiy Vo, filwig, way) + (left(wlyt,w2,t))Tw2,t>, any technique that
relies on the property of convexity is inappropriate. The main challenges are coming from
building a bridge between the loss function error ft(wftwg,t) — fi(w1 w2 ,) and the weight error
wi wa ¢ — wi wa . To address this problem, we explore the difference between wf, ws 41 —
wf*wl* and wftwg,t - wf*wg,* in detail.

The steps to study the regret with rolling window are as follows. Based on steps 4 - 7,
we expand wft W21 — WE*CL)Z* to establish a relationship for the sequence of the weight
error wy ,way — wi ,wa . In association with explicit formulas of gradients and condition 4 in
Assumption 2, we obtain the loss function error fi(ws+,wat) — fi(wi«, wa ). Meanwhile, all
of the remaining terms are bounded due to condition 3 from Assumption 2. Combined with
the fact that w;; has a constant norm, the regret with rolling window bound of DNNGD is
achieved by applying the law of iterated expectation.

1. In general, the distribution of the Bernoulli random variable representing the ReLU activa-
tion function is not required to be stationary for all ¢. Since all loss functions are consid-
ered separately, we only need to assume that for every z!, there is a corresponding p' such
that E [w],w2.2"] = p'wl w2’ = ¢, then, later in the proof, those p'’s are absorbed into
E [l¢(w1 ¢, wa|F'].  Therefore, the algorithms can dynamically adapt to the new patterns in the

dataset. In the proof, we simplify this process by using a constant p. Then, given o, 01,09 are i.i.d,

E, {wata (wo,2") — y"’”2 /2} = E; {Hw{ta (wa,2") —wi 0 (wa,42" H /2} £ (wjwe ezt — wi w, *zt)2.
At the same time, the new loss function is Eg, o, [(wi‘rtal (wo,2') — ') (W{tdg (wouzt) —y') /2] =
E,, [w{tal (wo,2") — yt} Eo, [wftag (wo,2') — ] /2= (wl Jwa 2t wf*wl*z )2. Therefore, minimiz-

ing our new loss function is the same as mimmlzmg the orlgmal loss given that p is a positive constant.
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At the same time, our proof is flexible enough to extend to standard online setting. For
a constant learning rate, Appendix C provides the necessary details for the standard case.
In summary, regret of O(v/T ) is achieved. We note that such a result has only been known
for the diminishing learning rate and thus we extend the prior knowledge by covering the
constant learning rate case.

The adaptive learning setting algorithm DNNADAM has the same regret bound as stated
in the following theorem.

Theorem 3 If Assumption 2 holds, n = \Z—% for any positive constant 1y, Bi11, Bi21, P21, Boo

are constants between 0 and 1 such that A\ := % <1 and X\ := % <1, B = Bt and
. G20
Bzt = Pr217% with 0 < 1,72 < 1, and & = :‘CO—?(E), then, the sequence wy and wqy generated

by DNNADAM for the 2-layer ReL U neural network achieves max,en E[R,(T)] < O(VT).

The proof is in Appendix D. Similar to the difficulty faced in the proof of Theorem 2, we
do not possess a relationship between the loss function error fi(wy s, woy) — fi(wi ., wo ) and
<wftw27t — Wi Was, Wiy Vo, frlwig, war) + (Ve fr(wie, wa )" w27t>. Even worse, the variance
of the algorithm caused by merging all previous information and normalizing the stepsize
makes the relationship between the loss function error fi(wy s, wayr) — fi(wi s, wa ) and the
weight error w{ ,wy; — wi ,ws, more ambiguous. The way we deal with this is by treating
%it together as the gradient first and then extracting the effective gradient out from it and
bounding the remaining terms.

The structure of the technical proof is similar to that of Theorem 2. We first establish
a relationship for the sequence of the weight error wlT,tht — wf*wzv* by multiplying {‘/@
Then, using the definitions of £’s, A’s and v’s, we bound all the terms without the stepsize
by constants except those which potentially can contribute to the loss function. To this end,
we obtain a relationship between the weight error w{ ,ws; — w{ ,ws . and the loss function.
Finally, combined with step12 and the law of iterated expectation, we are able to argue
O(VT) regret with rolling window for DNNADAM.

Likewise, we are able to extend the proof of Theorem 3 to the standard online setting
for DNNADAM. We do not need to make any change to establish O(+/T). For diminishing
stepsize u, a slight change to the proof is indeed. Details are provided in Appendix A.2.

6. Numerical Study

In this section, we compare the CONVGADAM method with OGD [29] for solving problem
(1) with a long sequence of data points (mimicking streaming). We conduct experiments on
the MNIST8M dataset and two other different-size real datasets from the Yahoo! Research
Alliance Webscope program. For all of these datasets, we train multi-class hinge loss support
vector machines (SVM) [24] and we assume that the samples are streamed one by one based
on a certain random order. For all the figures provided in this section, the horizontal axis is
in 10° scale. Moreover, we set 3; = 0.8 and 55 = 0.81 in CONVGADAM. We mostly capture

the log of the loss function value which is defined as maxyey ming,,), ZtT:;p fi(wy).
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6.1 Multiclass SVM with Yahoo! Targeting User Modeling Dataset

We first compare CONVGADAM with OGD using the Yahoo! user targeting and interest
prediction dataset consisting of Yahoo user profiles. It contains 1,589,113 samples (i.e., user
profiles), represented by a total of 13,346 features and 380 different classification problems
(called labels in the supporting documentation) each one with 3 classes.

First, we pick the first label out and conduct a sequence of experiments with respect to
this label. The most important results are presented in Figure 1 for OGD and Figure 2 for
CONVGADAM. In Figures 1(a) and 2(a), we consider the cases when the learning rate or step
size varies from 0.1 to 5-107% while keeping the order and T fixed at 1,000. Figures 1(b) and
2(b) provide the influence of the order of the sequence. Figures 1(c) and 2(c) represent the
case where T varies from 10 to 10° with a fixed learning rate or step size. Lastly, in Figure
2(d), we compare the performance of CONVGADAM and OGD with certain learning rates
and step sizes.

In these plots, we observe that CONVGADAM outperforms OGD for most of the learning
rates and step sizes, and definitely for promissing choices. More precisely, in Figure 1(a)
and 2(a), we discover that 0.1/1000 and 3/4/1000 are two high-quality learning rate and
stepsize values which have relatively low error and are learning for OGD and CONVGADAM,
respectively. Therefore, we apply those two learning rates for the remaining experiments on
this dataset. In Figures 1(b) and 2(b), we observe that the perturbation caused by the change
of the order is negligible especially when compared to the loss value, which is a positive
characteristic. Thus, in the remaining experiments, we no longer need to consider the impact
of the order of the sequence. From Figure 1(c) and Figure 1(d), we discover that the loss
and T have a significantly positive correlation as we expect. Notice that changing 7" but
fixing the learning rate or stepsize essentially means containing more samples in the regret,
in other words, the regret for 7" = 100 is roughly 10 times the regret for 7' = 10. Since the
pattern in the figures is preserved for the different T" values for OGD and CONVGADAM, in
the remaining experiments we fix 7. In Figure 2(c), we discover that too big T" or too small
T causes poor performance and therefore, for the remaining experiments, we set 17" = 1, 000
whenever T is fixed. From Figure 2(d), we observe that CONVGADAM outperforms OGD.

i e Ir=gy H H —_ T=10
T=100

_______________________________ - T=1,000
i —-- T=10,000
T=100,000

2 4 6 8 10 12 14 16 6 8
# of iteration # of iteration # of iteration

(a) (b) (c)

Figure 1: Comparison of OGD for different orders, learning rates and 7T’

2. https://webscope.sandbox.yahoo.com/catalog.php?datatype=a
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Figure 2: Comparison of CONVGADAM for different orders, stepsizes and T

After studying the algorithms on the first label, we test them on the next four labels. In
Figure 3, we compare the performance of CONVGADAM for different T" and the difference with
OGD on the four labels. In these plots, we observe that T' = 1000 provides a more stable
and better performance than the other two values. Moreover, CONVGADAM outperforms
OGD for all considered learning rates and step sizes.
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Figure 3: Performance of CONVGADAM and OGD on the remaining labels

6.2 Multiclass SVM with Yahoo! Learn to Rank Challenge Dataset

In this set of experiments, we study the performances of CONVGADAM and OGD on Yahoo!
Learn to Rank Challenge Dataset®. The dataset contains 473,134 samples, represented by a
total of 700 features and 5 classes.

Figures 4(a) and 4(b) show the performances of OGD and CONVGADAM for different
learning rates and stepsizes. Figure 4(c) provides the performance of CONVGADAM for
different T'. Lastly, Figure 4(d) compares the performance of CONVGADAM and OGD for a
set of good learning rates but same 7T'.

From Figures 4(a) and 4(b), we select the learning rate and stepsize 3/+/1000 and 2/4/1000
for CONVGADAM and OGD, respectively. From Figure 4(d), we discover the superior behavior
of CONVGADAM over OGD as we expect.

3. https://webscope.sandbox.yahoo.com/catalog.php?datatype=c
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Figure 4: Performance of CONVGADAM on Learn to Rank Challenge dataset

6.3 Multiclass SVM with MNIST8M Dataset

In this set of experiments, we study the performances of CONVGADAM and OGD on MNIST8M
Dataset?. The dataset is generated on the fly by performing careful elastic deformation of
the original MNIST training set. The dataset contains 8,100,000 samples, represented by a
total of 784 features and 10 classes.

In Figures 5(a) and 5(b), we compare the performances of OGD and CONVGADAM for
different learning rates and stepsizes. Figure 5(c) shows that performance of CONVGADAM
for different T'. Lastly, Figure 5(d) depicts the comparison of CONVGADAM and OGD. From
Figures 5(a) and 5(b), we select the stepsize 2/4/1000 and the learning rate of 1/1000. As we
observe, CONVGADAM always exhibits a better performance than OGD.

4. https://www.csie.ntu.edu.tw/ cjlin/libsvimtools/datasets/
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7. Appendix
A Extensions

We first introduce techniques to guarantee boundedness of the weight w, i.e. how to remove
condition 1 in Assumption 1. We then point out problems in the proofs of AMSGRAD [23]
and ADABOUND [21] and provide a different proof for AMSGRAD.

Al UNBOUNDED CASE

Projection is a popular technique to guarantee that a weight does not exceed a certain bound
([3], [15], [11], [21]). For unbounded weight w, we introduce the following notation. Given
convex sets Py, Pq, vectors wy,w, g1 and matrix 0, we define projections

IIp, (W) = argmin ||w — @]
weP,

H7131 P2 ,w1,91,w] ((’DQ)

= argmin wy — argmin ||w{ ws — wi Q| ‘
T
whty |||t —ngn || [/ 5+ | €Ps wawl wa€Py
2 .
73177727w17917W’1,13(w2)
T T
. . 4/ ~ 4/ ~ ~
= argmin wy — argmin (ﬁ@c@) Wy — (\/5@ w2> w1 ‘ )
T
whi| ||t —mar||/y/3+e2] €Po woiw] wa€P

Projection II is the standard projection which maps vector @ into set P;. If an optimal
weight w, is such that w, € Py, then we have

e, (@r1) = @il < o = wll

which could be directly applied in the proofs of Theorem 1.

For IT* and II2, we could regard them as a combination of two standard projections. Note
that, for the outer projection, we require that it does not affect the product of wfws,, which
could be done by projection methods for linear equality constraints. In this way, we have

T 1 ~ T T ~ T
W1 110D, Py or 1910010 (Wo,t41) — Wy pwas || < HWLtHWZtH - wl,*w27*||

T T
H (\4/ U2t © H%I,pQ,wlytH,glyt,wlyt,@m(@2,t+1)> Wit+1 — (\4/ Vgt © w2,*> Wi«
§ R T § T
< H ( vV V2t © (WQ,t+1)> W1g+1 — (\4/ Vo © WQ,*> Wikl s

which could also be directly applied in the proofs of Theorem 2 and 3.

A2 STANDARD SETTING OF ADAM

First, let us point out the problem in AMSGRAD [23]|. At the bottom of Page 18 in [23],
2

~1
T /Bltvté
t=1 o .

the authors obtain an upper bound for the regret which has a term containing
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Without assuming that (1, is exponentially decaying, it is questionable to establish O(\/T )
given oy = \/% since Zthl V't > O(V/T). Although this questionable term can be bounded by
assumptions on [y, the last term in Theorem 4 is O(log(T") Z?Zl lg1.7i]l,) = O(log(T)VT)
since gi1.7,; is the concatenation of the gradients from 0 to current time 7" in the it" coordinate.
Moreover, the authors argue that decaying [y, is crucial to guarantee the convergence,
however, our proof shows O(v/T) regret for AMSGRAD with constant 3 and both constant
and diminishing stepsizes, which is more practically relevant. For a diminishing stepsize, the
slight change we need to make in the proof is that 7, needs to be considered together with

Uy in (11) and the rest of proof of Theorem 1. Applying the fact that ” Ot ¥ {Z;l’j and

ST v = 2/T — 1 yields O(v/T) regret in standard online setting.
Table 1 summarizes the various regret bounds in different convex settings.

gradient descent Adam
constant diminishing | constant diminishing

VT)(us)
O(VT)(us) | O(VT)(us) us o awe
ol | o) | OV OWTRS et
streaming O(WT)(us) | O(T)(us) O(VT)(us) | O(T)(us)

standard online

Table 1: Summary of known regret bounds for online learning and
streaming in convex setting

B Regret with Rolling Window Analyses of CONVGADAM

Lemma 1 Under the conditions assumed in Theorem 1, we have

T+p 2

Z = Omy|| < o(T).
U

t=p

Proof By the definition of vy, for any t =p,p+ 1,--- ,T + p, we obtain

m? m? 1 B1) g )2

t t - 1 z 1 i,
Z : Z N —Z —
t 31\/1_B2)Zzl 9i.5

1—51 Zzz—ﬁ )(Zzl tzl?])

1—p Zz 15t 2912] 1—-5 ( ) N
Vl_ﬁzz\/zzl tz? <\/1_62ZZ ||gl,]||2

z] 7j=1 =1

ﬁzzx gl )

=1 =1
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The second equality follows from the updating rule of Algorithm 1. The second inequality
follows from the Cauchy-Schwarz inequality, while the third inequality follows from the
inequality S1_, 37 < ﬁ Using (4) for all time steps yields

T+p
> oo
S
A" gl
1= t=p j=1 i=1
Yy >
X giglly + ) A Ilgm||2>
1_62]1151) i=p+1 =1
(2 3 >y
A gislly + AT ngzj\!g)
1- 62 t=p+1i=p+1 t=p i=1
13 (T+p t T
S (3 3 et () (0)) - o
ijllo ijll2 :
1= 62 t=p+1i=p+1 i=1 i=0
We first bound the first term in (5) for each j as follows,
T+p t ‘ T+p T+p
Do A gislly = Y Mgl }:ATﬂ’t
t=p+1i=p+1 i=p+1
T+p
Z 19:.5ll, < 11— (6)
t=p+1

The first inequality follows from the fact that ZZ:ZP APt < ﬁ and the last inequality is
due to 2 in Assumption 1. Using a similar argument, we further bound the second term in

(5) as follows,
(Z e ||gi,j||2> (Z x’) <L <Z e |rgi,ju2>
<O (Zv z)_ GOOA)Z. 7)

Inserting (6) and (7) into (5) implies

T+p

= | = :
= 1V Vl_ﬂ? L=A " (1-n7
This completes the proof of the lemma. |

In order to establish the regret analysis of Algorithm 1, we further need the following
intermediate result.
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Lemma 2 Under the conditions in Theorem 1, we have

T+p

> lmea|* < o).
t=p

Proof By the definition of m;, we obtain

T+p T+p d
>l =30 Y mi,
t=p t=p j=1
T+p d i 2
= Z Z ((1 - B) Z Bi_igi,j>
t=p j=1 i=1
’ T+p d
<A=B)°) (Zﬁ ) (Zﬁt Zg3j>
t=p 1 =1
T+p ]d T+p d t
S () <0 S (o)
t=p 1 =1 t=p j=1 i=1
T+p d " ’
<3N G =dTGx
t=p j=1

The first inequality follows from the Cauchy—Schwarz inequality. The second and the last

inequalities use the fact that Z B ‘ < =5 The third inequality is due to 2 in Assumption
1. This completes the proof of the lemma [ |

PROOF OF THEOREM 1
Proof Based on the update step 8 in Algorithm 1 and given any w* € R%, we obtain

2

*

||Wt+1 - W*||2 = ||Wt —

n
\/17
:Hwt—w*H2—2<wt— > H\/_th
2 (—51 . B
e — P =2 {wy — 2 I S,
o = =2 oo =, TP 0 ) 2 (- P o)

H\/U_t®mt

2
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Rearranging (8) gives

19/ @ (we —)||* = |8 © (@ien —")]*]
27](1 —51)

<wt - W*agt> =

2

_ B wp — w* 1 n
1_Bl< \/ﬁ amt—l\/ﬁ>+2n(1_5l) \‘l/qA)_tth
< [Hé/v_tQ (w — w*)HQ — ||[Vor © (wigr — w*)‘ﬂ
B 2n(1 — B1)
A llws — W*H2 me—1 O my_11 Ui ’ 1 2
+1—ﬁ1[ m > T o]

From the strong convexity property of f; in 4 in Assumption 1, we obtain

o) = ") < oo =", D hle)) — e — P

Using (9) in the above inequality and summing up over all time steps yields

T+p

Z [fe(we) = fe(w")]

thcy [”\4/@_756(%_”*) = ||€/@_t®(wt+1 —w*)H2] 2 Bi H
23 201 ) 1 [ )

b

+ﬁ [Blmt—l O mi_1 +

4/ © my
(%
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We proceed by separating (10) into 3 parts and find upper bounds for each one of them.
Considering the first part in (10), we have

INTE

7]

T+p Hé/@_t@ (w — w*)
>

— 2n(1 — p1)
19/, © (wp — )| Ty Nt
ST (R R 1—51 < ACEICEEY

t=p+1

—H\/Ut 1O (wy — )
d
(zwmw—ww
t=p+1

7j=1

s 17

d
- Z \V vt 1,9 wtj ]
j=1
i 17 o o + 35 (- (Vi - va) )|
2n(1 = B1) t=p+1 \ j=1
Since 0 ; is maximum of all v, ; for each j until the current time step, i.e. /0 V1,5 > 0,

by using 1 in Assumption 1, (11) can be further bounded as follows,

Loz [[|[¥/60 © (wi = w)|* = [|¥/5 O]

tZ; 2n(1 — py)
gy ||V ) “ﬁggﬂﬁfvw“ﬂ
i | Zm”@”i (V- )

2n(1

1 -
S i
B <2
By the definition of 9, in step 6 in Algorithm 1, for any ¢ and j, we have
= (1) Zﬁé g < (1= )GE Zﬁé 1< G,
which in turn yields

T+p[H\4/@_t@(wt — W) *)HQ} dD2 G
> 2n(1 — f31) = (1 —Br) owD. (12

t=p
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The last equality is due to the setting of the stepsize, i.e. n = % For the second term in
(10), from the relationship between 5, and H, we obtain

il
< Hn,
1—5 7
which in turn yields
b H
— <. 13
2n(1 = p) 2 - 13)

Thus, (13) guarantees negativity of the second term in (10). For the third term in (10), by
using Lemmas 1 and 2, we assert

2
i 1
—_— _ _ — <O(—)-0O(T)=0(VT). 14
ST [ﬁlmtl@mtﬁ o ]_ (F2)-0) = OWD). (1)
The desired result follows directly from (10), (12), (13) and (14). [

C Regret with Rolling Window Analysis of dnnOGD for Two-Layer ReLU
Neural Network

For a two-layer ReLU neural network, we first introduce F* that records all previous iterates
up until ¢.

Lemma 3 If conditions 1 and 2 hold from Assumption 2, we have

2
E [lt (wl’t,wgi) | .Ft] = %(w{th,tzt — Wf*w27*2t)2. (15)

Proof Based on condition 2 in Assumption 2, we obtain

[

Esy 0 [ft(w1,t>w2,t) ‘ .Ft}
1

=3 Eo, [w{tal (ngtzt) -y ]:t} -E,, [wftag (WQ’tZt) — | ]:t]
1 1

=5 (pwijwayz' = y') - (pwiwae2’ — ') = 3 (pwi jwa 2’ — yt)2
p

T t T t\2
:5<w1,tw27tz — wy W 2).

On the other hand, we get

Eoy o [ft(wL*aw?,*) |"T_ﬂ

1
=5 Eo [wiio1 (wee2) = ¢ | F] - Eoy [wi02 (w22") =y | F]

1

=5 (Bo, [wiuon (w2u') | F] = ¢) - By w00 (w2,2") | F'] =)

9
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which in turn yields

E [lt (wl,ta"‘jQ,t) | -Ft}
:E0'170'2 [ft(wl,t7w2,t) |'th| - ]E0'1,0'2 [ft(wl,*7w2,>k) | ft]
2
:p—( ftngtzt — wlT’*wZ*zt)%

2
This completes the proof of the lemma. [ |

Lemma 4 Under the conditions assumed in Theorem 2, we have

]E’O'l,O'Q [gl,t | ‘Fti|
E01702 [92,15 ’ Ft}

0* (wftwgﬂgzt — wf*w27*zt) wo 12" (16)

P* (W] jwa 2" — wi ,wau2") wiy (zt)T . (17)

Proof From steps 4 and 5, we have

]EC"LU2 [gl,t ‘ ‘Ft]
1
:EU1,02 |:vw1 (5 (w{tal ((.(.)2715215) o yt) (wft(jQ (w2,t2t) . yt)> | ft:|
=Es, 00 [(w{tal (wztzt) - yt) 09 (wg,tzt) | }"t}
=E,, [wital (wztzt) — wg‘f*al (wl*zt) ] ]—"t} Eo, [02 (Cx.)27t2t) | Ft]

T t T t t 2(, T t T t t
=p (Wl,t“’?,tz — Wy W22 ) pw2 itz = p (Wl,t“’?,tz — Wy W22 )W2,t2 ‘

Similarly,
Eal,ag [9275 | th|
1
=Fo, 0 {sz (5 (W01 (w202!) — o) (wT0a (was2!) — yt)> | ]-—t}
=Eoy, 00 [(w{tal (wzﬂfzt) - yt) Wit (O'Q(Zt)>T | .Ft}
=E,, [wftol (woy2") — wf*al (wo,u2") | F'] Eo, [Wl,t (UQ(Zt))T \ ft]
=p (wfthtzt — wf*wg,*zt) w1 (zt)T
—=p? (wfth,t,zt — wi*wZ*zt) Wiy (zt)T.
This completes the proof of the lemma. |
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Proof of Theorem 2
Proof First, based on the update step 6 and 7 in Algorithm 2, we obtain

2 t T T 2 t
| ]:] =Es 00 [Hw2,t+1wl,t+1 —wy Wik | F

2
| fﬂ

TS T T T 2 T 2t
=Eo\ 0, |||wsw1e — Wi, w1 — 1 (G010 + waeg1e) + 0911922 | ]—"]

T T
Eo, 0 le,t-',-lwlt—f—l — Wi W2

=Es, 0, H (war = 1g2,e)" (Wie — NG1e) — Wi, W1

2 T T T T
— 21 (Wa W1t — Wy LWt ey G (W1t + W3 1)

T T
=Es) 00 sz,twl,t — Wy W1 %

7 (2 (whone = s g51910) + [ngfagee — (ghons + whand)I) 1 7]
= ||w§tw1,t - wg*wl,*HQ —2n <w§tw17t - wg*wL*, Eo, .0 [ggt | F*lwiy
+w§t Eoy o5 (016 | 1)+ 1 Eoy 0, [2 <w§tw1,t - wQT’*wl,*, ggtgl,t>
+ nglgas = (gFona + whions) ||| 7). (18)

By Lemma 4 we conclude that E[||g1.| | '] and E[||g2.|| | F'] are bounded due to 3 in
Assumption 2, which in turn yields

By s 2 (ins = 1,0, 03e010) + [n97 1020 — (08010 + wiygn) | | F]
: ]E'0'1,0'2 |:Hgg:tgl,tH2 | ft:|

+Egy 0, [Hnng,tgz,t — (gFwrs + wlgid) || J-"t}
SMla (19>

2

T T
< ||ws s, — wg w14

where M is a fixed positive number. The first inequality comes from the Cauchy-Schwarz
inequality and the second inequality is due to the boundedness of wy ;, way, W14, Wa s, G14,
g2+ and 7. Inserting (19) into (18) gives

T T T T T T t
<w2,tw1,t — Wy (W1, EO’LUQ [92,15 | ]:t} wl,t> + <w2,tw1,t — Wy (W1, Wo ¢ E01702 [gl,t | F ]>

= (wy w1t — Wy Wi Boy oy (934 | F'] wre + wa s Boy oy [910 | F'])

2 2
|wiwre — Wi wise|” = Eoyo [wat+1W2,t+1 —wi wau|” | F} M,
< + (20)
2n 2
Using (16) yields
(wywis — wa w1, Boy oy (g5 | F'lwie)
= (wg Wiy — Wy Wi P (W] wo 2" — wi ,wa2") Z'w] jwi )
=p? (wftwltzt — wlT,*wZ*zt) (W,{:twgﬂg — WE*MZ*) 2t ||w1,t||2
2

:p2 (WEtWQ’tZt - wf*w27*zt) HthHQ =K [lt (CL)Lt, (,Ug’t> ’ Ft] -2 le’tHQ . (21)
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The last equality follows from (15) in Lemma 3. Then, we have

T T T ]
‘<w2,tw1,t — Wo W1k, Wat IE01,02 [gl,t | F ]>‘

/T T T 2( T t T t t

— ‘<w27tw1,t — Wy W1, W (W] jwo 2t — Wi wsu2") wayz >|

2 (T t T t\ (T T T t
= ‘p (wuwg’tz — W] W2 42 ) (W1,tw2,t — wlj*wz,*) Wa 1Wa,t 2 |
t
I

T T T
T 02 HWLtWZt — Wi W2 ‘W2,tw2,tH |z

2 t T
<p (wl,twltz — Wy W2 %2 ) T T t
’(Wl,tht - Wl,*WZ*) z }

T T ¢
<2 (7 ¢ T N2 T le,twlt _Wl,*WQ,*H (Al
<P (Wi w2z’ — wi,w2,2")" [|ws |

[ (wfwze = wiwa.r) 2

a 2a

<p? (WT et — Wl 2t)” =E[I F. = 22

<p” (wrgnez’ — wiws.2')” — © [l (@) | FF] - — © (22)
Note that ngtwltH = Omas(wy;) < ”WthHF < a by 3 in Assumption 2. If (wf,twlt — wf*wQ,*) 2t =
0, then the inequality holds trivially. Using (20), (21) and (22) we obtain

Es) o [lt (wi,e, waye) | -7:1 "2 ||Wlt||2 -

Lo S ’ cos(€)
2
||w§tw1,t - W%:*WL* —Eo 0 [||W1T7t+1w2,t+1 Wl W2 x | F] nM,
< + . (23)
2n 2
From update step 6 we notice that |jw;||* = % l+a=1+ o> thus, (23) could be further
simplified as
2 2
ng:twl,t - ng*wl,* - ]Eal,ag |:Hw{t+1w2,t+1 - wf*u&,* | -Ft]

Eo, 00 [lt (w1, way) | ]:t] <

2n
77M1
+ 2
Applying the law of iterated expectation implies
2 2
E l E [llngtwl,t - ng*w:{,* ] - E |:ng:t+1w27t+1 - WE*W27* ] an
W1 t, < +
[t( Lt Wz,t)] > o 9
By summing up all differences, we obtain
2 2
%’E L 1 Tirf E |:||W2 Wi — wi*wl,* ] —-E |:wat+1w2,t+l - W1T,*W2,* ]
(¢ (w1 b W2 t 2 1
t=p
M,
—nT
+ 5 1
2 2
1B [”%T,pwlm — W3 W1 ] —E [waerTHW?,erTﬂ — Wi w2 } M, T

2 n 2
= O(VT). (24)
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The last equality uses 3 from Assumption 2 and the definition of n = \Z—% The desired result

in Theorem 2 follows directly from (24) since it holds for any p.
|

D Regret with Rolling Window Analyses of dnnAdam for Two-Layer ReLU
Neural Network

Lemma 5 In Algorithm 3, given way,ws ¢, W2, w1« and Ugy, there exists a bounded matriz
Vgt such that

T T T
(\/ Vgt © W2,t> Wi — (\/ Vgt © w2,*> Wi s = <\/ 172,t> (Wg:twl,t — WgT,*wl,*) ; (25)

where © s an element-wise multiplication operation.

Proof From step 10 in Algorithm 3, vy is a matrix with same value in the same column,
which in turn yields
T T
(\/ Vg4 © w2,t) Wi = <\/ 172,15) ngtwl,ta
where 0y, is a diagonal matrix with 7,; = diag ([@Q,t]l :), and [0a,], . is the 1% row of matrix

9. Applying the same argument for (/02 ® wg’*)Twl,* yields (25). Next, let us show that
U9y is bounded. It is sufficient to show that 05, is bounded. From steps 12 and 9, we conclude
that

Ugy < max (vg1, Va2, "+, Usy) -

Therefore, it is sufficient to show that ¥, is bounded for all ¢. For each entry in the matrix,

since ‘[gg,t]ij < G300, We obtain
t . ¢ .
(1024l = (1= Bo2) D Bia” (m [gz,j]ik) S| = ) ) 0 Gh| < Ghoe (26)
=1 =1

By combining with the fact that g» is bounded due to step 5 and the boundedness of
W1t Wat, 2t and y* from condition 3 in Assumption 2, Lemma 5 follows. |

o

Lemma 6 In Algorithm 5, given mi;_1,my4, 01, € R® and may,Uay € R™ 4 for any t,
and (111, P121, P21 and Pas are constants between 0 and 1 such that A\ = % < 1 and
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A

. Bizn

B22

< 1, then

1

V1t

O my 1

2

O) mi

~

V14
2

1
— O My,
\/ V2.t

1

2

T O may
Vgt

2

=

n

=

1 —Bi) (1= Bar) (1= A1)

n

1= Bun) (1 = Bar) (1 = Ay)

nd

S 0= i) (1= Bor) (1= )

TLdGzpo

S A B VI Ba (1= h)

Proof Based on steps 6 - 12 in Algorithm 3, we obtain

. T

myy = E
j=1 L
t

moy = E
j=1 L

t—j
(1 - 511]') H 511(t—k+1)91,j
k=1 J
t—j 7
(1 - 512;’) ﬁ12(t—k+1)92,j
k=1 ]

¢
014 > (1= Ba) ZﬁéI]gl,j © 91,5
=1

t
g > (1 — Ba2) 2555]924 © g2,5-
=1
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Then, combining (31) and (33) yields

< [ — Bi1) [T Brag—rs) [91,5] ])2
- Z (= o) 5o 8517 [onl?)
<Z§:1 [Ti2 i) [g1,j]i> 2
T (0B X 8 ul?)
(S T2 B (i T2 Bracvey lonal?)
= (1= Ba) Sy 577 )
v (S ) (S A7 [onl?)
((1 = o) i B2 1)

[g1,5]
(1—5111 ) (1 = Ba1) ZZ 111 J

1
H O myg

\/Ult

\E

\E

(]

=1 j=1 gl]
1 —
< )\ J
(1= Bi1) (1 = Bar) ;jzl

n

S 0= =B A =n)

The first inequality follows from the definition of ¥;;, which is maximum of all v;; until the
current time step. The third inequality follows from the Cauchy-Schwarz inequality and the
forth inequality uses the fact that 11; < (111 for any t. Applying the same argument to

2
1
' — maoy
A/ D2t

implies (29). Then, applying the fact that 0y, > vy yields

2 2

n

S T A =B 0 =n)

<

O my 1

— O M1
V1

1
\ Ul,t—1
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B121

where the last inequality follows from (28). Lastly, A\ = % < 1 implies Vs < A2 < 1. By

combining (32) and (34), we get

2 ii < ; 1 [ — Bi2j) HZ;Ji Pra(t—k+1) [QQ’j]P‘IDQ
a p=1 ¢=1 \/((1 — Ba1) Z i=1 523 [92,3']12)(,)

(55 [ ]
<>
\/((1—521)2] 857 (oLl

—@mQt
Vo ¢

3

3

- <Z§‘=1 T2 512(t—k+1)) (Zj:l [T Braessn) [92”']12”)
<22
p=1 ¢=1 \/((1 — 1) Z] 16 [92 J]pq>
d (Z] 15121> <Z] 15121 g2 ]]pq)

<22
p=1 q=1 \/<(1 — [a1) Z] \ Bz [ggﬂ]pq>

121 923];27(1
(1—5121)\/1—521 ZZZ—Q

p=1 g=1 j=1 [gQJ]pq

3

(1_5121) 1—521222)\t j [92.] pq

p=1 g=1 j=1

< nngm
T (1= Bo) VI = Bar (1= Ao)
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Proof of Theorem 3

Proof Now, let us multiply ||w§t+1w17t+1 — Wi Wiy 2 by /72, then take expectation given
all records until time ¢. Then, from steps 6 - 14, we obtain

E

T T 2
<\4/ Vgt © wz,t+1> W1t+1 — (\4/ U2t © wz,*> Wil | Ft] (35)

T
=E ( v U2,0 © (Wz,t - LA © m2,t>) (wu - 72 O] m1,t>
Vo ¢ V14
2
7

T 2
- (\4/ Vgt © w2,*> W1
| = T - T T 7 ¢
—2E (\/ Vot © Wz,::) Wit — (\/ Vot © Wz,*> Wik, Wo === M4 | F (36)
VAL R

|7

T T
4 /. 4/~
H <\/ Vot O w2,t> w1 — (\/ Vgt © wz,*> W1«

—2E

T
T
\/ U2t © wzt wl,t - (\/ U2 © wz,*> W1 x5 (L@ © m2,t> wl,t> | F'l(37)
2.t

T
+20°E [< V02 © we t> Wi — <\/ U2t © wz,*> W1 x5
T
n t
@ Moy — O myy | F (38)

T
T
+77E[ \/Uzt@w2t> ( ?Z @ml,t>+<4@2,t@< 72 @m2,t)> w1yt
VAUR’ Vgt

- 2
4 /= n Ui t
Uoy O | —=—= © may —F O my | F* . (39)
Vo ¢ V1

Let us first consider the expectations in (38) and (39). From (26), we conclude that 0y, is

bounded. Similarly, given SB11; = B1117% and B9y = B12174 with 0 < 71,7, < 1, for each entry,
we attain

|[mag);| < (1= Bin) 25111 91,4l < mjaXHgl,j]i’
j=1
t
|[madly] < [(1= i) Y Bif [92,4)| < max (921 -
=1
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2 2

and

2

4; ©®mg,|| are bounded from Lemma 6 and

V2t

1 1

o O myy Jone © Moy

W1ty Wa g, W1 4, Wa s, U2y are also bounded from Assumption 2 and Lemma 5, applying Lemma
6 and Cauchy-Schwarz inequality yields

Since

Y

T

T
T
2772 E <<\/ U2t © wz,t) Wit — <\/ Vgt © wz,*> W14, (\/% ®© m2,t>
2,

T
72 ©my | )| F (\4/ U2t © Wz,t) 73 ©my
v V1t VALK
T T
+ | /U2, © 7? © may wig+ | V02 © 72 © may
v/ V2t V V2t
2
7? ©myy | F!
VAU
T
9 _ T _ T n
=2n"E <<\/'U2,t ®© WQ,t) Wit — <\/’027t ®© wz,*> W1 %5 (—@ ® m27t>
2.t
Ui t Ui
— ® mig | F = ®© mi
(\/ U1t >> VALY )
T T 2
Ui n 7 t
+ | —F— ©Omaoy, wig+ | —— O maoy —F O My ‘ F
( \4/ V¢ ) ( \4/ Vot ) < \V V1 >
, § T § T 2
<n"E H (\/ U2t © w2,t) Wit — (\/ U2t © w2,*) W1 ks

+n’E

+n*E

_ T
(\4/ Vg © Wz,t>

2
Ui

\ V2t

+

© may

2 2
2
. LA © my ‘ ./T"t + 2772 E \4/ "[127,5 ® Wa ¢ LA © mi¢
£/ U1t VA%
2 2 2
n 2 Ui Ul 1
+ = O) maoy ”thH + - ® ma — © mig | F
‘4/U2,t Y V2t AVA%R
S 772 . Ml7 (40)
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where M; is a fixed constant. Now, let us proceed to show an upper bound for the term in
(36). Applying Lemma 5 to (36) yields

[ T
E <<\2/@2,t®w2t> Wit — (\/Uzt®w2*> Wl,*ngt#le,t> | -7:1
i v V1t

T
T T r N t
(Wg’twl,t - WQ,*WL*) 7W27t — ® ml,t> | F
1,t

((va)
=K << ?b,t)T (waawit — Wy Wi )  Way P © (Bumia + (1 - 511t)91,t)> | ]:t]
(v

T
T T Ui t
(W2,twl,t — Wo W1 *) Wzt \/— > | }-] (41)
T
<(\/"Ez,t> (wg w1 — wy w1 ) ,w;tlﬁ o ((1- Bm)gu> | J:t] . (42)

1t

Since wat, W1 ¢, W2 x, W1 4, %,62,15 and my,; are all bounded, for the term in (41), there
V1,

exists a constant Ms such that

T
E <(\/ 772,t) (ngtwu - ng*wl *) wgt © B t1> | ft]
) ? 9 I \/'ﬁ_ b
=Bt B | (wiwoy — wi,wa) \/UQtWQt\/— O mig 1 | F‘]
2
77511t 1 ;
H wy W2t — wl W2, *) \/ 02 twgt - mii-1|| | F'| < nbreMs. (43)
1t

Next, let us bound the term in (42). Based on Lemma 6, we have

T
<< v 62’t> (w;“r,twl,t - W2T7*W1,*) >W2T,t TZ ©1- ﬂ11t>91,t> ‘ ft] ‘

V14

E

:77(1 - 5111&) E

(wftu&t wl*w2*) \/U2twgt\/—®glt’F]‘

el

Now, let us focus on the product in the expectation. Since y/Ts; € R¥? is a diagonal matrix,
let us denote the iy, element on diagonal as [0],. Then,

<n(1 = Bruy) ||wfjwor — wi ,wo || E

— o, 1
V V2,W3 === © g1t
VAR

1
vgtngt = ®91t—(Vt@W2t) 91t
1t
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where V5 € R™*? such that [Vlg]ij _ s Then, we obtain

["A’l,th

E

T
= n t
<(v Uz,t) (wa Wi — wy 1) 7W2T,t—\/A— ©(1- 511t)91,t> | 7] ‘
V1.t

E [|(Vi © wa) |l lgnell | F*] .

<n(1 — Biue) leT,tWZt — wlT’*wQ,*

Based on (26) and condition 5 from Assumption 2, we discover

[ﬁz,t]’ G 00
[VlZ]ij == [@1 t]] S Z 5 (44)

which in turn yields

T
E <<\/ 172,t> (W%:twl,t - w2T7*W1,*) 7w§t \/Z— ®© (1 - 511t)91,t> | ft] ‘
1t
G
<n(1 — Bry) =2 |wi o — wi || E [[lgrell | F' . (45)

Note that in (44), we assume that [0 ], is nonzero on the 4y, coordinate. On the other hand,
if [014]; is zero on the iy, coordinate, then it implies [g1;], = 0 for j =1,2,--- ¢t on the iy,
coordinate, which in turn yields [g; ], = 0. Thus, (45) directly follows. Then, based on step 4
in Algorithm 3, we obtain

T
\/ U n
" << U27t> (WQT’twl’t - WQT»*WL*) ’WQT,t \/m ©1- Bllt)gl,t> | }—t]
aG
:77(1 - /Bllt) 2,00 wathyt — w%:*W2,* ]E |:H (wftal (WQ’tZt) o yt) 0y ((,UQ’tZt) H | fti|
“n(l — aGooo || T T N -
_77( Bllt) Hw1,tw2,t W1 W2 x E Hthm (wuz ) W1 401 (WQ,*Z )’ | }
B [[loz (w2r2") || | 7]
— _ OéGZ,oo T T T o7 . .
=n(1 = Bi1t) HWLth,t W1 W2, p‘(wl’th,t wL*w?,*) > |,0 kuz H
aG
=n(1 — Bi1r) 2,00 leT,th,t — Wf*wl* 2 !(Wftht — Wf*wZ*) zt‘ wath
oo 2 o gone — o omal | 121
<L = Buu) 22 0 g | (T et — W] s o2t) N2~ Bl LT
| 7 |wl w2t — Wl ws 2t
Gooo(l —
§2770é 2,00( /Bllt) E |:lt | fti| . (46>

[L COS €
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The last inequality follows by applying conditions 3 and 4 in Assumption 2. Next, Let us
deal with the term in (37). Based on step 7 in Algorithm 3, we observe

T
T T
2/ 2/~ N t
< (\/ Vg © w2,t> w1 — (\/ Vo © wz,*> W1 %5 ( — © m2,t> wl,t> | F
Vot

=nkE [<wgtw1,t - WzT,*Wl,*, mg:twl,t> | th]
=nkE [<W2 (Wi — wa w1, (Braema—1 + (1 — Biae) g, )" wr t> | ]—“}

=n [Bth <W27tw1,t - OJQT,*WL*, mgt_1w1t> + (1 = Brat) <W§twl,t - w%:*wl,*, E [93} | ft} wl,t>]

T T T
=n12t <w27tw1¢ — Wo W1k, mg,t_1w1t> +n (1 = Bia)

T
(s = whone (B[ () =) e (02 () 17]) )

=nPia (wthwm — Wi W2 k) Mg, Wiy (47)

+np* (1 — Biaz) <w2 Wit — w;*wL*, (wftwgytzt — wf*wZ*zt) ztwftw17t> ) (48)

The last equality holds true due to (17) in Lemma 4. By using the fact that wy i, wo s, w1 4, wo .
and mgo,_1 are all bounded, for the term in (47), there exists a constant Mj such that

[nBr2e (Wi oy — wi ,wo ) My, _wie| < nB12eMs. (49)

At the same time, by inserting (15) from Lemma 3 into (48) we get

np® (1 — Biar) <w2Ttw1 ;= wZT’*wL*, (WfthtZt — wf*w27*zt) ztw{’twlﬁ
=np*(1 = Prar) (wiwa2’ — wi ,wa,2") (W] woy — wi ,wa ) 2wy jwi
=2(1 = Bua) [lwr oI E [1 | F]
>2(1 = Bron)n lwnal " E [l | F1 . (50)

By inserting (40),(43),(46), (49), and (50), into (35) we obtain
E [lt | fﬂ ((1 — Bi1) HthH2 _ aGaoo(l — Bm))

[L COS €
g
Ui

T T 2
4/ 4/~
(\/ U2 © wz,t+1> W1+l — (\/ Uy © WQ,*) W1 %

T T
4/ 4/~
H (\/ Vgt © w2,t> N (\/ Vgt © wz,*> W1 %

2 (B11: M + ProeM3) + nM;.

Since |lwy || = \/[% + &)/ (1= i) = \/[% + :ﬁi:)} / (1 — B121), which in turn yields

2 ((1 — Bi21) ||C01,t||2 - Gzl = Bllt)) > 1.

L COS €
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Therefore, by recalling the law of iterated expectations and summing up all loss functions for
t:pap+1a 7p+T7 we get

T+p 1 p+T T T 2
Z E ] < 5 Z {E H (\4/ U2 © w2,t+1) Wi t41 — (\4/ Dot © w2,*> W1 % ]
t=p t=p
_ T _ T 2
—E <\4/U2,t ® W2,t> Wi — (\4/ Dy © wz,*> W1,
p+T
+2 Z (Br1ieMa + BroeMs) + T, (51)
t=p

Applying the definition of ;1; and (1; implies

p+T p+T
Z (Br1eMy + BrosM3) = Z (ﬂ1117§M2 + 51217§M3)
t=p t=p
p+T p+T
=511 M> Z Vi + Bra1 M3 Z 8

t=p t=p

M. M.
L < B My n Piz21 3
L—m 1=

(52)
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Since z € R?, we notice that o, € R¥?. Applying Lemma 5 yields

p+T i T T 2
E U9 Ow w — (/D9 Ow w
2.t 2,641 1,t+1 2. 2% 1%
t=p L
T T 2
4 /. 4/~
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t=p L i=1
d
j : [ T T 2
i=1 !
d T+p d
~ — 2
=K E [\/vg,p} [wQ PW1p — Wo *wl,*] + E E E |:\//U2’t:|i [wuwu — wl*wl,*]i
i=1 t=p+1 i=1
d
= T T 2
—-E g [ 712,1:—1} ) [Wz,twl,t - wg,*wl,*]i
i=1 !
= 2
=K E , [\/ U2,p] [w2 pWlp — Wo *wl,*]
(A
=1
T+p d
~ T T 2 ~ T T 2
+ E E {E H\/ U2,t]i [%,twl,t - Wz,*wl,*L - [\/ U2,t—1L [Wz,twl,t - wz,*wl,*]i]}
t=p+1 =1
d
=K E [\/ ?72,4 wapwip — Wi w1 4]
i=1 !
T+p d
= = T T 2
+ E E E |:|:<\/ V2t \/ U27t71):|i [w27t(ﬂ1,t wQ’*wL*}i} ) (53)
t=p+1 i=1

where [\ oy ; represents the 4, element on diagonal in matrix v, and [wQT Wi — w2T *WL*}
represents the iy, coordinate in vector wi,wi; — wi Wy .. Since wy 4, way,wr . and wo, are all

%

bounded for any t, e.g. ’[ngtwl,t — wg’*wly*]?’ < Wu and 09y > U241 due to the fact that
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U9 > Ugy—1, (53) can be further simplified as

p+T B
T T
4 /5 4 /
g E <\/ (¥RO) w2,t+1> W1t4+1 — (\/ Vgt © w2,*) W1 %

|
T+p 2] }

aw 38 [V |+ we 3 S [[(V - Vi)

W ZEH v2p+TH. (54)

Substituting (52) and (54) in (51) gives

—-E

T T
4 /N 4 /2
' (\/ Vg © OJQ,t) Wit — <\/ Vgt O W2,*> W1,

T+p

ZElt | < W ZEH ““*TH”(ﬁfl_l]\,ff 5112_172>+T77M1:(9(\/T). (55)

The last equality uses the definition of n = “=. The desired result in Theorem 2 follows
directly from (55) since it holds for any p. [

S
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