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Abstract

In this paper, we propose a practical online method for solving a class of dis-
tributionally robust optimization (DRO) with non-convex objectives, which has
important applications in machine learning for improving the robustness of neural
networks. In the literature, most methods for solving DRO are based on stochastic
primal-dual methods. However, primal-dual methods for DRO suffer from several
drawbacks: (1) manipulating a high-dimensional dual variable corresponding to
the size of data is time expensive; (2) they are not friendly to online learning where
data is coming sequentially. To address these issues, we consider a class of DRO
with an KL divergence regularization on the dual variables, transform the min-
max problem into a compositional minimization problem, and propose practical
duality-free online stochastic methods without requiring a large mini-batch size.
We establish the state-of-the-art complexities of the proposed methods with and
without a Polyak-f.ojasiewicz (PL) condition of the objective. Empirical studies
on large-scale deep learning tasks (i) demonstrate that our method can speed up
the training by more than 2 times than baseline methods and save days of training
time on a large-scale dataset with ~ 265K images, and (ii) verify the supreme
performance of DRO over Empirical Risk Minimization (ERM) on imbalanced
datasets. Of independent interest, the proposed method can be also used for solving
a family of stochastic compositional problems with state-of-the-art complexities.

1 Introduction

Distributionally robust optimization (DRO) has received tremendous attention in machine learning due
to its capability to handle noisy data, adversarial data and imbalanced classification data [42, 33, 4].

Given a set of observed data {z1, ..., z,}, where z; = (x;,y;), a DRO formulation can be written
as:
Inin, max Fy(w) =3 pil(w;zi) = h(p, 1/n) + r(w), (1)

i=1

where w denotes the model parameter, A, = {p € R" : > .p; = 1,p; > 0} denotes a n-
dimensional simplex, ¢{(w; z) denotes a loss function on data z, h(p,1/n) is a divergence measure
between p and uniform probabilities 1/n, and r(w) is convex regularizer of w. When ¢(w; z) is
a convex function (e.g., for learning a linear model), many stochastic primal-dual methods can be
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employed for solving the above min-max problem [35, 20, 49, 48, 32]. When ¢(w; z) is a non-convex
function (e.g., for learning a deep neural network), some recent studies also proposed stochastic
primal-dual methods [41, 48].

However, stochastic primal-dual methods for solving DRO problems with a non-convex ¢(w; z) loss
function (e.g., the predictive model is a deep neural network) suffer from several drawbacks. First,
primal-dual methods need to maintain and update a high-dimensional dual variable p € R" for
large-scale data, whose memory cost is as high as O(n) per-iteration. Second, existing primal-dual
methods usually need to sample data according to probabilities p in order to update w, which brings
additional costs than random sampling. Although random sampling can be used for computing
the stochastic gradient in terms of w, the resulting stochastic gradient could have n-times larger
variance than using non-uniform sampling according to p (please refer to the supplement for a simple
illustration). Third, due to the constraint on p € A,,, the min-max formulation (1) is not friendly to
online learning in which the data is received sequentially and n is rarely known in prior.

Can we design an efficient online algorithm to address the DRO formulation (1) without dealing
with p € R" for a non-convex objective that is applicable to deep learning?

To address this question, we restrict our attention to a family of DRO problems, in which the KL
divergence h(p,1/n) = A", p; log(np;) is used for regularizing the dual variables p, where A > 0
is a regularization parameter. We note that this consideration does not impose strong restriction
to the modeling capability. It has been shown that for a family of divergence functions h(p,1/n),
different DRO formulations are statistically equivalent to a certain degree [12]. The proposed method
is based on an equivalent minimization formulation for 2(p,1/n) = X", p; log(np;). In particular,
by maximizing over p exactly, (1) is equivalent to

min {de(w) = Alog <1/nZexp(€(w;zi)/A))) + T(W)}. (2)

weRd

In an online learning setting, we can consider a more general formulation:

min {de(w) = Aog (E, exp (¢(w;2)/N)) + T(W)}. (3)

weRd

The above problem is an instance of stochastic compositional problems of the following form:
min F(w) := f(Es[gz(w)]) + 7(w), 4)
weR?

by setting f(s) = Alog(s),s > 1 and g,(w) = exp(¢(w;z)/)\). Stochastic algorithms have been
developed for solving the above compositional problems. [44] proposed the first stochastic algorithms
for solving (4), which are easy to implement. However, their sample complexities are sub-optimal for
solving (4). Recently, a series of works have tried to improve the convergence rate by using advanced
variance reduction techniques (e.g., SVRG [19], SPIDER [13], SARAH [36]). However, most of them
require using a mega mini-batch size in the order of O(n) or O(1/¢)? at every iteration or many
iterations for updating w, which hinders their applications on large-scale problems. In addition,
these algorithms usually use a constant step size, which may harm the generalization performance.

This paper aims to develop more practical stochastic algorithms for solving (3) without suffering from
the above issues in order to enable practitioners to explore the capability of DRO for deep learning
with irregular data (e.g., imbalanced data, noisy data). To this end, we proposed an online stochastic
method (COVER) and its restarted variant (RECOVER). We establish a state-of-the-art complexity
of COVER for finding an e-stationary solution and a state-of-the-art complexity of RECOVER under
a Polyak-Lojasiewicz (PL) condition of the problem. PL condition has been widely explored for
developing practical optimization algorithms for deep learning [52]. Compared with other stochastic
algorithms, the practical advantages of RECOVER are:

1. RECOVER is an online duality-free algorithm for addressing large-scale KL regularized
DRO problem that is independent of the high dimensional dual variable p € R", which
makes it suitable for deep learning applications.

3¢ is either the objective gap accuracy F(w) — min F(w) < ¢ or the gradient norm square bound
IVE(w)|I* < e



Table 1: Summary of properties of state-of-the-art algorithms for solving our DRO problem. The
sample complexity is measured in terms of finding an e-stationary point w/o PL condition, i.e.,
|[VEF(w)||? < e, or achieving e-objective gap, i.e, F/(w) — miny, F(w) < € with PL condition. O
omits a logarithmic dependence over €. n represents the size of datasets for a finite sum problem, d
denotes the dimension of w. GDS represents whether the step size is geometrically decreased.

Settings Algorithms Sample Complexity | batch size | GDS n Meclgs(iry Style
PG-SMD2 [41] O(n/e+1/€%) o(1) X O(n+d) | Primal-Dual
ASC-PG [45] O(1/€%) o(1) X o(d) Compositional
w/o PL . i,
CIVR [53] 0(1/63/?) O(1/e) X O(d) Compositional
COVER (This paper) 0(1/e3/?) 0o(1) X O(d) Compositional
Stoc-AGDA [50] O(1/p%e) o(1) X O(n+d) | Primal-Dual
w/ PL PES-SGDA [15] O(1/p?e) o(1) v O(n+d) | Primal-Dual
RCIVR [53] O(1/pe) O(1/e) X O(d) Compositional
RECOVER (This paper) O(1/pe) O(1) v O(d) Compositional

2. RECOVER also enjoys the benefits of stagewise training similar to existing stochastic
methods for deep learning [52], i.e., the step size is decreased geometrically in a stagewise
manner.

In addition, this paper also makes several important theoretical contributions for stochastic non-convex
optimization, including

1. We establish a nearly optimal complexity for finding e-stationary point, i.e., | VE (w)|? < e,

for a class of two-level compositional problems in the order of O(1/¢3/2) without a large
mini-batch size, which is better than existing results [44, 45, 14, 5].

2. We etablish an optimal complexity for finding e-optimal solution under an p1—PL condition
for a class of two-level compositional problems in the order of O(1/(ue)) without a large
mini-batch size, which is better than existing results [53].

A theoretical comparison between our results and existing results is shown in Table 1. Empirical
studies vividly demonstrate the effectiveness of RECOVER for deep learning on imbalanced data.

2 Related Work

DRO has been extensively studied in machine learning [31, 11, 40], statistics, and operations re-
search [42]. In [33], the authors proved that minimizing the DRO formulation with a quadratic
regularization in a constraint form is equivalent to minimizing the sum of the empirical loss and
a variance regularization defined on itself. Variance regularization can enjoy better generalization
error compared with the empirical loss minimization [33], and was also observed to be effective for
imbalanced data [33, 56]. Recently, [12] also establishes this equivalence for a broader family of
regularization function h(p, 1/n) including the KL divergence.

Several recent studies have developed stochastic primal-dual methods for solving DRO with a non-
convex loss function ¢(w; z) assuming it is smooth or weakly convex [41, 26, 30, 48]. [41] proposed
the first primal-dual methods for solving weakly convex concave problems. For online problems,
their algorithms for finding an e-stationary solution whose gradient norm square is less than € have
a sample complexity of O(1/e?) or O(1/¢®) with or without leveraging the strong concavity of
h(p,1/n) for finding an e-stationary point. Recently Liu et al. [28] proposed to leverage the PL
condition of the objective function to improve the convergence for a non-convex min-max formulation
of AUC maximization. Then, a PES-SGDA algorithm is proposed to solve a more general class of
non-convex min-max problems by leveraging the PL condition [15]. Both [28] and [15] have used
geometrically decreasing step sizes in a stagewise manner. However, their algorithms’ complexity is
in the order of O(1/u%€), which is worse than O(1/pe€) achieved in this paper. Similarly, [50] also
leveraged PL conditions to solve non-convex min-max problems and has a sample complexity of
O(1/1%¢). Nevertheless, the step size of their algorithm is decreased polynomially in the order of
O(1/t), which usually yields poor performance for deep learning.

All the methods reviewed above require maintaining and updating both the primal variable w and a
high dimensional dual variable p € R”. Recently, Levy et al. [23] considered different formulations



of DRO, which includes our considered KL-regularized DRO formulation as a special case. Their
assumed that the loss function is convex and proposed a stochastic method with a sample complexity
O(1/€3) for sovling the KL-regularized DRO formulation. In contrast, we provide a better sample
complexity in the order of O(1/¢) under a PL condition without convexity assumption. Additionally,
their method requires a large batch size in the order of O(1/¢), while our method only requires a
constant batch size which is more practical. We also notice that a recent work [24] and its extended
version [25] have considered a formulation similar to (2) and proposed a stochastic algorithm.
However, their algorithm has a slower convergence rate with an O(1/€?) complexity for finding an e-
stationary point and an O(1/(u?¢)) complexity for finding an e-optimal solution under a PL condition.
Our work is a concurrent work appearing online earlier than [24]. To the best of our knowledge, this
is the first work trying to solve the non-convex DRO problem with a duality-free stochastic method
by formulating the min-max formulation into an equivalent stochastic compositional problem.

There are extensive studies for solving stochastic compositional problems. [44] considered a more
general family of stochastic compositional problems and proposed two algorithms. When the
objective function is non-convex, their algorithm’s complexity is O(1/¢7/2) for finding an e-stationary
solution. This complexity was improved in their later works [14], reducing to O(1/€?). When the
objective is smooth, several papers proposed to use variance reduction techniques (e.g., SPIDER,
SARAH) to improve the complexity for finding a stationary point [53, 18, 55, 27]. The best sample
complexity achieved for online problems is O(1/ 3/ 2) [53, 55]. [53] also considered the PL
condition for developing a faster algorithm called restarted CIVR, whose sample complexity is
O(1/pe). However, these variance reduction-based methods require using a very large mini-batch
size at many iterations, which has detrimental influence on training deep neural networks [43]. To
address this issue, [9] proposed a new technique called STORM that integrates momentum and
the recursive variance reduction technique for solving stochastic smooth non-convex optimization.
Their algorithm does not require a large mini-batch size at every iterations and enjoys a sample
complexity of O(log?®(1/€)/€3/2) for finding an e-stationary point. However, their algorithm uses
a polynomially decreasing step size, which is not practical for deep learning, and is not directly
applicable to stochastic composite problems.

3 Preliminaries

In this section, we provide some definitions and assumptions for next section. For more generality,
we consider the stochastic compositional problem (4):

v{,réi]gd F(w) = f(Ez[gz(W)]) + (W) (%)

where g,(w) : R? — RP. Define g(w) = E,[g,(w)]. Let | - || denote the Euclidean norm of a
vector or the Frobenius norm of a matrix. We make the following standard assumptions regarding the
problem (5).

Assumption 1. Let Cy, Ly, Cy and Ly be positive constants. Assume that

(a) f:RP = Risa Cy-Lipschitz function and its gradient V f is L j-Lipschitz.

(b) gz : R* — R satisfies B g,(w1) — gz(w2)||?] < CZ|lwy — ws||? for any w1, w and its
Jacobian NV g, satisfies E[||Vg,(W1) — Vga(w2)[]?] < LZ[[w1 — wa?.

(c) 7: R* — R U {oo} is a convex and lower-semicontinuous function.

(d) F, =infy F(w) > —oc and F(wy) — F. < Ap for the initial solution w1.

Remark: When f(s) = s is a linear function, the assumption E||g,(w1) — g.(w2)[|?] < C2|lw; —
wy||? is not needed. To upper bound continuity and smoothness of function F, we denote L =
2max{L,CyLs,CsCyLy,C}, LyCy,CoLy,Cy,CyLy, CF,C5,CoL%} for simple derivation in
the appendix.

Assumption 2. Let 04 and o4 be positive constants and o? = 0’3 + 03,. Assume that

E.[llgz(w) — g(W)|I’] < 03, E,[[[Vga(w) — Vg(w)[*] < 3.

Remark: We remark how the minimization formulation of DRO problem (3) can satisfy Assump-
tion 1, in particular Assumption 1(a) and (b). In order to satisfy Assumption 1(b), we can define a



bounded loss function £(w, z) € [0, £max] and then use a shifted loss £(w; z) — yax in (3). Then
9z(W) = exp(({(w;2z) — lmax)/A) is Lipchitz continuous and smooth if ¢(w;z) is Lipchitz and
smooth. f(s) = Alog(s) is Lipschitz continuous and smooth since s > exp(—fmax/N).

For more generality, we allow for a non-smooth regularizer r(-) in this section. To handle non-
smoothness of r, we can use the proximal operator of r: prox!(w) = arg miny, % ||w—w||?+nr(w).
When r = 0, the above operator reduces to the standard Euclidean projection. Correspondingly, we
define the proximal gradient measure for the compositional problem (5):

Gl(w) = %<w ~ prox!(w — 7V g(w) TV f(g(w)))).

When r = 0, the proximal gradient reduces to the standard gradient measure, i.e., G, (w) = VF(w).
To facilitate our discussion, we define sample complexity below.

Definition 1. The sample complexity is defined as the number of samples z in order to achieve
E[||G,(w)||?] < € foracertainn > 0 or E[F(w) — F.] < e.

4 Basic Algorithm: COVER

We present our Algorithm 1,which serves as the foundation for proving the the convergence of the
objective gap under a PL condition in next section. The convergence results in this section might be of
independent interest to those who are interested in convergence analysis without a PL condition. The
motivation is to develop a stochastic algorithm with fast convergence in terms of gradient norm. We
refer to the algorithm as Compositional Optimal VariancE Reduction (COVER). It will be clear shortly
why it is called optimal variance reduction. Note that in order to compute a stochastic estimator of
the gradlent f(g % given by Vg(w) TV f(g(w)), we maintain and update two estimators denoted
by {u}’_, and {v} 1 sequence, respectively. The {u;}7_, sequence maintains an estimation of
{g(w:)};_; and the {vt}tf1 sequence maintains an estimation of {Vg(w;)}._;. The strategy of
maintaining and updating two individual sequences was first proposed in [44] and has been widely
used for solving compositional problems [55, 53]. However, the key difference from previous
algorithms lies in the method for updating the two sequences. COVER is inspired by the STROM
technique [9]. To understand the update let us consider update that applied to the DRO problem (3)

by let f(-) = Alog(-), ga(-) = exp(=5~ iz) )) and ignoring r for the moment. Plugging the gradient of
f(-) and g,(+), we have
1

Wir1 = Wi — m;w
t

e )\ Gt 701),

where u; becomes a scalar, which is an online variance-reduced estimator of E,[exp(£(w;2)/M)],
and v; is a scaled version of v;, which is an online variance-reduced estimator of
E,lexp({(we;2)/A) VE(we; z)).

Finally, we notice that a similar method for updating the u; sequence for estimating g(w) has been
adopted in a recent work [6]. However, different from the present work they just use an unbiased
stochastic gradient to estimate V g(w;), which yields a worse convergence rate.

Vi1 = exp( )VUWit1;2041) + (1 — arg1) (Ve — exp(

4.1 Convergence of Proximal Gradient

In this section, we present the convergence result of COVER.

Theorem 1. Assume the Assumption I and 2, for any C > 0, k = Lz/s c=128L + o2 /(TLK?),

w = max((16Lk?), 202, (££)3), and n, = k/(w + o*t)'/3. The output of COVER satisfies

~ (A o?
EllGn. (wi. )1 < 0 (735 + 7775 )

where t, is sampled from {1, ... ,T}.

(6)

Remark: Theorem 1 implies that with a polynomially decreasing step size, COVER is able to find an
e-stationary point, i.e., E[||G,,. (w¢,)||?] < € for a regularized objective and E[|VF(w)||?] < € fora




Algorithm 1: COVER (w1, uy, vy, {n:}, T, PL = False)

: Letay = cn?

1
2: if not PL then
3:  Draw a samples z and construct the estimates: u; = g,(wy), vi = Vg, (wq)
4: end if
5:fort=1,...,T—1do
6: Wil < proxﬂt (Wt — ntVtTVf(ut))
7:  Draw a samples z;, and update
W1 = gy (Wet1) + (1 = apg1) (W = Gz, (W1))
Virr = Vg, (Wep1) + (1 — app1) (Ve — Vg, (W)
8: end for
9: Return: (w,, u,, v,) for randomly selected 7 € {1,...,T}.

non-regularized objective, with a near-optimal sample complexity 5(63%) Note that the complexity

5(1 /€3/?) is optimal up to a logarithmic factor for making the (proximal) gradient’s norm smaller
than € in expectation for solving non-convex smooth optimization problems [2].

5 A Practical Variant (RECOVER) under a PL condition

The issue of COVER is that the polynomially decreasing step size is not practical for deep learning
applications and obstacles its generalization performance [52]. A stagewise step size is widely and
commonly used [17, 22, 52] for deep learning optimization. To this end, we develop a multi-stage
REstarted version of COVER, called RECOVER, which uses a geometrically decreasing step size in
a stagewise manner. In oder to analyze RECOVER, we assume the following PL condition of the
objective with a smooth regularization r term [52].

Assumption 3. F(w) satisfies the u-PL condition if there exists . > 0 such that
2u(F(w) — min F(w)) < IVF(w)]?. )

In the following, we simply consider the objective F(w) = f(E,[g,(w)]), where r(-) is absorbed
into f(E,[g,(w)]). As aresult, G, (w) = VF(w).

Although the PL condition has been considered in various papers for developing stagewise algorithms
and improving the convergence rate of non-convex optimization [53, 52, 28, 15]. In order to establish
the improved rate, we have innovations in twofold (i) at the algorithmic level, we utilize the variance
reduction techniques at the inner and outer level without using mega large mini-batch size at any
iterations; (ii) at the analysis level, we innovatively prove that the estimation error of the two
sequences, u and v, are decreasing geometrically after a stage (Lemma 3). These innovations at two
levels yield the optimal convergence rate in the order of O(1/(ue)).

5.1 Theoretical Verification of PL. Assumption for KL-regularized DRO

Before presenting the proposed algorithm and its convergence, we discuss how the Fy,., can satisfy
Assumption 3. First, we note that a PL condition of the weighted loss implies that of the primal
objective.

Lemma 1. Let Fyp(w) = >0 | pil(w;z;). If for any p € A, Fp(W) satisfies a p-PL condition,
then Fypo(w) = Xog(+ 3, exp(£(w; z;)/\)) satisfies the ji-PL condition.

Remark: The assumption that the weighted loss satisfies a PL condition can be proven for a simple
square loss £(w;z;) = (W' x; — y;)2, where z; = (x;, ;) consists of a feature vector x; and a label
y;. In order to see this, we can write Fj,(w) = Y7 (W' x;1/p; — yi/Pi)? = ||Aw — b||?, where
A = (X1/P1,- - Xny/Pn) b = (Y1\/P1,---,Yny/Pn) . It has been shown in many previous
studies that such Fp(w) satisfies a PL condition [47, 51, 34]. Hence, the above lemma indicates
Fy.o(w) satisfies a PL condition.



We can also justify that Fy,.,(w) satisfies a PL condition for deep learning with ReLU activation
function in a neighborhood around a random initialized point following the result in [1].

Lemma 2. Assume that input {(x1,y1), ..., (Xn, Yn)} satisfies ||x;|| = 1 and ||x; —x,|| > 9, where
x, € R, y; € R% and lyill < O(1). Consider a deep neural network with h; o = ¢(Ax;), hiy =
d(Wihii—1),l = 1,. ,L,j; = Bh, .., Where A € RExd 1, ¢ Rixd2 B ¢ Rdoxdz 4 js
the ReLU activation functlon and €(W z;) = (§; — yi)? is a square loss. Suppose that for any
W, pf = exp(l(W;2z;)/N)/ > exp(l(W;z;)/X) > po > O, then with a high probability over
randomness of Wo, A, B for every W with ||W — Wo|| < O(1/poly(n, L, py ', 6~1), there exists a
small p > 0 such that |V Fy.o(W)||% + O(€) > (Faro(W) — miny Fy.o(W)).

Remark: The O(e) term in the left side of the PL condition is caused by using the covering net
argument for proving the high probability result. Nevertheless, it does not affect the final convergence
rate.

5.2 Theoretical Analysis of RECOVER

Now, we are ready to present the proposed algorithm under the PL condition and its convergence
result. The algorithm is described in Algorithm 2.

The first key feature of RECOVER is equipped with the practical geometrical decreases step size
between stages. At each stage, we adopt a constant step size 7, rather than the polynomial decreases
step size used by COVER as in Theorem 1. Another key feature of RECOVER is that it uses not
only wy, for restarting but also uy, vy, the corresponding online estimator of g(wy) and Vg(wy),
for restarting the next stage. It is this feature that allows us to avoid the large batch size required in
other variance reduction methods to achieve the optimal sample complexity. With this feature, we
can show that the variance of uy, vy, is decreased by a constant factor stagewisely as shown in the
following lemma.

Ve L
64;1L 2co ’16L} Ty =

O(max{ 3/926;";]4, 2652; ,oF £1), the variance of the stochastic estimator of Algorithm 2 at wy,

Lemma 3. Define constants ¢, = -2~ and ¢, = €1 /2", with n; = min{

satisfies:
Elllux — g(wi) 1> + Ivie = Vg(wi))[*] < pep. ®)

With the above lemma and the convergence bound for E[||V F (w,)||?] at the k-th stage, we can show
that the objective gap E[F (wy) — F,] is decreased by a factor of 2 after each stage under the PL
condition. Hence, we have the following convergence for RECOVER.

Theorem 2. Assume that assumption 1,2,3 hold. Define constants €1 = L4 and €, = €1/ k-1,

64#

By setting n, = min{ Vg;’“L, 16%}, T = O(max{ S?ZG%L, ﬁi;’;k, Fh),e= 104L2, then after

K = O(log(e1/€)) stages, the output of RECOVER satisfies E[F (wk) — Fy] < e.

Remark: It is not difficult to derive the sample complexity of RECOVER is O (max{ W7 i)) =

O(L) for e < pu. Tt is notable this complexity is optimal for the considered general stochastic
e

compositional problem, which includes stochastic strongly convex optimization as a special case,
whose lower bound is O(1/(ue€)) [16].

In addition, it is notable that the proposed multi-stage algorithm is very different from many other
multi-stage algorithms for non-convex optimization that are based on the proximal point framework [7,
48, 41, 15]. In particular, in these previous studies, a quadratic function v/2||w — wy_1]|? with
an appropriate regularization parameter +y is added into the objective function at the k-th stage in
order to convextify the objective function. In RECOVER, no such regularization is manually added.
Nevertheless, we can still obtain strong convergence guarantee.

6 Experimental Results

We focus on the task of classification with imbalanced data in our experiments. Firstly, we compare
RECOVER with five State-Of-The-Art (SOTA) baselines from two categories: (i) primal-dual
algorithms for solving the primal-dual formulation of DRO (1), and (ii) algorithms that are designed



Algorithm 2: RECOVER(wy, €q, ¢)

1: Initialization: Draw a sample z, and construct the estimates ug = g,,(Wo), vo = Vg, (Wo)
cfork=1,..., Kdo

(Wi, ug, vi) = COVER(Wy_1, U1, Vi1, Mk, Tk, True)

change 7y, T}, according to Theorem 2

end for

: Return: wg

AR ANE A b

for the stochastic compositional formulation of DRO (3). Secondly, we verify the advantages of
DRO over Emperical Risk Minimization (ERM) for imbalanced data problems by comparing the
test accuracy learned by optimizing DRO using RECOVER and optimizing ERM using SGD on the
imbalanced datasets. Then we show the RECOVER is also an effective fine-tuning algorithm for
large-scale imbalanced data training. The code for reproducing the results is released here [39].

6.1 Comparison with SOTA DRO Baselines

We compare RECOVER with five baselines: Restarted CIVR [53] (RCIVR), ASC-PG [45], Stoc-
AGDA [50], PG-SMD2 [41] and PES-SGDA [15]. RCIVR and ASC-PG are the state-of-the-art
algorithms for solving stochastic compositional problems. RCVIR uses variance reduction techniques
and leverages the PL condition, while ASC-PG does neither. Stoc-AGDA and PG-SMD?2 are the
primal-dual algorithms with and without leveraging the PL condition explicitly, respectively. PES-
SGDA is a variant of PG-SMD2 and was proposed by leveraging the PL condition for achieving
faster convergence. Please note that ASC-PG and Stoc-AGDA use polynomially decreasing step
sizes, RECOVER, PG-SMD2 and PES-SGDA use stagewise decreasing step size, and RCIVR uses a
constant step size. The parameters of each algorithm are appropriately tuned for the best performance.
All the algorithms are implemented using Pytorch and run on GeForce GTX 1080 Ti GPU.

We conduct experiments on four datasets, namely STL10 [8], CIFAR10, CIFAR100 [21], and
iNaturalist2019 [46]. The original STL10, and CIFAR10, CIFAR100 are balanced data, where STL10
has 10 classes and each class has 500 training images, CIFAR10 (resp. CIFAR100) has 10 (resp. 100)
classes and each class has 5K (resp. 500) training images. For STL10, CIFAR10 and CIFAR100,
we artificially construct imbalanced training data, where we only keep the last 100 images of each
class for the first half classes. iNaturallist2019 itself is an imbalanced dataset that contains 265,213
images with 1010 classes. We train ResNet-20 on STL10, CIFAR10, CIFAR100, and Inception-V3
on iNaturalist2019.

For fair comparison, we use the same constant batch size b for all methods except for RCIVR in
which the inner loop batch size b’ and outer loop batch size By are hyperparameters that relate
to convergence. We use the constant batch size b = 128 on CIFAR10, CIFAR100, and b = 64 on
iNaturalist2019, and b = 32 on STL. For RCIVR, both the fixed inner loop batch size b' and the
initial outer loop batch size By are tuned in {32, 64, 128}. The outer loop mini-batch size By is also
increased by a factor of 10 per-stage according to the theory.

For RECOVER, the initial step size 79 and the momentum parameter ag at the first stage are tuned
in {0.1,0.2,...,1}, and 7y, is divided by 10 after each stage and ay, is updated accordingly. For
RCIVR, the constant step size is tuned € {0.1,0.2,--- , 1}. For the ASC-PG, the step size is set
to be n = ¢p/t%, and the momentum parameter is set to be 8 = 2¢y/ t?, where ¢g is tuned from
0.01 ~ 1 and a, b are tuned ranging from 0.1 to 0.9 by grid search, ¢ is the number of iterations.
For Stoc-AGDA, the step size for primal variable is set to be 81 /(71 + t) and the step size for dual
variable p is set to be B2 /(72 +1). B1, B2 are tuned in [10~1, 1,10, 102, 500, 10%] and 71, 7 are tuned
in [1, 10,102,500, 103]. For PES-SGDA and PG-SMD2, the algorithm have multiple stages, where
each stage solves a strongly-convex strongly-concave subproblem, and step size decrease after each
stage. For PES-SGDA, the number of iteration per-stage is increased by a factor of 10 and step sizes
for the primal and the dual variables are decreased by 10 times after each stage, with their initial
values tuned. In particular, 7); (for primal variable) is tuned in {0.1,0.2, - - - 1} and 7 (for the dual
variable) is tuned in {1075, 10%, 1073}, Ty (the number of iterations for the first stage) is tuned in
{5, 10, 30,60} %, where n is the number of training examples.
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Figure 1: Testing accuracy (%) vs running time
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Figure 2: Testing accuracy (%) vs # of processed training examples

Table 2: Test accuracy (%), mean (variance), of SGD for ERM and RECOVER for DRO. Bold
numbers represent better performance.
STL10 CIFAR10 CIFAR100

IMRATIO | ——55p RECOVER | SGD RECOVER SGD RECOVER
0.02 37.97(0.78) 38.08 (0.59) | 65.36(0.64) 66.14 (0.48) | 38.99 (0.62) 39.45 (0.56)
0.05 41.12 (0.94)  42.68 (0.60) | 74.74 (0.71) 75.90 (0.33) | 45.79 (0.69) 44.47 (0.66)
0.1 46.03 (0.96) 48.94 (0.86) | 79.32 (0.42) 80.93 (0.31) 49.45 (0.5) 50.84 (0.86)
0.2 51.75 (1.14)  56.06 (1.26) | 84.84 (0.51) 85.93(0.14) | 55.80(0.74) 56.90 (0.42)

As we aim to compare the optimization for the same objective in this section, A is set to 5 both
in the compositional objective (3) and min-max formulation of (1) with regularizer h(p,1/n) =
A >~, pilog(np;). Following the standard training strategy, we run all algorithms 120 epochs and set
the time threshold 150 hours for early stopping on iNaturalist data.

We compare testing accuracy vs running time and vs the number of processed training examples
separately. We present the convergence of testing accuracy in terms of running time in Figure 1
and in terms of processed training examples in Figure 2. From the results, we can observe that: (i)
in terms of running time RECOVER converges faster than all baselines on all data except on the
smallest data STL10, on which PES-SGDA has similar running time performance as RECOVER. The
reason is that STL10 is the smallest data, which only has 3000 imbalanced training data samples and
hence PES-SGDA has marginal overhead per-iteration; (ii) when the training data size is moderately
large, the primal dual methods (PES-SGDA, PG-SMD2, Stoc-AGDA) have significant overhead,
which makes them converge much slower than RECOVER in terms of running time. On the large
iNaturalist2019 data, RECOVER can save days of training time; (iii) RECOVER is much faster than
RCIVR on all datasets; (iv) ASC-PG performs reasonably well but is still not as good as RECOVER
in terms of both running time and sample complexity. The convergence instability of ASC-PG verifies
the robustness of RECOVER for addressing the compositional problems.

6.2 Comparison between SGD and DRO.

We compare the generalization performance of DRO optimized by RECOVER with traditional ERM
optimized by SGD for imbalance multi-classification tasks on STL10, CIFAR10, CIFAR100. The
IMbalance RATIO (IMRATIO) is defined as the number of samples in the minority classes over
the number of samples in the majority classes. We mannually construct different training sets with
different IMRATIO, i.e., we only keep the last IMRATIO portion of images in the first half of classes.

Different from previous experiments, we tune  in a certain of range {1, 5, 10, 20, 100} by a cross-
validation approach and report the best testing results. Other parameters of RECOVER is tuned
according to the setting in previous experiments. We use ResNet-32 for CIFAR10, CIFAR100, and
ResNet-20 for STL10. For SGD, the step size is set as 19 in the first 60 epochs, and is decreased
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Figure 3: Left: Test Accuracy vs A on CIFAR10 data; Right: Test accuracy (%) of finetuned models
by different methods.

by a factor of 10 at 60, and 90 epochs following the practical strategy [17], where 7 is tuned in
{0.1,0.5,1} and 1 epoch means one pass of training data.

We report averaged test accuracy over 5 runs with mean (variance) in Table 2. We can see that DRO
with RECOVER achieves higher test accuracy with smaller variance over multiple runs on all datasets
than ERM with SGD. In addition, we report the results over 5 runs of different A on CIFAR10 with
different IMRATIO in Figure 3 (left). It is obvious to see that an appropriate regularization on the
dual variable can improve the performance.

6.3 Effectiveness of RECOVER as a Fine-tuning Method

Fine-tuning high level layers from a pertained model is widely used for transfer learning and is also
an effective method to update the models without increasing the computational cost too much when
receiving new samples. For this purpose, we demonstrate that DRO is a better objective than the
Cross Entropy (CE) loss and focal loss for fine-tuning on imbalanced datasets.

ImageNet-LT [29] and Places-LT [29] are two popular imbalanced data sets and are the Long-Tailed
(LT) version of ImageNet-2012 [10] and Places-2 [54] by sampling a subset following the Pareto
distribution [3] with the power value 6. ImageNet-LT has 115.8K images from 1000 categories, and
Places-LT contains 62.5K training images from 365 classes. The head class is 4980 images and the
tail class contains 5 images in both datasets.

To verify that DRO is a better objective and that RECOVER is an efficient optimization algorithm,
we compare the test accuracy of the model trained with different objectives: DRO, CE loss and focal
loss, where DRO is optimized by RECOVER and the other two losses are optimized by SGD. All
methods start from the same pretrained model. We apply the ImangeNet pretrained ResNet152 as the
pre-trained model for Places-LT. For ImageNet-LT, we train ResNet50 using CE loss for 90 epochs
following the standard training strategy proposed in [17] as the pre-trained model. We then fine tune
the last block of the convolutions layer and the classifier layer for 30 epochs by using RECOVER
for optimizing DRO and using SGD for optimizing ERM, respectively. The initial step size for
RECOVER and SGD are both tuned in 19 € {0.1,0.5,1}. For DRO, A is tunes in {1, 5, 10}.

The test accuracy over 3 runs with mean (variance) is reported in Figure 3 (right). It is clear to see
that DRO optimized by RECOVER outperforms ERM with the CE loss and focal loss optimized
by SGD more than 1(%) on both datasets. This vividly verifies the effectiveness of RECOVER as a
fine-tuning method on imbalanced data.

7 Conclusion

In this paper, we proposed a duality-free online method for solving a class of distributionally robust
optimization problems. We used a KL divergence regularization on the dual variable and transformed
the problem into a two-level stochastic compositional problem. By leveragmg a practical PL condition,
we developed a practical method RECOVER based on recursive variance-reduced estimators and
established an optimal sample complexity. Experiments verify the effectiveness of the proposed
algorithm in terms of both running time and prediction performance on large-scale imbalanced data.
An open question remains is how to solve the DRO problem with a KL constraint on the dual variable
by a pratical stochatic algorithm without maintaining and updating the high dimensional dual variable.
We plan to address this challenge in the future work.
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Appendix

Notations we refer the composmonal stochastic gradient estimator v,/ V f(u;) of COVER (Al-
gorithm 1) as d;, i.e., d; = v/ Vf(u;), where u;, w; are the two estimator sequences
maintained in COVER. The compositional stochastic variance introduced by d; as e =

— Vg(w;) TV £(g(w;)), the stochastic variance introduced by u; denoted as &,, = u; —
g(wy), the stochastic variance introduced by v; denoted as ey, = v, — Vg(wy). The

stochastic proximal gradient measure of COVER is G, (w;) = %(Wt+]_ —wy). And L =
2max{LyCyLys,CyCyLy,C%, LyCy,C2Lys,Cy, CyLy, C2,C2,C2L2}.

8 Illustration of Variance Introduced by p € R”

To see this, the variance of stochastic gradient in terms of w with random sampling is given by
Var, = 1/n370 |InpVE(w;2;) — Ve L(w, p)lI> = 3500, npf||VE(w; ) [|? — [VL(w, p)|%,
where L(w,p) = lel pi¢(w;z;). In contrast, the variance of stochastic gradient in terms of w with
non-uniform sampling according to p is given by Var,, = > | p;||Vl(w;2;) — Vw L(w,p)||? =
S pil|VE(w;z;)||2 — [[VL(w, p)||. Let us consider an extreme case when p; = 1,p; = 0,Vj #
i, we have Var, = (n — 1)||V{(w;z;)||?> > Var, = 0.

9 Proof of Section 4

Lemma 4. Suppose Assumption I and 2 hold, we have

Elle:|’] < 2C7E[llev, |I°] + 2C5LTE[llew, |I*]- ©)

Remark: Plugging the definition of L into it, we have E[||;]|?] < LE|||ey, ||?] + LE[||cu, ||?]

Proof.

E[|d: = Va(we) "V f(g(wo)|*] = Elllv, Vf(ur) = Vg(w:) TV f(g(we)))lI)
=E[||lv{ Vf(ue) = Vg(we) "V f(ur) + Vg(we) Vf(ur) = Vg(wi) TV f(g(we)))lI)
<2E[|[v/ Vf(ue) = Vg(we) "V f(ur) |°] + 2E[[Vg(we) "V (ur) = Va(we) "V f(g(we))]]
<2CFE[||lv — Vg(we) "[*] + 2C5E[[V £ (we) — V f(g(w:)) %]
<2CFE[|lv = Vg(we) T[] + 205 L3E[|u; — g(we)[%]
E[

=2C3E|||ev, [|*] + 2CZLIE[|lew, I?];

(10
where the first inequality is due to ||a + b||> < 2||a]|?> + 2||b||?, the second inequality is due to
the Cf-Lipschitz continuous of f, i.e., (wo)|I* < CJ%, and Cg-Lipschitz continuous of g, i.e.,

[Vg(w,)[|* < CZ. The third inequality is due to the L j-smoothness of f function. O

2 we have

j (we)

Lemma 5. For the two gradient mappings |G, (w)||?

E[lIGy(wo)|*] < 2E[lIGy (we)[|*] + 2E[[[Vg(w2) "V (g(w:)) — dul|],

! (11)
E[|Gy(we)[I*] < 2E[|[Gy(we)[[?] + 2E[||Vg(we) "V f(g(w:)) — dil|].

Remark: This lemma implies that

Ell[wei1 = wel*) = n°El|Gy(wo)[1*] < 20°E[l|Gy(we)|P] + 20 °E[[|[ Vg (we) TV (g(w:)) — ?igj]
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Proof. Denote that Wy 1 = prox!(w; — nVg(w;) "V f(g(w;))). Then we have ||w; — W;;1]|?> <
2|lwi — wii1]|? + 2[|wip1 — Wipr |2 By the definition of ||G,(w+)]|2, |G, (w¢)||%, we have

E[lIGy(we)|[?] < 2E[[IGy (w:)[|*] + %E[I\Wm — Wit ]?]
= 2E[||G, (w)[|?] + %E[HPNX?(M —nd¢) — prox](w; — nVg(w:) 'V f(g(w:))|?]

< 2E[[|G, (W) (1] + %E[HM —ndy — (W —nVg(we) "V f(g(w))]?]

= 2E[||Gy(w) 1] + 2E[[|Vg(we) "V f(g(we)) — dil], 03
where the second inequality is due to the non-expansive property of proximal mapping. Similarly, by
Wi —wir1]|? < 2|lwi —Wir1|? +2||wis1 — Weyp1]|?, following the same analysis as equation (13),
we would have the second inequality in Lemma 5. O

Lemma 6. Let sequence {x;} be generated by COVER and with n; < ﬁ forallt > 1, the following
inequality holds

377tL 3L

4

E[F(wiy1)] — E[F(w )]<—* G, (WolIP) + == Elllev, 1] + = ~Elllew, ”]. (14

Proof. Denote F(wyy1) = f(9(Wit1)) + r(weg1). First, show that f(g(w)) is smooth and

Vf(w) "V f(g(w)) has Lipschitz constant with Ly = CZLs + CyL,. For any two variables
w,w’ € R4

IVg(w) "V f(g(w)) = Vg(w') TV fg(w"))]

=[Vg(w) 'V f(g(w)) = Vg(w) TV f(9(w)) + Vg(w) Vf(g(w") = Vg(w') "V f(g(w))]
<[IVg(w) " VF(g(w)) - Vg< )TV F W)+ [Ve(w) TV F(g(w')) = Va(w') 'V F(g(w))]
<[[Vg(w )||||Vf(g(W)) VI gwWDI+ IV gw)DIVa(w) = Vg(w)

)
<CyLyllg(w) — oWl + LylIV f (W) [ w — W'l
<C2Lgllw —w'|| + LyCyllw —w'|| < Lijw —w'||

(15)
Then by above equation (15), we have

flg(wiy1)) +7(Wigr)
<flg(we)) + (Vg(we) "V (g(We)), Wes1 — we) + §||Wt+1 —wil|? + r(Weg)
<flg(wy)) +(de, Wepr — W) +7(Wip1)

L
+(Vg(w) TV f(g(we)) = dy, Wi — we) + §||Wt+1 — wy?

(@)

1 L
< flg(we)) +r(we) — Tm”WtH —wi|* + gHVQ(Wt)TVf(g(Wt)) —dy|]” + §||Wt+1 —wy?

Nt Nt Ln
=F(w1) + 5 [[Vg(wi) "V F(g(wi) = de]|* = (5 = = )IG(wa)[I*,
(16)
where the proof of (a) will be shown shortly after we derive the claimed result of this lemma. By the

setting 1y < 2 7 » taking expectation on both sides and in combination with Lemma 5, we have

E[F(wiy1) — F(wi)] < - z;t (G, (wo)lI*] + ntHVg(Wt)TVf(g(Wt))—dt||2~ (a7

Then applying the results of Lemma 4, we have the results.

Proof of (a): By the definition of w; ., = prox” (w, — nd;) = arg miny {3 ||w — (w; — ;) ||> +
nr(w)} = arg minw{%m lw — (w; — n:d¢)||? + 7(w)}. Then by the % strongly convexity of the
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quadratic function:
1 1 1
TmHWHl — (Wi — nedy)||* + 7r(wiga) < Tnt”wt — (Wi — nedy)||* + 7(wr) — 27h||Wt+1 — we|?
Then it follows that
1
(de, Wit1 — W) +1r(wipr) < r(we) — ;Hwt-‘rl —wi*
t

Further by Young’s Inequality:
1
(Vg(we) "V F(g(wi)) = di, wigr —wy) < %HVQ(Wt)TVf(g(Wt)) —dyf* + TmHWtH —wi?.
O

To prove the convergence of proximal gradient |G, (w)||?, we need to construct telescoping sum
that depending on the Lemma 6. As a result, we need to bound the variance on the R.H.S of Lemma 6,

i.e., E[||lew, ||?], E[|lev, ||?] with the following lemmas.
Lemma 7. With notations in COVER, we have

Ellewal® L gy g a0, 0= 00 L)l |
e ui
a2 (1 — ay)?L?||ey, ||?
+ nt( t) ” ” + 477t(1 7 at)QL”gm (Wt)||2]
2 " 2 272 2 (18)
Elleval®) L glyysage (L2020 022w
Tt Nt
a2 (1 — ag)?L?|ey, ||
4 UL gy 1 0Ly (w0 ).
t
Proof.
E[ H5Ut+1 ||2] _ E[ ||ut+1 — g(WtJrl)HQ]
™ Uh
_ E{ngm(wtﬂ) + (1 —ar)(a — ggppy (We)) — Q(Wt+1)||2}
U
_ E|:||at(gzt+1(wt+1) —g(Wir1)) + (1 —ar)(ag — g(wy))
Ui

4 (1- at)(gzt+1(wt+1) - gzt+1(Wt) —(g(Wit1) — Q(Wt)))||2

" }

(1 —ay)?|ew,|?
Mt
4 |\at(9zt+1(wt+1) —g(Wiy1)) + (1 — at)(gzt+1(wt+1) - gzt+1(Wt) — (g(Wig1) — Q(Wt)))||2

m }

:IE{

< E[2a%”gzt+l(wt+1) —g(wi)l? + (1 —as)*|lew, |
’r]t ’I’}t
+ 2(1 = a1)?[| gz, 2 (Wet1) = Gz s (We) — (9(Wet1) — Q(Wt))IIj
Uiz

< E _2(7‘%0'2 + (]. — at)2||8ut ||2 + 2(1 — at)2L||wt+1 — Wt||2i|

- T Ur
_ E[actyo? + (ool lewll | 20 - e hnsl, (wol)

- Ur ui

[ 1—a)?llew > 2(1 = ay)?Ln?
<E _2027711530_2 + ( t,')h ” u ” + ( ntt) Un (2”gm (Wt)||2 + 2L(||5ut ”2 + ng ”2))}
_g[apeer 4 Lm0 +n4n?L2>||eut [P, 420 - a)*LLllew,|I* + |G, <wt>\|2>}7

. ¢

19)
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where the fourth equality is due to E¢ (g, , (Wit1) — g(Wig1)] = 0 and Ey[g,, ., (W) —g(wy)] =0
with E; denoting an expectation conditioned on events until ¢-iteration; and the first inequality holds
because ||a + b||> < 2a? + 2b%. Applying the same analysis, we are able to have the bound of

E[ Havt+1 ”2] _ ]E[ HVH»I_VQ(WH»I)HQ]

in the lemma. O
Mt U

9.1 Proof of Theorem 1

Proof. After deriving Lemma 6 and 7 we are ready to prove Theorem 1. We construct Lyapunov
function T'y = F(w;) + Com ~[llev, |12 + ||ew, ||?], where cg is a constant and can be derived in the

following proof. According to equation (14)

377t
E[Tes1 — o) < E[-LE[|Gy, (W) + T2 E[llev, 2 + llew, 1]
1 2 1 2 2 (20)
—E[|lev — Ellley .
* corm [HE N o O ] pv— v ll” + llew, 1]
Then by telescoping sum from 1, - - - , T, and rearranging terms we have
Nt 3L
Zg (G, (we)lI] < E[ly = D] +Z Elllev.|* + llew, I%]
=1 t=1
. © @1
: : )~ —Efllev. | + llw )
+ e Ev; + ||Eu, Evi I” t |lEu, .
> o Bl lewal) = 2
®

We want () < 0 such that it can be used to cancel the increasing cumulative variance of term (@).

Next we will upper bound (®) up to a negative level:

1 ) 1
JE[HEVtJrlH + ||Ellt+1H ] Cone—1

Lemma 7 1

*E[47]3 2 2_|_(

Elllev,II” + llew, I

(1 —ay)*(1+ 8n2L?) _ 1
n MNt—1

Mllev, I + llew, %]

+800(1 = ar41) L] Gy, (we) %]

1 1-— 1 212 1
E[47]30202+(( ar)(1+8n;L%)

Co ~—— Ui Tt—1
A

(22)

Mliev, 17 + llew, 7]

B,
+ 8 L|| Gy, (W) [|?].
—_—
Cy

Next we upper bound B,
By < (0 = mpZy g 807 L% = an))lllew, I” + llev, |P] = (' = n 2y +m (8L — C))[Heué\;)Jr lev. I1%]-

For - — m -, by applying (= + y)'/3 — £1/3 < y2~2/3/3 and manipulating constant terms, we
have
1 1 1 ovizz _ 1 211/3 o?
— = —(w+t —(wt(t—1 <
e Te—1 k‘(w ) k(w ( Jor) < 3k(w+ (t — 1)02)2/3
02 0'2
= < 24
3k(w — 02 +t02)2/3 = 3k(w/2 + to2)2/3 @4)
92/3 52 22/352 ,  92/3 o2

< = < < .
= 3k(w +to2)2/3  3k3 = 120K3 = TLES

18



where w > (16Lk)? to have 1, < 137 . Then by setting ¢ = 104L2 + #23,
ne(8L? — ¢) < —96L*n, — oy /(TLK>).

Then we obtain
By < =96L°n:[|lew, 1* + llev. 7] (25)

Then plugging equation (25) into equation (22) and set ¢y = 128L,
1 1

1 IR ,
1280, L 1280, 2 v 7+ llew, IF]

E[||€V:+1 H2 + ||€Ut+1 ||2]

26
_ micta® _ 3Ln, 20
- 32L 4

llew, I + llev. 7] + %E[“gm (wo)l?]-

Substituting equation (26) into equation (21), Dividing 1} on both sides of equation (21) and
substituting (26). We get

3L’I’}t
4

[lewII* + llev. 117 + %E[Ilgnt (w)lI?]

Ellev. I* + llew, 1)

SENIGy, (wn)[]” < E[C D] +

nicto? _ 3Lmy

32L 4
322 (27)
nco Ui 2
<EIl,-T —E
<E[y =T + L T 16 [1Gn, (wo)ll7],
ay 2 o’
—FE <ET;-T .
> LElGy, (woll*) < E[C = Drg] + 0 L7
t=1 t=1
In addition
T 77?0202 B 202 T k3 202 T k3 202k3

- < < In(T + 2 28
320 32L ~w+tto? © 32L 4= 207 + 102 320 nT+2), @8

where the first inequality is due to the assumption w > 202

T
> s <In(T+2).
t=1

and the second inequality applies

Then
T ” ) 2 213
—E <E[l'41-T ——— In(T+2

> T5ElIGn. (w0} < B — Dol + S5 +2),

r Ao?k3

S WE(IGy, (we)[2] < 16E[D; — o] + S0 (T + 2)

t=1
16 Aco?k3

< 16E[F(w1) — Fi] + —E[llew, I + llev, [I] + (7T +2).
Cono 2L
(29)

Since 7, is decreasing, we get

O(F(w1) = Fy) | 16E[lew, [ + lev, ] L k* In(T + 2)

1 < 5 1
TZEHI%(WOH ] <
t=1

nrT cononrT 2L Tor
_ 2 21.3
<0 16(F(wy) — Fy) n 320 46 k3 In(T + 2) (30)
T2/3 CO770T2/3 2L T2/3
In(T + 2)
< O(W)7

where O suppresses constant scalars.

19



To prove the main Theorem 2, we introduce a new intermediate Theorem 3 for COVER. Compared
with Theorem 1, Theorem 3 is developed for a specific scenario of COVER when it has been used for
the inner stage of RECOVER, in which a constant step size is used with each stage.

Theorem 3. At k-th stage, under the Assumption 1 and 2, let ¢ > 104L2 and the step size ny, after
Ty, iterations, the output of RECOVER satisfies,

2 .2, 2 2 2
E[Hgnk(wt)llﬂ < 16(F(Wk—1) - F*) + C O + ]E[Huk—l - g(wk—l)H + Hvk—l - v.g(wk—l)H }

eI 2L 803 LTy,
(3D
where Wy, is uniformly sampled from {Wt}tTil at k-th stage.

9.2 Proof of Theorem 3

Proof of Theorem 3. We derive the theoretical analysis for the k-th stage based on Lemma 6 and 7.
We construct Lyapunov function T'y = F(w;) + —||ley, [|> + |leu, ||?], where ¢y is a constant and

“on
can be derived in the following proof. According to0 equation (14)
Nk 3N, L
E[Cey1 — To] < E[= B[y, (wo)ll"] + == Elllev., I* + llew, |1
1 2 2 1 2 2 ©2)
+ —E|llev,., II” + ll€u, — —Elllev, |I” + llew,||*]-
o leve I + llewe 7] o llev. 1"+ llew, 7]
Then by telescoping sum and rearranging terms we have
k k
> RE[Gy (W) 2] S Ly — Tyl + Y “2=Ellev, |2 + w1
t=1 t=1
@
T (33)
o : %) = LBy, |2 + w2
+ —E][|lev, + |len, — —El|lev,||* + llew, |I7] -
> o Pl w2
®

As aresult, we want () < 0 such that it can be used to cancel the increasing cumulative variance of
term (@).

Next we will upper bound (b) up to a negative level by making use of Lemma 7 with a; to be fixed at
k-th stage as aj, = cn3.

Applying Lemma 7,
1 1
——Elleve i 1? + llews 17] = —E[[lev I + [lu|?
—Bllevuual + llew ] = ——Elllew I + I
1.1 . 1—a)?(1+ 8n2L? 1
SEM%¥+C X 7“))mﬂ+wmﬂ
co | Nk Nk
+MM1—mﬁw%Awo{
) 34)
1 (1-a)(1+852L%) 1 (
SE4¢8£+( ) LYl 2 + e, 1)
€0 [~—— Mk "k

Ay

By

%@muw%wmﬂ.

Cy
For By, by set ¢ = 104L2, we have
By < (it —npt + 0 B0 L — a)lllew, I + llev, 1)

AP 35)
= (" =g+ 8L — o)lllew, II” + llev, 7] < —96L%nk[llew, |1 + llev, IP]-
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To satisfies cn? < 1, we should have 7, < 16L Then by setting ¢y = 128L, we have

Lo 1
2 2 2 2
> | Bl 1w I~ g Ellew P+ e ]

(36)
3.2 2
npc Ty 3Lle
< BTk Z Elleu 1 + llev. %] + Z B G (w012
t=1
Plugging it into equation (33), we get
T
Nk o
B[ 219, (wo)l*] < BTy~ T + B[S i, + 2 Z G (w)2]. @)
Then we have
Mk o 9 Zo?
(6 22 19, (w0)IF] < S7niTi + Ey ~ T
o T | Elllev, |1 + llew [I]
< E[F(w;) — F. k V1 . (38)
< ElF(wy) = Rl+—57 1287 L
16E[F(w1) — F] | 0 5 Eflev, > + llew 7]
E 2 < 2 1 1
G (i) < == TRy
where wy, is uniformly sampled from {wy, - ,wr}. ]
10 Proof of Section 5
10.1 Proof of Lemma 1
Proof. This proof follows Lemma A.3 of [50]. Note that
Firo(W) = Mog ( exp < (w;2 )>>
i A (39)
= max (Fy(w) — h(p,1/n)).

pPEA,
Denote ¢(w, p) = Fp(w) — h(p, 1/n) and p*(w) = arg max (W, p).
PEA,
Thus, we have Fy.,(w) = max P(w,p) = P(w,p*(w)). By Lemma 4.3 of [? ], we know
PEA,
VEio(W) = Vah(W, ps(W)) = Vi Fpe (w) (W).
Since Fp,(w) satisfies a p-PL condition for any p € A,,, we have
IV Earo(W)II* = [V Epe () (W)

2 2u (Fp*(w)(W) — min Fp*(w)(w/)) (40)
= 240 ((w,p" () — minp(w',p* (w)) ).
For any w’,
Y(w',p" (W) < maxg(w’, p'). (41)
Therefore,
miny(w', p(w)) < minmaxy(w', p’). (42)

Plug this into (40), we get
19 o) 2 2 (. (w) — mip s (' ) )

= 2u(Faro(W) — H‘}vl,n Furo(W')),

which means Fy,., satisfies the u-PL condition. O

(43)
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10.2 Proof of Lemma 2

Proof. Let us define scaled data v; = /p;x;,1 < i < n with p; > po. Then we have [|v; — v;| >
/Pod since p; > po.
Taking {(v1, /Di¥1), -, (Vn, /Diyn) } as input to the defined network, then we accordingly denote

the output of the first layer of the network as iLi,Q = ¢(\/PiAx;) = /Dip(Ax;) = \/Pihio, where
the the second equality is due to the property of ReLU activation function. By induction, we see that

the output of the [-th layer is h; ; = \/p;hi,;. And then the output logit is ;(v;) = /Pi¥

As a result, the weighted loss defined on the original data is the average of square loss on the scaled
data,

:%ZE(W%W:%ZWEz Vpiyi)? sz Ji — yi) (44)
=1

i=1
Then we plug in Theorem 3, Lemma 7.4 and Lemma 8.7 of [1] with F'(W) as the objective function
and {(v1,\/Di¥1); - (Vn, \/Pi¥n)} as input data. We obtain that for any fixed p € A, p; > po, with
probability 1—exp(—Q(dz/poly(n, L, 5~1))), it holds for every W with | W — W ||? <

poly(n, L §-1)°
5d
IV P, )12 > 2 ( Y2O% (5w, p) — min FOV, p)) ), 45)
d0n2 w!
and
195 — vil|* < poly(da,dy ", L), |12(9: — vi) V|| < poly(da,dy*, L). (46)

To generalize this bound to all p € A, p; > pg, we need to introduce e-net. A subset N C K is
called an e-net of K if for every w € K one can find w € A so that ||w — w| < e. Let N(K, ¢)
denote the e-net of a set K with minimal cardinality, which is referred to as the covering number. It
can be seen that the set P = {p|p € A, p; > po} can be covered by a n-dimension unit ball 3. Take

¢ = O(e/poly(dy,dy ", L)). According to a standard volume comparison argument [37], we have
3
log [IN'(B,€')| < nlog o 47)

Since we have P C B, it follows that

/

log |V (P, €')| < log|N (B, %)\ < nlog 27 (48)

where the first inequality is due to that the covering numbers are (almost) increasing by in-
clusion [38]. Taking union bound over the €'-net N(P,¢'), we obtain that with probability

1 — exp(— (dg/poly(n L,671))), it holds for every p € N(P,€) and for every W with

IW=Woll* < o

od
IV FOW,p)|2 = 0 (Vp" % (W, p) - minF(ch») , (49)
don w’
and
195 — vil|* < poly(da,dy *, L), |12(9: — yi) V|| < poly(da,dy*, L). (50)

For p not in N'(P, ¢’), let p be a point in N (P, €') such that |p — p|| < €/, we have
2|V F(W, p)|IF + O(e) = 2|[Vw F(W,p)|3 + 2|[Vw F(W,p) — Vi F(W,p)||7

Dodds ;.
znwmwmn%za(f (FOV.5) ~ gin FOV".) ) -

> 0 (0 (P (V) i FOV.p) ) - 0L

don?

where the first inequality uses the second part of (50) and €’ = O(e/poly(dy, dy *, L)), and the last
inequality uses the first part of (50).
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We also have

Faro(W) = emax F(W,p) — h(p,1/n) = F(W,p"(W)) — h(p*(W),1/n), )

VEaro(W) = Vw F(W,p*(W)),
where the second line uses standard property of min-max problem [26]. Thus (45) implies that,
with probability 1 — exp(—£(dy/poly(n, L,571))), it holds for every W with |W — Wl|? <
1

poly(n,L,6-1)’

|V Faro(W)||5 + OCe)

> 0 (VI POV (W)~ by (). 1/n) = iV, " (O9)) = o (V). /) ) )

2 o , 53
>Q (g&l (F(W,p*(W)) ~ T V), 1) = mipmax(FOV ) = b 1/ ””)) v
2Q

(S i3V = i Faro 7))

where the second inequality holds due to the same reason as (41) and (42).

This means that F,.,(WV) satisfies a u-PL condition with p1 € O (@) with an extra addition

don?

term of O(¢), which will be omitted later in the paper for simplicity. O

10.3 Reduced Variance (Proof of Lemma 3)

Proof. This lemma implies that the variance also decreasing with the increasing of stages. By
equation (36) and rearranging terms, the cumulative variance of k-th stage satisfies:

3Ly npc’ 0Ty M
B3 2L e 7+ e 7 < Bl + e ]+ BT + Bl (w0l
t=1
2o’niTe | Elllev, |I” + ||E %]
<E[F —F, k AL e
< E[F(w1) I+ —1 6L ;
(54)
where the second inequality uses Theorem 3. Thus we have,
2E[F(w1) — ] | *o’ng | Ellev, |” + llew, %]
E u 2 v 2 < k Vi ui 35
e I+ llew, 7] < = 20+ S w69
where 7 is randomly sampled from 1, - - - , T}.
Without loss of generality, let’s assume that ¢g = Ap > ie., Y ;fgL > 16 16T The case that

64;LL4 )
Ar < 6?42;170;4 can be simply covered by our proof. Then, denote €; = m and ¢, = 61/2’671,
c = 104L2.

Let’s consider the first stage, We have initialization such that F(w1) — F, = Ap and E[||ey, ||* +

llew, I?] < o?. Setting n; = 16L and T1 = O(max(SF 2£ 1)). Note that in below the numerical
subscripts denote the epoch index (1, ..., K'). We bound the the error of first stage’s output as follows,

2E[F(w1) — Fu] | o®ni | Efllev, [I” + [l [I°]

Efllew, [I* + llev, 7] <

’171T1L 3L2 48?7%L2T1
_2B[F(wi) —F]  Po’nt | Elllev, P + llew, ] (56)
T\ L 312 182 L2T,
2¢€g c2o?n? o? c2o?

< < = .
SOOI 302 T oapgreT, T oeart M9

Starting from the second stage, we will prove by induction. Suppose we are at k-th stage. Assuming
that F(wy_1) — F. < €x—1 and ||ey, _, ||? + |l€u,_, ||* < pex—1 after the (k — 1)-th stage, we will
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show that E[||ey, ||? + ||lev, [|*] < pex by induction. Note that the induction of F/(wy) — F(wg) will
be addressed later in Theorem 2.

2E[F(wi—1) = F] | o®np  Elllev,, I” + e, ]

Ellew, I + llev, 7] <

nkaL 3L2 4817 Lsz
= 2E[F(Wk*1) — F*] + 020277/% + E[”gvk—l ||2 + ||€‘-1k—1 H2} (57)
nkaL 3L2 48?’]]%[/21—';~C
2€p_ 2o?n? € €

< k—1 27716_1_,13121S/Mc1zuek7

where the last inequality follows from the setting that 7, = Vg;’“L < 16 Ter. and Ty, =
0 2o
max{/ﬁ/gﬁi\/‘w, LGT%}, where ¢ = 104L2.
O]

10.4 Poof of Theorem 2
Proof. Wlthout loss of generality, let’s assume that eg = Ap > ie., V;;‘)L > 16 o7 - The case

64,uL4 ’
that Ap < W can be simply covered by our proof. Then, denote €; = % and €, = €1/ ok—1,
c=104L2.

Note that in below the numerical subscripts denote the epoch index (1, ..., K) (different from in proof
of Lemma 4 which all are in one stage). Let’s consider the first stage, we have initialization such that

F(wg) — F. = Ap and E[||ey, ||? + ||eu, [|?] < 2. We bound the the error of first stage’s output as
follows,

1 2
E[F(w1) = B < 3 Bl (W)l

- 8E[F(wo) = F(w.)] | *o® n? E[llevo [I* + lleulI°]
pm Ty L ApL2™ 16un3 LT,
8Ap 620'2 n? o? 2o?
< ny + <
umTh L 4,uL2 8un? LTy — 64pL*
where the first inequality uses PL condition, the second inequality use Theorem 3 and the fourth
inequality uses the setting of 71 = & and 7y = O(max(5£,1)).

(58)

= €1,

Starting from the second stage, we will prove by induction. Denote €1 = & 4/ L4 and e, < €1 /2871
for k > 2. Suppose at the beginning of k-stage (k > 2), we have E[F(wk 1) — Fi] < €x—1 and
Ellleve_, I + lleu,_, II?] < pex—1. When k > 2, we have 7y, = \/SCTU’“L < 137~ Then by Lemma 3
and Theorem 3, setting T}, = max{llfg% l6c’o” }, RECOVER satisfies the following equations

3/2\/&[/7 #L2
at the k-th stage,

E[F(w) - F] < imugn(wk)u?]

< SE[F(wi1) = F(w.)]  c?o® 5 Ellleve [I” + llew, ., []

s T auL ™ 1642 LT,
< SE[F(wg_1) — Fi] ?o? 771% levi_s H2 + [leuy_, H2 (59)
T 4plL 16pmg LTy,
8€r_1 0202 I HER—1
Ty 4pL k 16lkaT;C
< €k—1 < e
S5 Sk

where the forth inequality is implied by the induction hypothesis and the last inequality holds by the
setting of 7y, and T}.
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Combing two cases, after K < 1+ log,(e1/€) < log,(€p/¢) stages, E[F(wy) — F(w,)] <e.

By setting ¢ = 104L?2, following th the proof of Theorem 2, the sample complexity of RECOVER
equals to the number of samples in the first stage, i.e., T plus the number of samples in later stages,
K

ie. > Ty, which is
k=2

AF K
T + Z Ty, = — ZTk
k=2
K
co L202)
=0 +
(,; (u?’/Q\/%L H€r; >

co 2o?\ w>e 1
<0 <OoO(—).
- <u3/2\@L " L2M€> - <u6>

11 Derivation of the Compositional Formulation

Recall the problem:

min max Fp( (w;2;) ,1/n) +r(w
WER"ZDEA}i sz (p /) ( )7

where A, = {p € R" : 3. p; = 1,0 < p; < 1}. In order to solve the inner maximization, we
will fix w and derive an optimal solution p*(w) that depends on w. To this end, we consider the
following problem:

i - 7.£ V2 h 31
1nin ;p (w;z;) + h(p,1/n)

where r(w) was neglected since it does not involve p. Note the expression of h(p,1/n) =
A pilog(np;) = A, pilog(p;) + Alog(n) due to ), p; = 1. There are three constraints
to handle, i.e., p; > 0,Viand p; < 1,Viand ), p; = 1. Note that the constraint p; > 0 is enforced
by the term p; log(p; ), otherwise the above objective will become infinity. As a result, the constraint
pi < 11is automatically satisfied due to >, p; = 1 and p; > 0. Hence, we only need to explicitly
tackle the constraint ) . p; = 1. To this end, we define the following Lagrangian function

Ly (P, 1) sz w; Z)+>\logn+2pzlog pi) +p Zpﬁl

=1

where . is the Lagrangian multiplier for the constraint ) . p; = 1. The optimal solutions satisfy the
KKT conditions:

— U(w;zi) + AMlog(pi (W) +1) + 1 =0,

Zp;“(w =

From the first equation, we can derive pj (w) x exp(¢(w;z;)/)). Due to the second equation, we

can conclude that p} (w) = % Plugging this optimal p*(w) into the original min-max

objective, we have
n 1
3 Al )1 = Alog — 7
;pl (w)t(w; ogn+2pl ) log(p} (w))) + r(w) = A ogn;expw(w,z»/x)w(w),

which is the Fy,.,(w) in the paper (the expression above Eq (2)).
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