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Abstract

We propose and analyze algorithms for distributionally robust optimization of
convex losses with conditional value at risk (CVaR) and y? divergence uncertainty
sets. We prove that our algorithms require a number of gradient evaluations
independent of training set size and number of parameters, making them suitable for
large-scale applications. For x? uncertainty sets these are the first such guarantees
in the literature, and for CVaR our guarantees scale linearly in the uncertainty
level rather than quadratically as in previous work. We also provide lower bounds
proving the worst-case optimality of our algorithms for CVaR and a penalized
version of the y? problem. Our primary technical contributions are novel bounds
on the bias of batch robust risk estimation and the variance of a multilevel Monte
Carlo gradient estimator due to Blanchet and Glynn [8]. Experiments on MNIST
and ImageNet confirm the theoretical scaling of our algorithms, which are 9-36
times more efficient than full-batch methods.

1 Introduction

The growing role of machine learning in high-stakes decision-making raises the need to train reliable
models that perform robustly across subpopulations and environments [11, 29, 70, 58, 36, 53, 39].
Distributionally robust optimization (DRO) [3, 66] shows promise as a way to address this challenge,
with recent interest in both the machine learning community [68, 74, 22, 69, 34, 55] and in operations
research [20, 3, 5, 27]. Yet while DRO has had substantial impact in operations research, a lack of
scalable optimization methods has hindered its adoption in common machine learning practice.

In contrast to empirical risk minimization (ERM), which minimizes an expected loss Eg..p, £(z;.S)
over z € X C R? with respect to a training distribution Py, DRO minimizes the expected loss with
respect to the worst distribution in an uncertainty set U (FPp), that is, its goal is to solve

minimize L(x; Py) == sup Eggl(x;9). (D
TEX QEU(Py)

The literature considers several uncertainty sets [3, 5, 7, 27], and we focus on two particular choices:
(a) the set of distributions with bounded likelihood ratio to Py, so that £ becomes the conditional
value at risk (CVaR) [59, 67], and (b) the set of distributions with bounded x? divergence to Py [3, 16].
Some of our results extend to more general ¢-divergence (or Rényi divergence) balls [72]. Minimizers
of these objectives enjoy favorable statistical properties [22, 34], but finding them is more challenging
than standard ERM. More specifically, stochastic gradient methods solve ERM with a number of
V/{ computations independent of both N, the support size of Py (i.e., number of data points), and
d, the dimension of z (i.e., number of parameters). These guarantees do not directly apply to DRO
because the supremum over ( in (1) makes cheap sampling-based gradient estimates biased. As
a consequence, existing techniques for minimizing the X2 objective [2, 20, 3, 5, 47, 22] have V/{

*Equal contribution. Code is available on GitHub at https://github.com/daniellevy/fast-dro/.
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CVaR atlevel «  x2 constraint p x? penalty A
Objective L(z; Py) = sup ¢ 4(x) sup ¢ £(z) sup q £(z) — AD,2(q)
llalleo< 5 D 2(q)<p gEAN
Subgradient method Ne2 Ne=2 Ne2
Dual SGM [Appendix A.3] a"2e2 - A2
Subsampling [22] - p>de* -
Stoch. primal-dual [17, 47] Ne2 Npe? -
Ours a~le=2 (Thm.2)  pe=3 (Thm. 4) A~1e=2 (Thm. 2)
Lower Bound o~ te 2 (Thm. 3) pe=2[22] A~1e 2 (Thm. 3)

Table 1. Number of V£ evaluations to obtain E[L(xz; Po)] —infcx L(x'; Py) < € when Py is uniform
on N training points. For simplicity we omit the Lipschitz constant of ¢, the size of the domain X', and
logarithmic factors. We define £;(z) := £(x; S;) and D, 2(q) := & |lg — % 1||3. The suprema are over

q in the simplex.

evaluation complexity scaling linearly (or worse) in either N or d, which is prohibitive in large-scale
applications.

In this paper, we consider the setting in which £ is a Lipschitz convex loss, a prototype case for
stochastic optimization and machine learning [75, 49], and we propose methods for solving the
problem (1) with V¢ complexity independent of sample size N and dimension d, and with optimal
(linear) dependence on the uncertainty set size. In Table 1 we summarize their complexities and
compare them to previous work. Each entry of the table shows the number of (sub)gradient evaluations
to obtain a point with optimality gap ¢; for reference, recall that for ERM the stochastic subgradient
method requires order e~ 2 evaluations, independent of d and N. We discuss related work further in
Section 1.1 after outlining our approach.

We begin our development in Section 3 by considering the surrogate objectiveL(z;n) = E £(x; 13n)
corresponding to the average empirical robust objective over random batches of size n sampled from
Py. In contrast to (1), it is straightforward to obtain unbiased gradient estimates for L—using the mini-

batch estimator V £(z; P,,)—and to optimize it efficiently with stochastic gradient methods. To obtain
guarantees for the true objective £, we establish uniform bounds on the error |£(z; Py) — L(z;n)|.
For CVaR we prove a bound scaling as 1/+/n and extend it to other uncertainty sets, including
x? balls, via the Kusuoka representation [42]. Notably, for the penalty version of the x? objective
(Table 1 right column) we prove a stronger bound scaling as 1/n. This analysis implies that, for large
enough batch size n, an €/2-minimizer of L is also an e-minimizer of £. Furthermore, for CVaR
and x? penalty we show that the variance of the gradient estimator decreases as 1/n, and we use
Nesterov acceleration to decrease the required number of gradient steps.

To obtain stronger guarantees, in Section 4 we present a theoretically more efficient multi-level Monte
Carlo (MLMC) [31, 32] gradient estimator which is a slight modification of the general technique
of Blanchet and Glynn [8]. The resulting estimator is unbiased for V.L(x;n) but requires only a
logarithmic number of samples in n. For CVaR and x? penalty we control the second moment of the
gradient estimator, resulting in complexity bounds scaling with ¢ ~2. We further prove that these rates
are worst-case optimal up to logarithmic factors.

Unfortunately, direct application of the MLMC estimator for the x? uncertainty set (Table 1 center
column) demonstrably fails for certain inputs. Instead, in Appendix E we optimize its Lagrange
dual—the 2 penalty—with respect to 2 and Lagrange multiplier \. Using a doubling scheme on the
A domain, we obtain a complexity guarantee scaling as ¢ 3.

Section 5 presents experiments where we use DRO to train linear models for digit classification
(on a mixture between MNIST [44] and typed digits [19]), and ImageNet [60]. To the best of our
knowledge, the latter is the largest DRO problem solved to date. In both experiments DRO provides
generalization improvements over ERM, and we show that our stochastic gradient estimators require
far less V£ computations—between 9x and 40 x— than full-batch methods. Our experiments also
reveal two facts that our theory only hints at. First, using the mini-batch gradient estimator the error
floor due to the difference between £(z;n) and L(x; Py) becomes negligible even for batch sizes as



small as 10. Second, while the MLMC estimator avoids these error floors altogether, its increased
variance makes it practically inferior to the mini-batch estimator with properly tuned batch size and
learning rate. Our code implements our gradient estimators in PyTorch [56] and combines them
seamlessly with the framework’s optimizers; we show an example code snippet in Appendix F.3.

1.1 Related work

Distributionally robust optimization grows from the robust optimization literature in operations
research [3, 2, 4, 5], and the fundamental uncertainty about the data distribution at test time makes
its application to machine learning natural. Experiments in the papers [47, 28, 22, 34, 17, 40] show
promising results for CVaR and y2-constrained DRO, while other works highlight the importance of
incorporating additional constraints into the uncertainty set definition [38, 24, 55, 61]. Below, we
review the prior art on solving these DRO problems at scale.

Full-batch subgradient method. When F, has support of size NN it is possible to compute a sub-
gradient of the objective L(x; Py) by evaluating ¢(x; s;) and V{(z; s;) fori = 1,..., N, computing
the ¢ € AY attaining the supremum (1), whence g = vazl q;Ve(x; s;) is a subgradient of L at x.
As the Lipschitz constant of £ is at most that of ¢, we may use these subgradients in the subgradi-
ent method [51] and find an € approximate solution in order ¢~ steps. This requires order Ne~2
evaluations of V/, regardless of the uncertainty set.

CVaR. Robust objectives of the form (1) often admit tractable expression in terms of joint mini-
mization over z and the Lagrange multipliers associated with the constrained maximization over
Q [e.g., 59, 66]. For CVaR, this dual formulation is an ERM problem in = and n € R, which we can
solve in time independent of N using stochastic gradient methods. We refer to this as “dual SGM,”
providing the associated complexity bounds in Appendix A.3. Fan et al. [28] apply dual SGM for
learning linear classifiers, and Curi et al. [17] compare it to their proposed stochastic primal-dual
method based on determinantal point processes. While the latter performs better in practice, its
worst-case guarantees scale roughly as Ne~2, similarly to the full-batch method. Kawaguchi and
Lu [40] propose to only use gradients from the highest k losses in every batch, which is essentially
identical to our mini-batch estimator for CVaR; they do not, however, relate their algorithm to CVaR
optimization. We contribute to this line of work by obtaining tight characterizations of the mini-batch
and MLMC gradient estimators, resulting in optimal complexity bounds scaling as o~ !e~2

DRO with \? divergence. Similar dual formulations exist for both the constrained and penalized
x? objectives, and dual SGM provides similar guarantees to CVaR for the penalized x? objective. For
the constrained-x? problem, the additional Lagrange multiplier associated with the constraint induces
a “perspective transform” [3, 22], making the method unstable. Indeed, Namkoong and Duchi [47]
report that it fails to converge in practice and instead propose a stochastic primal-dual method with
convergence rate (1 + pN)e~2. Their guarantee is optimal in the weak regularization regime where
p < 1/N |, but is worse than the full-batch method in the setting where p 2 1. Hashimoto et al.
[34] propose a different scheme alternating between ERM on z and line search over a Lagrange
multiplier, but do not provide complexity bounds. Duchi and Namkoong [22] prove that for a sample
of size N’ ~ p?de~? the empirical objective converges to £(x; Py) uniformly in z € X’; substituting
N into the full-batch complexity bound implies a rate of p?de~*. This guarantee is independent
of IV, but features an undesirable dependence on d. Ghosh et al. [30] use the mini-batch gradient
estimator and gradually increase the batch size to N as optimization progresses; they do not provide
convergence rate bounds. We establish concrete rates for fixed batch sizes independent of V.

MLMC gradient estimators. Multi-level Monte Carlo techniques [31, 32] facilitate the estimation
of expectations of the form EF(S1,...,S,), where the S; are i.i.d. In this work we leverage a
variant of a particular MLMC estimator proposed by Blanchet and Glynn [8]. Prior work [6] uses the
estimator of [8] in a DRO formulation of semi-supervised learning with Wasserstein uncertainty sets
and F(-) a ratio of expectations, as opposed to a supremum of expectations in our setting.

2 Preliminaries

We collect notation, establish a few assumptions, and provide the most important definitions for the
remainder of the paper in this section.

Notation. We denote the optimization variable by = € R¢, and use s (or S when it is random) for a
data sample in S. We use 2;™ as shorthand for the sequence z, . . ., z,,. For fixed  we denote the cdf
of £(z,S) by F(t) == P({(x,S) < t) and its inverse by FF~!(u) := inf{t : F(t) > u}, leaving the



dependence on x and P, implicit. We use ||-|| to denote Euclidean norm, but remark that many of our
results carry over to general norms. We let A denote the simplex in m dimensions. We write 174}
for the indicator of event A, i.e., 1 if A holds and O otherwise, and write I for the infinite indicator
of the set C, I¢(z) = 0 if z € C and I¢(x) = oo otherwise. The Euclidean projection to a set C is
IIc. We use V to denote gradient with respect to x, or, for non-differentiable convex functions, an
arbitrary subgradient. We denote the positive part of ¢ € R by (¢) = max{t,0}. Finally, f < g
means that there exists C' € R, independent of any problem parameters, such that f < C'g holds;
we also write f < gif f S g < f.

Assumptions. Throughout, we assume that the domain X’ is closed convex and satisfies |z —y|| < R
for all z,y € X. Moreover, we assume the loss function £ : X x S — [0, B] is convex and G-
Lipschitz in z, i.e., 0 < {(z,s) < Band |[((z;5) — £(y; )| < G||x — y| forz,y € X and s € S.” In
some cases, we entertain two additional assumptions:

Assumption Al. The gradient V{(x, s) is H-Lipschitz in x.
Assumption A2. The inverse cdf F~1 of £(x; S) is Gicas-Lipschitz for each x € X.

Most of our bounds do not require Assumptions Al and A2. Moreover, in Appendix B.2 we argue
that these assumptions are frequently not restrictive.

The distributionally robust objective. We consider a slight generalization of ¢-divergence distri-
butionally robust optimization (DRO). For a convex ¢ : R, — R U {400} satisfying ¢(1) = 0,
the ¢-divergence between distributions P and () absolutely continuous w.r.t. P by Dy, (Q, P) =
Ik gf)(%(s))dP(s). Then, for convex ¢, 1) with ¢(1) = 1/1(1). = 0, a constraint radius p > 0, and
penalty \ > O the general form of the objectives we consider is

Ll P)=  sup  {Eqlt(z: )] - ADy(Q, P) }. o)
Q:Dy(Q,P)<p

As previewed, we consider the following objectives for general Py (nonuniform with infinite support):

* x? constraint. £, corresponds to ¢(t) = x*(t) == 3(t — 1)> and ¢ = 0.

* x? penalty. L, ., corresponds to ¢ = 0 and ¢ (t) = x2(t) = 5 (¢t — 1)

+ Conditional value at risk o € (0, 1] (CVaR). Lcvar corresponds to ¢ = 0 and ¢ = g 1 /4)-
Additionally, define the following smoothed version of the CVaR objective, which we use in Section 3.
* KL-regularized CVaR. Ly cv,r corresponds to ¢ = 0 and and ¢ (t) = Ijg,1/4)(t) +tlogt —t+1.

In Appendix A we present additional standard formulations and useful properties of these objectives.

With mild abuse of notation, for a sample s7 € S”, we let

L(x;s7) = L(x; 13[5?]) = sup { Z(qiﬁ(x; 8;) — iw(nqq))} 3)

geA™: Y, +d(ng)<p L5

denote the loss with respect to the empirical distribution on s7'. Averaging the robust objective over
random batches of size n, we define the surrogate objective

L(x;n) = Egppp L(;57). “4)

Complexity metrics. We measure complexity of our methods by the number of computations of
V{(x; s) they require to reach a solution with accuracy e. We can bound (up to a constant factor) the
runtime of every method we consider by our complexity measure multiplied by d+ Toyal, where Toya
denotes the time to evaluate ¢(z; s) and V£(z; s) at a single point  and sample s, and is typically
O(d). (In the problems we study, solving the problem (4) given £(x; S7') takes O(n logn) time; see
Appendix A.2).

?Our results hold also when B denotes SUD,e x5, ores1f(2;8) — £(x; s") }. The Lipschitz loss and bounded
domain assumptions imply B < By + GRif infyex (z;s) — infrex €(z';s") < Bo forall s, s’ € S, which
typically holds with By = 0 in regression and classification problems.



3 Mini-batch gradient estimators

In this section, we develop and analyze stochastic subgradient methods using the subgradients of the
mini-batch loss (3). That is, we estimate V.L(x; Py) by sampling a mini-batch Sy, ...,S, kS Py and
computing

VL(x;S7) =Y q;Vi(x;Sh),
i=1

where ¢* € A" attains the supremum in Eq. (3). By definition (4) of the surrogate objective L,
we have that EVL(z; S7') = VL(z;n). Therefore, we expect stochastic subgradient methods
using VL(z; S?') to minimize £. However, in general, £(z;n) # L(x; Py) and EVL(z; S?) #
VL(z; Py).

To show that the mini-batch gradient estimator is nevertheless effective for minimizing £, we proceed
in three steps. First, in Section 3.1 we prove uniform bounds on the bias £ — £ that tend to zero with
n. Second, in Section 3.2 we complement them with 1/n variance bounds on V£ (z; S7'). Finally,
Section 3.3 puts the pieces together: we apply the SGM guarantees to bound the complexity of
minimizing £ to accuracy /2, using Nesterov acceleration to exploit our variance bounds, and choose

the mini-batch size n large enough to guarantee (via our bias bounds) that the resulting solution is
also an € minimizer of the original objective L.

3.1 Bias analysis

Proposition 1 (Bias of the batch estimator). For all x € X and n € N we have

Bmin{l7 (om)fl/Q} for L = Lcvar (5

0 < L(x: Py) — L(a:n) < By\/(1+p)(logn)/n  for L= L, (6)
- “ | B2(an)! for L= "Ly e (7)
Gicarn ™! for any loss (2), )

where the bound (8) holds under Assumption Al.

We present the proof in Appendix B.1.1 and make a few remarks before proceeding to discuss the
main proof ideas. First, the bounds (5), (6) and (7) are all tight up to constant or logarithmic factors
when ¢(z, S) has a Bernoulli distribution, and so are unimprovable without further assumptions (see
Proposition 4 in Appendix B.1.2). One such assumption is that £(x; S) has Gjcqr-Lipschitz inverse-cdf,
and it allows us to obtain a general 1/n bias bound (8) independent of the uncertainty set size. As
we discuss in Appendix B.2.2, this assumption has natural relaxations for uniform distributions with
finite supports and, for CVaR at level c, we only need the inverse cdf F~1(/3) to be Lipschitz around
8 = «, a common assumption in the risk estimation literature [71].

Proof sketch. To show that £(x; Py) > L(z;n) for every loss of the form (2), we use Lagrange
duality to write

_ 1< — P IR
L(z; Py) = g}llfIESfNsz - ; Y(x;m,v;S:) and L(z;n) = Egrpp 177115 - ; T(z;n,v; 8i),
forsome T : X x R xRy xS — R. This exposes the fundamental source of the mini-batch estimator
bias: when infimum and expectation do not commute (as is the case in general), exchanging them
strictly decreases the result.

Our upper bound analysis begins with CVaR, where Lcv,r = é f ligs1-ap F -1 (8)dS and Levar =
L [Zo(B)F~(B)dB, with F~! the inverse cdf of /(z, S) and Z,, a “soft step function” that we
write in closed form as a sum of Beta densities. To obtain the bound (5) we express f (1{ B>1-a} —
Z.(B))+dp as a sum of binomial tail probabilities and apply Chernoff bounds. For CVaR only, the

improved bound (8) follows from arguing that replacing F'~!(3) with Gicq¢ - 3 overestimates the bias,
and showing that [(1{g>1_a} — Za(8))BdS < (n+ 1)~ for any .

To transfer the CVaR bounds to other objectives we express the objective (2) as a weighted CVaR
average over different « values, essentially using the Kusuoka representation of coherent risk mea-
sures [42]. Given any bias bound bb(«) for CVaR at level «, this expression implies the bound



L — L < sup,ep(z) [ bb(@)dw(a), where W(L) is a set of probability measures. Substituting

bb(a) = 1/4/na and using the Cauchy-Schwartz inequality gives the bound (6), while substituting
bb(a) = Gicar/n shows this bound in fact holds for any £, as we claim in (8).

Showing the bound (7) requires a fairly different argument. Our proof uses the dual representation
of £, 2. pen as a minimum of an expected risk over a Lagrange multiplier n imposing the constraint
that ¢ in (3) sums to 1 (or that ) in (2) integrates to 1). Using convexity with respect to n we relate
the value of the risk at #,, (the minimizer for sample S7') to n* (the population minimizer), which on
expectation are sz_pen and L, 2_pen, respectively. We then apply Cauchy-Schwartz and bound the
variance of 7,, with the Efron-Stein inequality [26] to obtain a 1/n bias bound. O

3.2 Variance analysis

With the bias bounds in Proposition 4 established, we analyze the variance of the stochastic gradient
estimators VL(x; ST"). More specifically, we prove that the variance of the mini-batch gradient
estimator decreases as 1/n for penalty-type robust objectives (with ¢ = 0) for which the maximizing
@ has bounded x? divergence from P,, which we call “x2-bounded objectives” (see Appendix A.4).
Noting that Ly.cvar (With Levar as a special case) and £, 2. are x2-bounded yields the following.

Proposition 2 (Variance of the batch estimator). Foralln € N, x € X, and ST ~ P,

2 2(14+ B/X
Var [Vﬁkl_CVaR(x; S?)} < % and Var Vﬁxz_pen(:c;S{l)] < M

n
(Note that the variance bound on Ly cvar is independent of A and therefore holds also for Lcy,r Where
A = 0). We prove Proposition 2 in Appendix B.3 and provide a proof sketch below.? Unfortunately,
the bounds do not extend to the x? constrained formulation: in Appendix B.3 (Proposition 5) we
prove that for any n there exist £, Py, and  such that Var[V L, 2 (z; Py)] 2 p. Whether Proposition 2
holds when adding a 2 penalty to the x? constraint remains an open question.

Proof sketch. The Efron-Stein inequality [26] is Var[VL(z;S7) < ZE|VL(z;ST) —

VL (x; 57)||2, where S} and S} are identical except in a random entry I € [n] for which S is an i.i.d.
copy of S7. We bound ||VL(x; S7") — VL(x; S1)|| < Gqr + Gllq — ||; with the triangle inequality,
where ¢ and § attain the maximum in (3) for S and S, respectively. The crux of our proof is the equal-
ity ||¢g—qll1 = 2|qr — Gr|, which holds since increasing one coordinate of ¢(x;.51), ..., £(z; S, ) must
decrease all other coordinates in ¢. Noting that E (¢; — Gr)? < 4E(q; — 1/n)* = 5 ED,2(q, 11),
the results follow by observing that D, 2 (q, %1) is bounded by 1/a and B/ for Lii.cvar and L, 2_pen,
respectively. O

3.3 Complexity guarantees

With the bias and variance guarantees established, we now provide bounds on the complexity of
minimizing L£(x; Py) to arbitrary accuracy e using standard gradient methods with the gradient
estimator §(z) = VL(x; ST). (Recall from Section 2 that we measure complexity by the number of
individual first order evaluations (£(x; s), V{(x; s)).) Writing ITx for the Euclidean projection onto
X, the stochastic gradient method (SGM) with fixed step-size 7 and xy € X’ iterates

- _ 1
Zir1 = Hx(xe — ng(xy)), and Ty = n 23&7. 9)

We also consider Nesterov’s accelerated gradient method [50, 43]. For xg = yo = 29 € X, a fixed
step-size 7 > 0 and a sequence {0, }, we iterate

Zp41 = HX(%*%Q(%)), Yir1 = Orzep1+(1—0)ye, and xp1 = Orp12e41+(1—01)yet1. (10)

In Appendix B.4, we state the rates of convergence of the iterations (9) and (10) following the analysis
in [43], with a small variation where the stochastic gradient estimates are unbiased for a uniform
approximation of the true objective with additive error §. Since our gradient estimator has norm

bounded by G, SGM allows us to find an e-minimizer of £ in T =< (GR)?/e? steps. Therefore,

*In the appendix we provide bounds on the variance of £(x; ST') in addition to V£ (z; ST).



choosing n large enough in accordance to Proposition 1 guarantees that we find an e-minimizer
of L. The accelerated scheme (10) admits convergence guarantees that scale with the gradient
estimator variance instead of its second moment, allowing us to leverage Proposition 2 to reduce
T to the order of 1/e. The accelerated guarantees require the loss £ to have order 1/e-Lipschitz
gradients—fortunately, this holds for £, 2 e, and Ly.cvar-

Claim 1. Let Assumption Al hold. For all P, V Ly .cvar (%5 P) and V L, 2 peq (5 P) are (%2 + H)-
Lipschitz in x, and 0 < Lovar (25 P) — Lia.cvar (z; P) < Alog(1/«) for all x.

See proof in Appendix A.1.6. Thus, to minimize Lcy,gr We instead minimize Lyjcvar and choose
A < €/ log(1/a) to satisfy the smoothness requirement while incurring order € approximation error.
For £, 2. 5e, with A > € we get sufficient smoothness for free.*

As computing every gradient estimator requires n evaluations of V/, the total gradient complexity is
nT', and we have the following suite of guarantees (see Appendix B.5 for proof).

Theorem 1. Let Assumptions Al and A2 hold, possibly trivially (with H = 0o or G = o). Let
e € (0, B) and write v = %6. With suitable choices of the batch size n and iteration count T, the
gradient methods (9) and (10) find T satisfying E L(Z, Py) — infpcx L(2'; Py) < € with complexity
nT" admitting the following bounds.

N (GR)? . [ aGiay/log L+v B?*\/log L+v p2
* For L = Lcvar, we have nT < ~=——| 1+ min vl R R e ()

* For L = L,2.pen with A < B, we have nT < % (1 + min{G%w 6(1;”), f})

* For L= L2, we have nT (1+p)(33)232 log (1+§)Bz.

* For any loss of the from (2), we have nT < %ﬁ,a“‘“.

The smoothness parameter H only appears in rates resulting from Nesterov acceleration. Even there,
H appears in lower-order terms in € since v = %e. We also note that the final Gicqre > rate holds
even when the uncertainty set is the entire simplex; therefore, when Gi.qr < o0 it is possible to
approximately minimize the maximum loss [64] in sublinear time. Theorem 1 achieves the claimed
rates of convergence in Table 1 in certain settings. In particular, it recovers the rates for Lcy,r and
L2 pen (the first and last column of the table) when v < 1, XA 2 (B/(GR))%c, and o S GR/Gicar.
In the next section, we show how to attain the claimed optimal rates for Lcvar and £, 2.5, Without
conditions, returning to address the rates for the constrained x? objective £, > in Appendix E.

4 Multi-level Monte Carlo (MLMC) gradient estimators

In the previous section, we optimized the mini-batch surrogate £(x; n) to the risk L(x; Pp), using
Proposition 1 to guarantee the surrogate’s fidelity for sufficiently large n. The increasing (linear)
complexity of computing the estimator V.L(x; S7') as n grows limits the (theoretical) efficiency of
the method. To that end, in this section we revisit a multi-level Monte Carlo (MLMC) gradient
estimator of Blanchet and Glynn [8] to form an unbiased approximation to V £(x; n) whose sample
complexity is logarithmic in n. We provide new bounds on the variance of this MLMC estimator,
leading immediately to improved (and, as we shall see, optimal) efficiency estimates for stochastic
gradient methods using it.

To define the estimator, let J ~ min{Geo(1/2), jmax} be a truncated geometric random variable
supported on {1, ..., jmax}, and let ¢(j) = P(J = j) = 279 i=imax} . For a realization of J we
draw a sample of size 2”1, and compute the multi-level Monte-Carlo estimator as follows:

— 1 -~ ~ VL’a:;Sk/z +VL(x; Sk
MIVL] = VL(x; S?O)erDano, where Dy, = VL (z; SF)— ri5i7) 5 ( k/2+1).
1D

*We can also handle the case A < ¢ by adding a KL-divergence term to ) for L2 pen-



Our estimator differs from the proposal [8] in two aspects: the distribution of J and the option to
set ng > 1. As we further discuss in Appendix C.3, the former difference is crucial for our setting,
while the latter is pratically and theoretically helpful yet not crucial. The following properties of the
MLMC estimator are key to our analysis (see Appendix C.1 for proofs).

Claim 2. The estimator M [V L] with parameters n = 27maxny satisfies
EM\[VL} =EVL(x;ST) = VL(x;n), requiring expected sample size F.27ny = ng(1+logy(n/ng)).

Proposition 3 (Second moment of MLMC gradient estimator). For all x € X, the multi-level Monte
Carlo estimator with parameters n and ng satisfies
n
‘2 < 1 + % G2_
~ )\TLO

—~ 2 log 7=\ —
E [M[VLevw] | S (14 —22 )62 and E | M[VL ]
Claim 2 follows from a simple calculation, while the core of Proposition 3 is a sign-consistency
argument for simplifying a 1-norm, similar to the proof of Proposition 2.

ang

Further paralleling Proposition 2, we obtain similar bounds on the MLMC estimates of Lcy,r and
L2 pen (in addition to their gradients), and demonstrate that similar bounds fail to hold for VL,
(Proposition 7 in Appendix C.1). Therefore, directly using the MLMC estimator on VL, > cannot
provide guarantees for minimizing £,-; instead, in Appendix E we develop a doubling scheme that
minimizes the dual objective £, 2_pen(2; Po) 4 Ap jointly over = and A. This scheme relies on MLMC
estimators for both the gradient VL, > ., and the derivative of £, 2 ., with respect to A.

Proposition 3 guarantees that the second moment of our gradient estimators remain bounded by a
quantity that depends logarithmically on n. For these estimators, Proposition 6 thus directly provides
complexity guarantees to minimize Lcvir and £y 2.,eq. We also provide a high probability bound on
the total complexity of the algorithm using a one-sided Bernstein concentration bound. We state the
guarantee below and present a short proof in Appendix C.2.

A
S
S
A

Theorem 2 (MLMC complexity guarantees). For ¢ € (0,B), set n = QB—;, 1

and T = szfe); log? n. The stochastic gradient iterates (9) with §(x) = M [VLcvar (;+)] satisfy

E[Lcvar (Z7; Po)] — infrex Lovar(x; Po) < € with complexity at most

(GR + B)? B?
2

1
logz—2 wp >1——.
Qe n

ng log, (:O)T+5\/(nlogn)2+nonTlogn§ e

The same conclusion holds when replacing Lcyar with L2 e and a~twithl+ B 2y

Lower bounds. We match the guarantees of Theorem 2 with lower bounds that hold in a standard
stochastic oracle model [48, 43, 10], where algorithms interact with a problem instance by iteratively
querying x; € X (for t € N) and observing ¢(z; S) and V{(x;; S) with S ~ Py (independent of
x;). All algorithms we consider fit into this model, with each gradient evaluation corresponding
to an oracle query. Therefore, to demonstrate that our MLMC guarantees are unimprovable in the
worst case (ignoring logarithmic factors), we formulate a lower bound on the number of queries any
oracle-based algorithm requires.

Theorem 3 (Minimax lower bounds). Let G, R,a, A > 0, ¢ € (0, GR/64), and sample space
S = [—1, 1]. There exists a numerical constant ¢ > 0 such that the following holds.

e Foreachd > 1, domain X = {x € R | ||z|| < R}, and any algorithm, there exists a distribution
Py on'S and convex G-Lipschitz loss £ : X x S — [0, GR] such that

(GR)?

T<ec¢

implies E[Lcvar (273 Po)] — wl’rele Leovir (73 Py) > €.

o There exists d. < (GR)%*¢ 2 log % such that for X = {x € R4 | ||z|| < R}, the same conclusion
holds when replacing Lcvar With L2 pen and oo with A/ (GR).

We present the proof in Appendix D. Our proof for the penalized x2 lower bound leverages a classical
high-dimensional hard instance construction for oracle-based optimization, while our proof for CVaR
is information-theoretic. Consequently, the CVaR lower bound is stronger: it holds for d = 1 and
extends to a global model where at every round the oracle provides the entire function ¢(-; S) rather
than ¢(z; S) and V£(x; S) at the query point x.



Digits: CVaR with o = 0.02 Digits: Constrained-x? with p = 1.0
T

T
| o p——i{ |
W N

Bk oz i R U

= I LR
e TR Esaanas P et Y
50100 150 200 250 300 5 100 150 200 250 300 5 100 150 200 250 300

—e—Batch n = 10 Batch n = 50 ——Batch n = 500 —— Batch n = 5K - MLMC ng = 10 Full Batch
TmageNet: CVaR with o = 0.1
5

. ImageNet: Constrained-x* with p = 1.0 ImageNet: Penalized-y? with A = 0.4
™ 227

-

3

10 15 20 25 ) 5 10 15 20 25
Gradient evaluations (in passes over the data)

—e—Batch n = 10 Batch n = 50—+ Batch n = 500 —— Batch n = 5K —— Batch n = 50K —— Batch n = 150K = MLMC ng = 10 Full Batch

30

30

Figure 1. Convergence of DRO objective in our digits and ImageNet classification experiments. Shaded
areas indicate range of variability across 5 repetitions (minimum to maximum), and the zoomed-in
regions highlight the (often very low) “bias floor” of small batch sizes.

S Experiments

We test our theoretical predictions with experiments on two datasets. Our main focus is measuring
how the total work in solving the DRO problems depends on different gradient estimators. In
particular, we quantify the tradeoffs in choosing the mini-batch size n in the estimator V.L(x; ST)
of Section 3 and the effect of using the MLMC technique of Section 4. To ensure that we operate
in practically meaningful settings, our experiments involve heterogeneous data, and we tune the
DRO objective to improve the generalization performance of ERM on the hardest subpopulation. We
provide a full account of experiments in Appendix F and summarize them below.

Our digit recognition experiment reproduces [22, Section 3.2], where the training data includes the
60K MNIST training images mixed with 600 images of typed digits from [19], while our ImageNet
experiment uses the ILSVRC-2012 1000-way classification task. In each experiment we use DRO
to learn linear classifiers on top of pretrained neural network features (i.e., training the head of the
network), taking ¢ to be the logarithmic loss with squared-norm regularization; see Appendix F.1.
Each experiments compares different gradient estimators for minimizing the Lcvir, £42 and Ly 2_pen
objectives. Appendix F.2 details our hyper-parameter settings and their tuning procedures.

Figure 1 plots the training objective as optimization progresses. In Appendix F.4 we provide expanded
figures that also report the robust generalization performance. We find that the benefits of DRO
manifest mainly when the metric of interest is continuous (e.g., log loss) as opposed to the 0-1 loss.

Our analysis in Section 3.1 bounds the suboptimality of solutions resulting from using a mini-batch
estimators with batch size n, showing it must vanish as n increases. Figure 1 shows that smaller
batch sizes indeed converge to suboptimal solutions, and that their suboptimality becomes negligible
very quickly: essentially every batch size larger than 10 provides fairly small bias (with the exception
of £, in the digits experiment). The effect of bias is particularly weak for £, 2_p.,, consistent with
its superior theoretical guarantees. We note, however, that the suboptimality we see in practice is far
smaller than the worst-case bounds in Proposition 1; we investigate this in detail in Appendix F.5.

While the MLMC estimator does not suffer from a bias floor (by design), it is also much slower
to converge. This may appear confusing, since the MLMC convergence guarantees are optimal
(for Lcvar and L, 2_pen) While the mini-batch estimator achieves the optimal rate only under certain
assumptions. Recall, however, that these assumptions are smoothness of the loss (which holds in our
experiments) and—for CVaR—sufficiently rapid decay of the bias floor, which we verify empirically.

For batch sizes in the range 50-5K, the traces in Figure 1 look remarkably similar. This is consis-
tent with our theoretical analysis for Lcv,r and £X2-pen, which shows that the variance decreases
linearly with the batch size and we may therefore (with Nesterov acceleration) increase the step size
proportionally and expect the total work to remain constant. As theory predicts, this learning rate
increase is only possible up to a certain batch size (roughly 5K in our experiments), after which larger
batches become less efficient. Indeed, to reach within 2% of the optimal value, the full-batch method
requires 27-36x more work than batch sizes 50-5K for ImageNet, and 9-16x more work for the
digits experiment (see Table 4 and 5 for a precise breakdown of these numbers).

We also repeat our experiments with the dual SGM and prima-dual methods mentioned in Table 1
and compare them with them our proposed method; see Appendix F.6 for details.



Broader Impact

The robustness of machine learning (ML) models, or lack thereof, has far-reaching present and
future societal consequences: in autonomous vehicles [39, 18], medical diagnosis [53], facial recog-
nition [11], credit scoring [29], and recidivism prediction [12, 1], failure of ML to perform robustly
across sub-population or under distribution shift can have disastrous real-life consequences, particu-
larly for members of underserved and/or under-represented groups.

Distributionally robust optimization (DRO) is emerging as a methodology for imposing the constraint
that models perform uniformly well across subgroups, and several works conduct experiments
demonstrating its benefit in promoting fairness [34, 24, 74] and robustness [68, 61] in ML. However,
the computational experiments in these works are relatively small in scale, and there exist serious
computational impediments to scaling up DRO. Consequently, the potential benefits of several DRO
formulations remain unexplored.

The main contribution of our work is in strengthening the theoretical and algorithmic foundations of
two fundamental DRO formulations. In particular, for y2-divergence uncertainty sets we give the
first proof that stochastic gradient methods can scale to large data similarly to they way they scale for
standard empirical risk minimization. We believe that our algorithms will serve a basis for future
experimentation with CVaR and x? divergence DRO, and we hope that the resulting findings would
lead to more robust and fair machine learning algorithms with positive societal impact. Towards that
end, we will release an implementation of our DRO gradient estimators that integrates seamlessly
into the PyTorch optimization framework and is therefore suitable for application in a wide range of
ML tasks.

In addition, we believe that our work is a step towards a suite of algorithms capable of solving a
broader class of DRO problems at scale, including e.g., uncertainty set with explicit group structure as
proposed in [38, 61]. We believe that such algorithm suite will empower machine learning researchers
and engineers to create more reliable and ethical systems.

However, greater applicability and simplicity always comes with the risk of irresponsible and
superficial use. In particular, we are concerned with the possibility that DRO might become a
marketing scheme to sell off ML systems as robust without proper verification. Therefore, the
development of robust training procedures must go hand-in-hand with the development of rigorous
and independent evaluation methodologies for auditing of algorithms [36, 54, 41, 14, 45].
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Appendix

A Extended preliminaries

In this section we collect several basic results which we use in subsequent derivations in the paper:
Section A.1 gives several additional characterization of the robust objective £, Section A.2 briefly
discusses the computation of £ and its costs, Section A.3 gives a short derivation of the complexity
guarantees for “dual SGM” in Table 1, and Section A.4 introduces the notion of losses contained in a
x? divergence ball. Finally, Section A.5 lists a few standard probabilistic bounds.

A.1 Characterization of the robust objective

Here we give several equivalent characterizations of the robust objective

L(x;P) = sup {ESNQ[e(z; S)] — ADy (@, P)}. (12)
QK P:Dy(Q,P)<p

where 1), ¢ are closed convex functions from R to R satisfying ¢(1) = ¢(1) =0,

Dy(Q, P) ::/qﬁ(jg)dP, and Dy (Q, P) :z/w(j@dp.

For P [s7] uniform on 1, 9, . .., S, (Which we abbreviate s7), we write
L(x;s7) = L(x; Pls})) = sup {Z(qié(a:; si) — t(ng;)) } (13)
€A™, +0(ngi)<p i<

A.1.1 Inverse-cdf formulation

Instead of expressing the objective in terms of distribution over S, we can characterize the robust
loss in terms of the inverse cdf of the distribution (over R) of £(z; S). Let F'~! denotes the inverse
cdf of ¢(x; S) under P. Note that ¢(x;S) with S ~ P is equal in distribution to F'~1(U) with
U ~ Unif([0, 1]). Therefore,

L(x; P) = sup {Buna/ [F71(U)] = ADy (@', Unif([0,1])) }
Q':Dy (Q',Unif([0,1]))<p
= sup [ [r() P~ (w) = aw(ra)au (14

where the last equality follows from writing r(u) = W%(u), and the set R is

R = {7’ 10,1 > Ry /01 r(u)du =1 and /01 o(r(u))du < p}. (15)

A.1.2 Dual formulation

We can convert the maximization over 7 in Eq. (14) (or @ in (12)) with minimization over Lagrange
multipliers for the constraint that » sums to 1 and the ¢-divergence constraint, yielding

L(z; P) = ne%enfmT(x’n’ v; P), where

1
Y P)i= [ swp [rF7 ) = (e = 1) = v(6() =) = M) du, (16)

reRy

where the strong duality follows Shapiro [66, Sec. 3.2]. Writing (g)*[v] := Sup;cdom(g){vt — 9(t)}
for the conjugate function of g, we may express Y as

1
Y(z,n,v; P) :/0 (o +A) " [F~ (u) —nldutn+vp = E(vg+X)*[€(z; S) —nl+n+vp, (17)
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where the expectation is over S ~ P, i.e. the distribution from which we observe samples. On a finite
sample s] we have

T m, v 0) = Tl m, v PIst]) = 370+ M) 6w 50) — ] + 1+ v,

i<n

For pure-constraint objectives (with ¢ = 0), T simplifies to

lx;S) —
¥ =0 = (a9, P) = vEgp " {(“’V)”} + 0t vp. (18)
For pure-penalty objective (with ¢ = 0) the Lagrange multiplier v is unnecessary and we have
Ux; S) —
=0 = TC&W;P)AES~P¢*{(x;n}4W (19)

Note that T is an expectation (i.e., an empirical risk) which means that to minimize £(z; P) we can,
in principle, apply ERM jointly on x, ) and v, as we further discuss in Appendix A.3.

Finally, we note that any (Q* attaining the supremum in (12) is of the form

dQ* * */ . *
55 (5) = (v N [0 ) — ')

where 7* and v* are optimal Lagrange multipliers in (16) and (v* + \tb)*' is a subderivative of
(v* + A)*. For ¢ = 0 this specializes to

=[S,

For a finite sample, we have

(20)

A.1.3 Expressions for CVaR

Recall that CVaR at level « corresponds to ¢ = 0 and ¢ = I[g 1 /o). The dual expression of CVaR
simplifies to [67, Example 6.16]

1
Lovar(z; P) = 1nf{ Eswp(l(z;S) —n)+ + 77}.
neR | «
It also has a simple closed-form expression in terms of the inverse cdf of ¢(x; S) [67, Theorem 6.2]:
1 /1
ECVaR(x;P) = 7/ F_l(u)du. (21)
Q@ J1—q

We note that this last expression is a direct consequence of (14), since R is the set of measures never
exceeding é On a finite sample s} this gives the closed-form expression

Lan]
an
Levar (75 57) Z (3 50)) ( - H) U35 (lan+1)); (22)
where 51y, ..., 8(,) are a permutation of s} satisfying £(z; s(1)) > £(x;5(2)) > -+ > (x5 8())-

For o < 1/n we simply have Lovar (2; $T) = max; <, £(x; s;).
The KL-divergence penalized CVaR at level a corresponds to 1(t) = Ijg 1/q)(t) +tlogt —t + 1,
for which
Vo] = e’ —1 v<log§
S li-1+2L(v—1logl) otherwise,

and the dual expression for Ly cvqr is given by (19). In the special case o < 1/n the CVaR constraint
becomes inactive, and we can minimize over 7 in closed form to obtain the standard “soft max”
objective Li.cvar (73 5T) = Alog(+ > i<n exp(l(z; si)/N)).
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A.1.4 Expressions for £, e, and L, 2

The penalized version of the x? objective corresponds to ¢(t) = 0 and ¢(t) = (¢ — 1)2. Note that
Dy(Q, P) is invariant under ¢(t) — (t) + c¢- (¢t — 1) for any ¢ € R because f(% —1)dP =0.
We find it more convenient to work with 1(t) = 1(t — 1)* + (t — 1) = 3(¢* — 1), for which the
conjugate is simply ¢*[v] = 1((v)2 + 1). The dual form (19) gives

. 1 A
‘CXQ—pen(-m P) = 711161]%{ 2\ ESNP (E(x7 S) - 77)1 + 5 + 77}' (23)
The infimum is attained at the n* solving E(¢(xz; S) — n*)+ = A. In other words,
* * A F(n*) A
n* =E[l(z;9) | £(z;5) > n*] — = Loy (23 P) — 7

where F'(t) = P(£(x; S) < t) is the cdf of £(x; .S). Letting &(n*) denote the event that £(x; S) > n*,
substituting back to the expression for £,2_pe, gives

2
L2 pen(w; P) = E[f(; S) | 8(7)] + %Var[ﬁ(x; S) | B + ;(W _ 1) ,

In words, £,2_pe, is @ sum of a CVaR (at level F'(n*)), a conditional variance regularization term
and an outage probability regularization term. This expression simplifies considerably when A is
sufficiently large. Specifically, we have,
A>B = A>E/l(z;S)— F(0)
= n*=E/l(x;S) — X\ and ]P’(Qﬁ( N =1

= Ly2pen(w; P) = El(x; ) + 5 Var[ (x;9))]. (24)

A
That is, for sufficiently large A the objective L,2_ ., is simply the empirical risk with variance
regularization (see also [22]).
For a finite sample we have

1

A
§ cel) )2 - *
2)\7’7/ (Z(x, Sl) nn)—i- + 2 +77n

i<n

Ly pen (3 87) =
Where 77;2 is the solution to >, ., (€(z;8;) — 1)+ = nA, or equivalently

)\
=% Z U(x;5(;y) — — for the unique 5* such that £(z;5;x41)) < 0y < L(T;53+)), (25)

where {{(x; s(i))} are the sorted {£(x; s;)} and £(2; 5(,41)) = —00.

An expression for £, > follows via (23)

L2 (z; P) = ;g%{ﬁxz.pen(x; P)+X\p} = %g%{\/l + QP\/ESNP (0(x;S) —n)F + n}, (26)

and the maximizing () is

aQ* () )y
1P ) = By @) —n)y &7

A.1.5 Expression for VL

Let Q* by a distribution attaining the supremum in (12) and recall that V£(z; s) denotes an element in
the sub-differential of ¢(z; s) w.r.t. . Then the following vector is a subgradient of £ [37, Corollary
4.4.4],

VE(I, P) = ]ESNQ* V£($7 S)

Similarly, for a sample of size n and a maximizing ¢*, we have

VL(z;sT) Zq*Vﬁ (z; 5). (28)

i<n
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A.1.6 Smoothness of L,>_pen and Lyj.cvar

The smoothness of £ (i.e., Lipschitz continuity of its gradient) plays a role in our mini-batch gradient
estimator complexity guarantees. When the penalty term 1 is strongly convex, the maximizing Q*
(or ¢*) is unique, and if V¢ is H-Lipschitz then L is differentiable [37, Corollary 4.4.5]. In particular,
writing ()% for the maximizing () at point x, we have

Vet ) - Vet P = | [ (9t 910z 0) - Vitzs1a0; 00}

aQ: . dQ;
< [19tt:9) - Vet 9)14Q3(6) /NM,MQ Q(%ﬂ@
< Hlz -yl +G|Q5 - Q3| (29)

Therefore, if )7 is Lipschitz w.r.t.  in the 1-norm then V £ is Lipschitz as well. This is indeed the
case L, 2 pen and Lyr.cvar.

Claim 1. Let Assumption Al hold. For all P, V Ly cvar (75 P) and V L2 peq (5 P) are (GTQ + H)-
Lipschitz in x, and 0 < Lcvar (75 P) — Li-cvar (75 P) < Alog(1/a) for all x.

Proof. Since entropy is 1-strongly-convex w.r.t. the 1-norm, for Ly .cvar We have that the penalty i)
is A-strongly-convex w.r.t. the 1-norm and therefore [63, Lemma 2]

G
l@: — @3ll, < £ )~ €)oo < S Nz =yl

which by (29) implies that V Ly.cvar is (H + G?/X)-Lipschitz as required. For £, 2 e, we find it
easier to argue for a finite sample s7. By (13) we have ¢} = argmax,ca» {qTl(z) — 3An|q||3}.
where ¢;(x) = ¢(x; s;). Therefore, by An -strong-convexity w.r.t. the 2-norm, we have

* * * G
g = gyl < Vnllg; — gy 16(z) = £(y)ll2 < Nl = yll;

|2 = )\\/7
establishing that VL, 2 e, is also (H + G?/))-Lipschitz.

Finally, we note that Ly.cvar (z; P) < Lcvar because Dy (Q, P) > 0 for all Q. Conversely since
any feasible @ satisfies dQ/dP < 1/a we have D, (Q, P) = [ dQ log g < log + and therefore
Lucvar (25 P) > Levar (23 P) — Alog £ O

A.2 Computational cost

To compute L£(x; sT) and its (sub)gradient from {(x; s;) }i<y, and {V4(z; s;) }i<p, We compute ¢*
that maximizes (13) and substitute it back in (28). The substitution requires O(nd) work, so it
remains to account for the work in computing ¢*.

For CVaR, this clearly amounts to sorting {¢(z; s;) }i<y and therefore takes O(nlogn) time. Sim-
ilarly, for £,2_ e, we may find sort the losses and find 7* in (25), and hence 7;; and ¢*, in O(n)
time. Alternatively, for any objective with ¢ = 0 (including £,2 e, and Lyicvar We can bi-
sect directly on 7, either to minimize the expression (19) or to satisfy the the simplex constraint

Yicn @ = 5 Xicn (W) [(U(; 5) —0") /A = 1.

For L, » we may find ¢* by performing similar bisection over 7 via the expression (26), again either
mlmmlzmg it or solving for the condition * =D ien Uy si) =) = (14 2p) (2 D icn(b(m;8:) —

77*)+) . Finding an ¢ accurate solution via bisection requires roughly 7 log g time.

Since we are interested in large-scale application, we assume that d >> log(nB/¢) and therefore the
time to compute the objective and its gradient is O(nd).

For simplicity and stability, our code implements the computation of ¢* using bisection over 7 for
each of £, 2. pen, Ly2 and Lyj.cvar.
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A.3 Stochastic gradient method on the dual objective

Here we discuss the convergence guarantees for a simple stochastic gradient method using the dual
expression (16) for £(x; Py) in order to minimize it over x. While several works consider such
methods (see Section 1.1), we could not find direct reference for their runtime guarantees, and we
therefore briefly derive it below.

Focusing on objectives with ¢ = 0 (as in (19)), and writing -y, and -y, for step sizes, we write the
iterations on x and the Lagrange multiplier 7 as

12 QT;SZ‘ —
i1 = Hx(2y — 7 VY (24,15 Po)) = (ﬂit o [(/\)nt] Vi(x; Si)) and

13} o | U5 Si) —
Ner1 = iy z) (m - %a*nT(xt, Mt Po)) = My <7lt + /[()\)m} - %7), (30)
Where S1, Ss, . .. are drawn iid from Fp.

For CVaR, we have (¢*)'[v] = 11,50y and we may restrict 7 to the range [,7] = [0, B], as
the optimal 7 is the value at risk level o and therefore in the range of /. For L,2 ., we have
(¥*)'[v] = (v)4 and we may take [, 7] = [, B] due to the condition E(¢(z; S) —7*)4 = A. In
these settings, the method (30) has the following guarantee
Claim 3. Let € € (0,B). For CVaR and a suitable choice of v,y the average iterate Tp =
T > i<t Tt satisfies
. : GR)* + B

E Levar (T13 Po) — Inin, Levar ("5 Py) < € for T =< %-

Similarly, for x? penalty we have

GR)? + B? B?
B o7 ) ~ iy Lou(a's ) < ¢ for T LR (14 20,

€2 A2

Proof. By Proposition 6, the expected sub-optimality of 7 is < (T'x R + T, (7 — 1)/V/T, where
I'2 (respectively I';)) is an upper bound on the second moment of VY (z,n; S)ﬁ (respectively
B%T(x,n; S)). For Levar we have I'y < G/a, Ty < 1/aand 7 —n = B. For L2, We
have I'; < G(1+ B/)),T';, =1+ B/XAand ) — n = B + \. The result follows from substituting
T = (T2R? +T2(—n)?)e 2. O

A.4 Uncertainty sets contained in x? divergence balls
A number of our results hold for general subclass of the objective (12) with the following property.

Definition 1 (x2-bounded objective). An objective L(x; Py) is C-x?-bounded if for all x and all Q*
attaining the supremum in (12) we have D2 (Q*, Py) < C.

The three objectives we focus on are y2-bounded.

Claim 4. The objectives Lyi.cvar, £y and L2 peq are x2-bounded with constants C = £ —1, C = p

and C = B/, respectively. “

Proof. That L, is p-x2-bounded is obvious from definition. For L2 pen We have
£x2—pen($§ Ry) = Eswq+ U(z; ) — >‘DX2 (Q*, Py)
> Esop, £(2;5) — ADy2 (Po; o) = Esp, £(2; S)
and consequently
Esq+l(x;S) —Egop, U(x;5)
A
Finally, for Ly .cvar every feasible @ satisfies dQ/d Py < 1/« and therefore

De(@. R = | (‘1@(5))2@0(5) 1= (G @ )ame 1= 1 -

B
D2 (Q", P) < < e

dp, = a\dpP, a
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A.5 General results

We conclude this section of the appendix by stating three general results that aid our analysis. First,
we give a lemma stating that a binomial random variable with parameters n and « has a constant

probability of being at least y/a(1 — a)n below its mean.
Lemma 1. Lern € Nand o € (0,1). There exists a numerical constant C € R such that

C

P(Bin(n, @) < na — y/na(l — a)) > P(N(0,1) < —1) — T

Proof. Note that P(Bin(n,a) < na — /na(l — a)) =P(Y/n < —1) where Y = 1 Bin(n,o) —na

n oV a(l-a)

is the mean of n independent random variable with zero mean, unit variance, and absolute third
2 2
a’+(-a)” L_ . The Berry-Esseen theorem [25, Theorem 3.4.17] states that

\/oz(lfoz) - \/a(lfa)
for such Y we have |P(Y/n < t) — P(N(0,1) < t)| < Cp/+/n, for all t € R; substituting ¢ = 1

and p < \/% concludes the proof. O

moment p =

Second, we state the Efron-Stein inequality in vector form, which follows from applying the standard
scalar bound element-wise.

Lemma 2 (Efron-Stein inequality [9, Theorem 3.1]). Let X?H be i.i.d random variables and
f: X" —= R™. Let I be uniform on {1,...,n} and let X3V be such that X; = X; fori # I and
X1 = Xnt1. Then

n n n e
Var[f(XT)] < S E[IF(XT) = F(XD)]% (31)
Third, we give a general lemma on the variance of sampling without replacement, which we specialize

to the simplex for later use.
Lemma 3. Let p € AF and let T be a random subset of [k) of size k2. Then

Proof. Let us denote ¢ = p — +1. We have

2 2

1
E(> pilgery - 5| =E > dilgieny
i<k i<k

(@1 2
- 52‘11' +Z(Jiqj]El{iez and jez}

i<k i#j
@ 1, 5 k—2 1,0 k—2
= - — iqj = = — i(1—q;
5 lall +4(k_1)ZquJ 5 lall +4(k—1)ZQ( )
i<k j#i i<k
@) (1 k—2 9 1.y
= (- -~ < =
(5 10y ) lal” < gal®.
where (i) stems from P(i € Z) = 3, (ii) from P(i € Tandj € I) = %%2:11 and (i4i) from
> i<k @ = 0. Noting that D2 (p, +1) = k|lq||? concludes the proof. O

B Proofs from Section 3

This section completes the proof and discussion of the results in Section 3. First, in Section B.1,
we prove the bias bounds in Proposition 1 and argue their tightness in the worst case. Section B.2
provides additional discussion of the smoothness and Lipschitz inverse-cdf assumptions sometimes
used in this section. Then, in Section B.3 we bound the variance of the mini-batch estimators for
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x2-bounded penalty objectives and their gradient, obtaining Proposition 2 as a corollary. We also
argue that similar bounds do not hold for the x? constraint objective. In Section B.4 we review
the standard convergence guarantees for stochastic gradients iterations with and without Nesterov
acceleration, and in Section B.5 we combine all these ingredients to prove Theorem 1.

B.1 Bias of batch estimator

B.1.1 Proof of Proposition 1

Proposition 1 (Bias of the batch estimator). Forall x € X and n € N we have

Bmin{l, (an)_1/2} for L = Lcvar (5)

0 < L(x:Py) — Llin) < B+\/(1+p)(logn)/n  for L= L, (6)
- T B2n)! for £ =Lz pen 7
Gicgtn ™ for any loss (2), (8)

where the bound (8) holds under Assumption Al.

Proof. We first show that the bound £ > £ holds for any loss of the form (12) and then proceed
to show each of the bounds (5)—(8). We remark here that the bound (6) actually holds for any
p-x2-bounded objective (Definition 1).

Proof of L(x; Py) > L(x;n). The dual expression (17) gives

Ll P) = inf Esn,{(v0+ M) [0ai S) 1 + 1+ vp)

= inf ES?NP;{i D W+ M) [w; Si) =] +n + Vp}

ER,v>0
&Sy i<n

>Esppp inf {TIL Z(V¢ + M) (x5 S;) — ) + 1+ Vp} =EL(z;S?) = L(x;n),

nerR,v>0
i<n

where the inequality follows from exchanging the expectation and the infimum.

Proof of the CVaR bias bound (5). By Eq. (22) we have
- lan] I_ J
Levar (w51) = E Levar (25 5T) Z E £(x; Sey ( on ) Ef(z; S(lan|+1))

where £(x; S(;)) is the ith order statistic of é(:z:, ST') (in decreasing order). Recalling that F' denotes
the cdf of ¢(x; .S), we may write £(x; S) = F~*(U) with U uniform on [0, 1]. Therefore, £(x; S(;)) =
F~Y(Uy;)) where U;) ~ Beta(n — i + 1,4) is the ith order statistic of n iid Unif([0, 1]) random
variables [57, Sec. 4.6]. Taking expectation, we have

1
Esp~pp E(I;S(i)):/o F7 ' (u) foetan—it1,6) (w)du,

where fgeta(a,p) 18 the density function of the Beta random variable of parameters a, b. Substituting
back, we have

_ 1 /1
Levar(z30) = a/ To(u)F~ (u)du, where
0

LanJ
an
Z fBeta(n i+1,7) ) < LnJ) fBeta(nfl_anj,Loijrl) (U) (32)

Using

n '
n: —i i—1

1 " _ 1 n— 1 K3
" Z foeta(n—i+1,5)(w) = " mu (1—u)
i=1 =1

= -1 ) .
= (1;_ 1) (1 —w)u" " =1,

=0

<.

(33)

[u
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we have that

1 n
1-— Ia(u) < E Z fBeta(7L—i+1,i)(u)'
i=lan]+1

Recalling Eq. (21) for Lcvar (73 Py), and recalling that F~1(u) € [0, B] for all u by assumption, we
bound the bias as

_ 1 /[t
Levar (23 Po) — Levar (z3n) = E/ 1110y — Zo(w)] F~ ' (u)du
0

B [

< — []—{uZl—a} _Ioc(u)] du
QO J1—a
B[t [1 &

< — - Z fBeta(n—i+1,i) (u) du
a Ji—a \ 1.

i=|an]+1

B n

= P(Beta(n —i+1,7) > 1 — «). 34
on ‘LZ:JH (Beta(n —i+1,i) > @) (34)

To conclude, it suffices to bound the tail probability of the Beta random variables. We have [see, e.g.,
57, Ex. 5 in Sec. 4.6]

P(Beta(n —i+1,i) >1—a)=1—P(Beta(n —i+1,i) <1 — )
=P(Bin(n;1 — ) <n —1i) =P(Bin(n; o) > 1),
and the multiplicative Chernoff bound [46, Theorem 4.3] gives

1 — no 1 —no
P(Bin(n;a) > 1) < - i 1.
(Bin(n;a) >4) < exp( 3 mln{ — })

Therefore, for an > 9,

2lan]

i=|an]+1 i=|an|+1 i=2|an]+1
o u? 2lan] +1—an o= _;
<1 .~ \d ot = —i/3
< +/O exp( 3na> u+exp< 3 );e
V3man e 3

< < 3v/ .
st s s Ve

Substituting into (34) and using Lcvar (z; Py) < B when an < 9 gives the final bound

Levar (75 Py) — Levar (251) < Bmin{ (35)

3y
Van' [’
Proof of the bound (6). We start with the expression (14) specialized for the £, 2,

1
Lol Po) =sup [ r(8)F (1 - 35,
reER JO
where
R = {r :[0,1] = Ry ‘ Ir[li =1, [|7]|3 < 1+ 2p, and r is non—increasing};
The restriction of R to non-increasing functions is “free” since F'~! is non-decreasing. Our strategy is

to relate F~! to CVaR and then apply the corresponding bias bounds (5)—this type of transformation
is closely related to the Kusuoka representation of coherent risk measures [42]. Specifically, note that

o [ A _ d, .
LEvr = &/0 le(l—ﬂ)dﬂ e le(lfa)za(aﬁcwm)
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Therefore, for any r € R integration by parts gives

1
/ r(B)F;*(1—B)dB = / aﬁcwm)da =r(1)Lévig — / 7' (a)aLlgygda.
0 0

The CVaR bias bound (35) tells us that L&,z < Leyar + bb() where bb(a) = 3B min{, [, 1}.

Moreover, we may write Ley,g = L o E F- 1(1 — B)dB, where F denotes the empirical cdf of the
losses £(x;S1), ..., ¢(x; Sy). Noting that 7’ (a) < 0 for all cr, we may write

1 1 1
—/ r'(a)alyrda < 7/ 7 (o) aLoyrde — / r’(a)a - bb(a)da
0 0 0

1

= E/O r(B)FH (1 — 8)dB — r(1) Loy + /0 [r(e) = r(1))(@ - bb(a))'da

where in the final equality we used again integration by parts along with Eﬁ_l(l —a) =
L (aLevar).
Substituting back and using Ly, = ZéVaR =[E/{(x; S), we obtain
1 1 N 1
[ roFsia-nas-E [ r(3F 1= 58 < sup [ @) - r(1))(a-bb(a))da = B
0 0 reR Jo

Taking a supremum over r € R, we conclude that

1 1
Ly2(x; Py) = sup/ r(B)F; (1 — B)dB < sup IE/O r(B)F (1 -pB)dB+FE

reR JO rerR
1
<Esup [ r()F (1= 545+ B = Lolwin) + E. (36)
reR JO

It remains to bound the quantity £, which we do via the the Cauchy-Schwarz inequality and the
definition of R, which gives

B = [ (@) - ] 1)) do <l b0 < VTFZ- - bb(a)

for all 7 € R. We calculate (v - bb(a))’ = bb(0)1{a<1/n} + 5bb()1{a51/n}, s0 that

bb?(0) L dg 4+logn
(- bb(a)||3 = - <1+/1/n45> §(3B)2.T.

for all » € R, giving the required bound.

Remark 1. The bound (36) hold for any loss (12) and not just £, . Moreover, the final bound using
Cauchy-Schwarz is equally valid for any p-y2-bounded uncertainty set. In particular, consider the
Cressie-Read uncertainty sets [15] corresponding to k-norm the constraint ||r||? < 1 + 2p. For
k > 2 they satisfy ||r]|3 < 1 + 2p and our bias bounds holds (using Hélder’s inequality instead of
Cauchy-Schwarz removes the logarithmic factor). For k& € (1,2) Holder’s inequality gives bounds
decaying as n~(k~1/k,

Proof of the bound (8) Starting with CVaR, we return to the expression (32) for the bias and note
that
[Lus1-a) = Za(@)]F 7 (u) < [L{uz1—a} — Za(W)]{F (1 — @) + Gicgr - (u— (1 — @)}

holds for all u, because when u < 1 — o we have that 1;,>1_q) — Z,(u) < 0 and so we increase
the LHS by replacing F'~! with an under-estimate, while for « > 1 — o we have 1 — Z,,(u) > 0 due

23
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to (33) and we increase the LHS be replacing it with an F'~! with an over-estimate. Substituting
into (32) and calculating gives

Lcvar (23 Po) — Levar (z31)

1 1
< &/ (1{u21—a} — T, (u)) [Fil (1 — Cv) + Gicar (’LL . [1 . a])] du
0
[ Gic !
) Triedf / (1{u217o¢} — T (u)) udu
a Jo
@~ |1/ 0 ey 1 " i, lon]\n—|an]
= Gicdr % (1 (1-a) ) on i_n_%;nﬁl o (1 o o

= Gheat 1‘;%(;”@(%@“1) <1 W"J) ”‘LO‘”J}

a 1 |[an] n[omj]

=Giar |1 -5 — 5 1) -
¢ Sl ) 2an(n+1)(LanJ+ ) n+1

= G | L 4 Lo [1_ Laq Lo 1LanJ}

n+1 n+1 2amn 2 2an(n+1)

[ 1 an « Gicdf
< G; - = < . 37
R e Ry oy 2]_n+1 37)

Above, (7) uses the fact that éfa is a convex combination of densities to deduce that

1
/0 (l{uzl—a} —Za (U)) [Fil (1-a) = Giar- (1 - a)] du =0,

and (i7) uses the definition (32) of Z,, along with the fact that E Beta(a,b) = ;%.

This bound extends to any £ of the form (12) via (36), since we have bb(a) = Gict/(n + 1)
independent of @ and consequently (« - bb(«)) = Gicar/(n + 1), giving

E = sup/ [r(a) —r(1)](a - bb(a)) da = Chcat Sup/ [r(a) —r(D)]da <

rer Jo n+1l ,erJo

Gicar
n+1’

since [ 7(a)dar = 1 for all r € R regardless of ¢ and .
Penalized-y> We use the shorthand Z = /(x, S) and for a sample ST* we let Z; = {(x,S;). B

Eq. (23),
(Z —n*)%

D
‘CX?—pen(x;PO) = T(U*;Po) =E T +n + 57

where n* is the unique solution to E(Z — n*);. = A. (We omit the dependence of T on x as x is
constant throughout). Similarly, we have that

L2 pen(23ST) = (103 ST), where Y(n,;ST) = ; —om +n+ 5
and 1,, is the unique solution to £ >°" | (Z; — )+ = A. Convexity of T w.r.t. ) gives us
Y(nn; S7) 2 T ST) + X' (05 ST) (0 — 1)

Taking expectation, we observe that E Y (1,,; ST') = L2 pen(2; 1) and EY (n*; ST) = Y (n*; Po) =
Ly 2_pen (3 Py). Therefore, by the Cauchy-Schwarz inequality

L2 pen(@51) — Ly2pen(@; Po) = EY' (05 ST) (1, — %)

Wy (™ ST)(n, — Emy) > —y/ Var Y/ (n*; S7)+/ Varn,, (38)
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where () uses that E Y/ (n*; S7) = EY’(n*; Py) = 0 by the definition of *, and therefore we may
replace 1, — n* with n,, — En,,. We now proceed to bound each variance separately. First, we have
1O (Zi— ) 1 ((Z-w) 2

i~ N )+ —n )+

VarY'(n*;S7) =E|— — -1 =—El———— -1
arY’(n*; S7') n;( \ )] n ( 2 >

L[ (Z—-n")2 171 . 2B
= —_— = — | — 2 N — — — < —
{E 2 1 - )\(QEX —pen (73 Po) — 21 A) -1 < o (39)

n

where in the final transition we used L2 pen(2; Py) < B and n* > —A due to E(Z — n*); = A and
Z > 0.

To handle the second variance we use the Efron-Stein inequality (Lemma 2). Let I be uniformly
distributed on [n], and define

Zin = (Zla . '72171;Z}aZI+17 .. '7Zn)a
where Z’ is an i.i.d. copy of Z. Let 7j,, be the solution to & S (Zi — 1)+ = A Then,
Varn, < 2 E(n, — fia)? (40)

Define the random set
A={i| Z; —n, >0}

Recalling that 37" (Zi — i1n)+ = Sor_1(Zi — 0n)+ = An, we have

0= {Z=m)s = Zi=in)s } 3 {(Z = m) = (Zi =) }

icln] icA
< {@=m) = (Zi= i)} = 1Al = 1) + (21 = ZD)1Lsea),
i€ A

and therefore 7, — 1, < %. Similarly defining A= {i] Z; — 7l > 0} and applying the same

argument with 7,, and n,, swapped allows us to conclude that

1 1 5 1 1 _
n — T 2 < B2 max{ {IE'A}7 {INEA} } < B2< {IcA} + {ING.A} ) )
(n )" < |A? A2 > AP AP

Taking expectation, we obtain
) lgeay]  2B2 [ 1
E(n, — 7i,)? < 2B2E| YA | _ 22 | ° |
om0 <28°8 58] = 2 e

where the final transition follows from E[ 1{;¢ 4} | [A[] = |.A|/n (since I is uniform on [n]). Assume
for the moment that A < B. Then we must have 7,, > 0 and moreover |A| > nmin{l, A\/B} with
probability 1. Substituting back into (40), we get the variance bound

BS
Varn,, < TS 41

Combining (41), (39) and (38) gives the result for A < B.
In the edge case that A > B, Eq. (24) gives us that

— 1 1 n n—1
Lypen(;n) =B~ ; Zi+ 5y EVar[Z7) = EZ + = = Var[Z]
(w3 Po) — S VarlZ] = £(as Py) — 2
= . _—— I‘ . —_—_—
BRI T Al = SR T o
We note that in this case may easily form an unbiased estimator of £, ., by using the standard
unbiased variance estimator. O
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B.1.2 Worst-case tightness of bias bounds

Proposition 4. For p € [0,1], ler Py = Bernoulli(py) and £(xz;s) = B - s. The following results
hold.

e Set pg = «, then

— BvV1—«
Levar(2; Py) — Levar (251) 2 —Van

s Setpo = (1+2p)~1, then

Lo2(2; Py) — Ly (23m) 2 B g.

~

* Setpg = \/B < 1/2, then

_ B2
Ly2pen (T3 Po) — Ly2pen(@3m) 2 S

Proof. As before, we treat each case separately.

CVaR. First, note that Lcvar (23 Py) = B since for Q such that Q(1) = 1 we have %(s) =
11521y and therefore Q € U,z (Po). Second, for a sample S} € {0,1}" we have

n 1
Levar (75 57) = Bmax{l, o Z Si}-

1€[n]

Therefore

— B
Levar (23 Fo) = Levar(z3n) = —- E(na -y Si)
+

1€[n]
> uﬂ”(Bin(n,a) <na—+/na(l—a)) 2 m,
van van

where the final bound follows from the Berry-Esseen theorem (see Lemma 1).
Constrained-y2. The x? divergence between two Bernoulli random variables is
2 2 2
1 1 1-— —
D, (Bernoulli(g), Bernoulli(p)) = 2p<z - 1) + 5(1 -p) (HZ - 1) = 2(;(12))19)
Therefore, for any p € (0,1), the element in M)’C’Q(Bernoulli(p)) that maximizes Q(1) is @ =
. . o . o 1 .

Bernoulli(q) with ¢ = mln{Lp +v2p/p(1 —p)}. Set po = 175, and note that the function
f(p) =p+v2p/p(1 = p) = p+ /(1 = po) /po+/p(1 — p) satisfies f(po) = 1 and f'(p) > 5,

for all p < pg. Therefore, we have
1 (po - p)
2p0 +

for all p € (0,1), with equality at p = po. In particular, setting P, = Bernoulli(py) implies
Ly2(x;Py) = B and for a sample S} ~ P with p = %Zie[n] S; we have L,2(x;ST7) <

L2 (x; Bernoulli(p)) < B

2po
— B B ® ByI—po [2p
x2 (Iv 0) X2 (CC,’/L) = 2p0 (pO p)+ 2p0n (npo zz[n] 7,>+ ~ \/W n’

where () follows from the CVaR case and for the final equality we substitute the definition of py.
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Penalized-y?. Forany p € (0,1) we have

L(z; Bernoulli(p)) = sup {¢B — AD,z(Bernoulli(g), Bernoulli(p)) }

qE[O,l]
1-p)B
= sup {qB—A(q_p)z} = pB(1+( oY ) pA/B
qe(0,1) 2p(1 —p) B — ’\(127;”) otherwise.

Simplifying, we have,

. i <
L(z; Bernoulli(p)) < B

_1’_7

B+X B A\ B (p—3%)
2 o | \P

with equality at p = \/B. Taking py = A/B and and for a sample S}" ~ P’ letting p = + 3", en] Sis
we have

Lo (2 Py) — Exon (131) > — D B(j — po) + L= B (b — )’
2. en ) - 2. en b) = T 5 - a 9 1 /7~ N -
T ’ T 2po O 2p? 14 -=(h — o),

Since E p = pg, we may lower bound this as

_ B(1l — R
Ly gen( Po) = Ly pen(aim) = 2O PO B /o0 T po) < 5 = po < po)-

4npg
We have
P(v/n='po(1 —po) <P —po < po)
> P(Bin(n,po) > npo + v/npo(l — po)) — P(Bin(n,po) > 2npo) 2 1
by Berry-Esseen and Chernoff, and the result follows by substituting py = \/B. O

B.2 Discussion of additional assumptions
B.2.1 Smoothness of ¢

The guarantees for the accelerated gradient iterations (10), detailed in Appendix B.4, require the
objective function be smooth, i.e., have Lipschitz gradient. However, the degree of smoothness need
not be high: as Nesterov [52] and subsequent work [43, 23] observed, even if V£ is order G* /€
Lipschitz, acceleration allows finding an e accurate solution in roughly GR/e steps (a quadratic
improvement over the SGM rate), as long as the gradient variance is itself of order ¢; the accelerated
rates in Theorem 1 stem from this fact.

By Claim 1, for £ to have roughly G?/e Lipschitz gradient, the loss gradients V/ have to be
H = G?/e Lipschitz. This is in fact a weak assumption, because every G-Lipschitz loss ¢ has
a smoothed version { that satisfies |((x;s) — £(x;s)| < e for all z,s and that VI(x;s) is G2 /e
Lipschitz. For example, we may replace the hinge loss £(z;s) = (1 — z's), with f(z;s) =
elog(1 + exp([1 — = " s]/¢)). More generally, the smoothing [33]

. G?
flai) = int i) + G-l - ol “2)

works for any G-Lipschitz ¢.

In practice, we are often at liberty to replace the original loss ¢ with its smoothed version ¢ and
minimize the resulting objective £ which is guaranteed to be sufficiently smooth and approximates
L to accuracy e. Indeed, in the “statistical learning” model where we observe the entire £(-;.S) per
sample of S ~ P, we can apply the smoothing (42) to enforce the smoothness requirement without
loss of generality. Therefore, our smoothness assumption can fail to hold only in situation where
¢ is non-smooth and ¢ and V/ are strict black-boxes, so we cannot compute (42) without multiple
black-box queries.
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B.2.2 Lipschitz inverse-cdf

The inverse-cdf of £(x; S) is Lipschitz if and only if the distribution of £(z; S) has positive density in
the interval [minseg £(z; ), maxges £(x; $)]. This is a rather strong assumption that fails whenever
S is discrete or £(x; S) is distributed as two separate bulks. However, the conclusions of our analysis
under the Lipschitz inverse-cdf assumption hold under two natural relaxations.

Near-Lipschitz inverse-cdf and discrete loss distributions. Note that if F'~! satisfies |F~1(u) —
F~Y(u)| < dforallu € [0,1] and a Gieg-Lipschitz F~'(u), then we can repeat the proof of the
bound (8) to show that £(z; Py) — L(z;n) < § + % for all objectives of the form (12). Moreover,
suppose that Py is uniform on N elements s2’ such that £(z; s;) is increasing in 4, and suppose that it
holds that

Gicar

5(1‘; si+1) - é(iE; Si) < T (43)

That is, the increments in the loss are not too far from uniform. Then, the piecewise linear function
F~1 connecting the steps in F'~! is Gicqe-Lipschitz and satisfies |F~1(u) — F~1(u)| < Giear/N.
Therefore, the assumption (43) implies that for any mini-batch size n < N, we have L(z; Py) —

L(z;n) < 2Giesr/(n + 1). We note also that the assumption n < N is essentially without loss of
generality, since for n = N we can simply use a full-batch method with no bias at all.

CVaR bias bounds with locally Lipschitz inverse-cdf. The proof of the bound (37) also works if

F~1is Lipschitz in a small neighborhood of the CVaR cutoff 1 — v, because for values of u that are
roughly vn~lo far from 1 — o we may bound [1{,,>1—q} — Za(u)]| via tail bounds, as in the proof
of the bound (5). Therefore, we expect the bias of Lcvar (5 Py) — L(x;n) to vanish with rate 1/n
whenever the distribution of ¢(; .S) has a density at the 1 — « quantile loss value. Prior work shows
that, from an asymptotic perspective, the converse is also true: when ¢(x; S) does not have a density

at the 1 — « quantile, the bias vanishes with asymptotic rate n='/2 [cf. 71, Theorem 2].

B.3 Proofs of variance bounds

We give a more general statement of the variance bound using the notion of C-y2-bounded objectives
(Definition 1); Proposition 2 follows immediately from Claim 4.

Proposition 2°. Let L be an objective of the form (12). If L is C-x?-bounded, we have that for all

neNandr e X

Var[L(x; ST)] < MBQ.

If in addition ¢ = 0 and 1) is strictly convex, we have

1+0C)

Var[VL(z; 1)) < S+ C) e

n

Proof. We first show the bound on the objective variance. By the the Efron-Stein inequality (see
Lemma 2), we have

Varl£(a; S7)] < 5 E (£(; 7) - L{: 57))%, (44)

where S and S are identical except in a random entry I for which Sy is an iid copy of S;. Let ¢ and §
denote the maximizers of (13) for samples S7* and S respectively. In addition, let Z; = ¢(x; S;) and
Z; = L(x; S;). Clearly, £(x; ST') is convex in Z and satisfies B%E(x; ST) = q. Therefore,

L(x; ST — L(x;87) < <8‘25(x; sy, Z — Z> = qr(0(x; St) — 0(x; Sp)).

Applying the argument again with S and S swapped, we find that
(a3 ST) = L(x3 ST)| < max{qr, Gr}0(z; S1) — £(z; S1)| < By/af + dF-

Therefore, using the fact the q; and ¢; are identically distributed, we have

~ 2G? 4B?
B(L(x;S7) — L(2:57))° < 2B*Eq} = =~ Ellql; = —5(C + 1),

n2
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where the final bound is due to [|g||3 = 2(2D,2(g, 21) + 1) and the C-x*-bounded property of L.
Substituting back into (44) gives the claimed objective variance bound.

Next, to show the bound on the gradient variance we invoke Efron-Stein elementwise to obtain
VarlVL(w; S7)] < 3 E|[VL(w; S7) = VL(; S|

By the expression (28) for VL we have

IVL (w5 ST) = VL ST = || Y (@ — @) VE(w; Si) + arVE(w; Sp) — @rVE(a; Sp)

i#1
< G<Z|Qi = Gil +q1+q~1>7
i#l
where the bound follows from the triangle inequality and the fact that ¢ is G-Lipschitz.

Now, observe that ¢; = ¢*'[(¢(z;S;) — n)/A] for some n € R by Eq. (20). Similarly, ¢; =
L*'[(0(x; S;) — 7)/A] for some 7). Since ) is strictly convex we have that ¢)*' is continuous and
monotonic non-decreasing. Consequently, either ¢; > §; for all i # I (if n < 7)), or ¢; < §; for all
i # I (if n > 7). In either case, we have

Z g — Gi| = Z((Iz —4)
i#] i#1
where the final equality used the fact that ), ¢; = >, ,, ¢; = 1. Substituting back, we find that

= lqr — 1l

IVL(2; S7) — VL(2; S7)|| < 2Gmax{qr, 1} < 2G\/¢? + G2

The remainder of the proof is identical to that of the objective variance bound, except with 2G
replacing B. O

Proposition 2’ implies that the variance of the x? constraint objective L, is at most 2(1 + p)B?/n.
However, our gradient variance bound requires ¢ = 0 and therefore does not apply to V£, . The
following proposition shows that the requirement ¢ = 0 is necessary, since no upper bound of the
from O(1)(1 4 p)G?/n holds for Var[V L, ).

Proposition 5 (Variance of the mini-batch gradient estimator for Exz ). Foranyn > 4and p > 0,
there exists a distribution Py over S = {0, 1,2} and a G-Lipschitz loss £ : [-1,1] x S — [0, 1] such

that
2

. Qn 14 2
Var[V,sz (O,Sl )} Z WG .

Proof. We construct Fy as follows,

P(S=2)=py=1-2Y"x

log 2 1
—— and P(S=1)=p; = .
n and P(S )=p 1+2p

(Note that we may assume without loss of generality that p > 1/n, so that P(S = 0) = 1—p; —py >
0, since for p = 0 we already have a standard 1/n lower bound on the variance). We set the loss
values to be 1
£(0;0) =0, £(0;1) = — and ¢(0;2) =1,
(0:0) =0, £(01) = o and £(0;2)
and the loss gradients as

V£(0;2) = V£(0;0) = —G and £(0;1) = G.
The source of high variance in this construction is that, for a sample ST, the maximizing ¢* behaves
very differently when .S; = 2 for some ¢ and when S; # 2 for all 7. In the former case, we show that

¢* puts significant mass on samples with S; # 1, so V.L(0; ST") < G(1 — ¢) for some ¢ 2 p/(1 + p).
In the latter case, we show that with constant probability ¢* places mass only on samples with .S; = 1,
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and so VL(0; S7") = G. Since either scenario occurs with constant probability, the variance bound
follows.
To provide a detailed proof, let C;(ST') = >, 11s,=x} be the number of samples with value k, for
k € {0,1,2}, and consider the events

€, (ST) = {C2(ST) =0and C1(ST) > np1}
and

&, (ST) = {C2(ST) =1 and C(S7) < np1 }.
Note that we chose p such that P(C2(S7) = 0) = (1 — p2)™ = 3 and that P(C1(S}) > np1) 2 1

since np; is roughly the median of Cq(S?). Similarly, P(C2(S') = 1) = npo(1 — po)" ! =~ %

and P(C1(S7) < np1) 2 1. Therefore,
P(€,(57)) 2 1 and P(&,(ST)) 2 1. (45)
We bound V£, 2 conditional on each event in turn.

Under event €, (ST), the empirical loss distribution is Bernoulli with parameter C;(S7")/n > p1 =
1/(1 + 2p) and consequently ¢* places mass only on samples with value 1 (see further discussion in
the proof of Proposition 4). Therefore, we have

E[VL,2(0; 57) | €.(S7)] = G. (46)

To bound the gradient under event &;(S7"), assume that without loss of generality that S; = 2 is the
unique sample with that value. We consider separately the cases ¢} > 2/3 and ¢7 < 2/3. In the
former, we clearly have V.£,2(0;.57) < —¢fG + (1 — ¢7)G < —G/3. In the latter case, we recall
Eq. (27) showing that ¢* is of the form

= (£(z; i) —n*)+
’ ngn(é(l’; Si) —n*)+

for some n* € R. The fact that ¢; < 2/3 and that there are at most n samples with value £(0;1) =
1/(30n) gives the following bound on n*

2 £(0;51) —n* 1—n* 1
320 = zj<n((e(x:3§j)in*)+ = 31730 177177* — s
Suppose S; = 0 and S; = 1, then
_G _ 00—t M0 T
g 4(0;1) = 0(0;1) = = 8
Assuming that S7 = 2, we have that the total weight under ¢* of samples with gradient —G is
(1 rCo(ST) S 7(1—p1)= Tp

0E, (sn) +rCo(S7) — A1+ 2p)
which implies V£,2(0; ST') < 4(1+2p G+(1- 4(1+2 1te,)G < G- (1?2P) ). We conclude that

E[VL,2(0;57) | &(S)] < G(1 —¢) for c = mln{4 7 } > P 47

3721+2p) ) Y 1+p

Let 5’{1 be an independent copy of S7". We combine our conclusions (45), (46) and (47) to form a
variance bound as follows,

n 1 n an 2
Var[VL (0 57)] = 5 E(Vﬁxz (0; S) — VL2 (0; 57 ))

SB[ (VL0 0:51) - V£ 0:81) | €5, &S | Plea (s, €0(31)

Y

1 22 n n p2 2
50 G 'P(ea(sl )) (eb(s )) (1+p) G=.

Y
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B.4 Convergence rates of stochastic gradient methods

We state below the classical convergence rates for standard and accelerated stochastic gradient
methods, under a somewhat non-standard assumption that the stochastic gradient estimates are
unbiased for a uniform approximation of the objective function with additive error é.

Proposition 6 (Convergence of stochastic gradient methods [43, Corollary 1]). Let F' : X — R
and F : X — R satisfy 0 < F(z) — F(z) < § for all X € R. Assume that F is convex and that a
stochastic gradient estimator § satisfies E §(z) € OF (x) and E ||§(z)||* < T2 forall z € X. For

T € N, the iterate T in the sequence (9) withn < TTRQF satisfies
IR
EF(z7) —inf F(2') <64+ —. (48)
(@r) ~ nf Fa') S 64
If in addition V' F is A-Lipschitz and Var[g(z)] < o? forall v € X, the iterate yr in the sequence (10)
with < min{ %, %} and 0; = 15-%1 satisfies

AR? R
Ry (49)

Proof. [43] gives us the rates (48) and (49) but for F rather than F'. That s, it guarantees that SGM
finds Z7 such that

E F(yr) —inf F(2') <0+

EF(zr) — inlff(ac/) S

S5

To remove the bars, we use 0 < F(z) — F(z) < § to write
—inf F(z') > —inf F(2') and F(Zr) > F(Zr) + 6.

O
Remark 2. In the unconstrained case X = R¢, the recursion (10) reduces to the more familiar form
Vip1 = Wiy — NG(Tr), Tey1 = Ty + wir1Ver1 — NG (T4), (50

0¢

where w; = (1 — 0;_1) 7 is a time-varying “momentum” parameter; the sequences v, z; are

t—1
related to vy via vy = %(Zt — ) and Y1 = x¢ — ng(xe).

B.5 Proofs of complexity bounds
Theorem 1. Let Assumptions Al and A2 hold, possibly trivially (with H = 0o or Gicgf = o). Let
€ € (0, B) and write v = Zze. With suitable choices of the batch size n and iteration count T\ the
gradient methods (9) and (10) find T satisfying E L(T, Py) — inf e x L(2'; Py) < € with complexity
n1' admitting the following bounds.

GR GRe

» For L = L2 pen with A < B, we have nT' < (Gf”e)223<1 +min{%\/€(17;”), f})

* For L = L,2, we have nT < (1+p)(gR)2BQ log (1+6’72)Bz.

2 . aGle log £ +v B?\/log Lt +v 2
» For L = Lcvar, we have nT < (ii) <1+m1n{ a/log , Vios ,%} .

201
o For any loss of the from (2), we have nT' < %

Proof. To prove each bound in the theorem we choose n large enough via one of the bounds in
Proposition 1 and then choose T to guarantee e-accurate solution via Proposition 6. For a (potentially
random) point Z € X" and robust risk £, we define the shorthand

err(x; L) =E L(Z; Py) — ingﬁ(x;Po).
re
We summarize our choices of n and T for different robust objectives, under different assumptions in

Table B.5. In the statement of the theorem, we sometimes upper bound a V b := max{a, b} by a + b
for readability, and state the tighter rates here.
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Loss V est. n T complexity = nT’

Levar V Levar QB—; (G‘:;’/)2 %
L2 VL, (1+6;)2)B2 log (1+£‘)B2 (G;};é)2 (1+p)(gR)2B2 log (1+:2)B2
L2 pen VL2 pen e (R (R B?
any £ in (2) VL G (GR)” (GR) G
fow  Vonow G OWEEEEVIGE G20y Gy flogd+o)
Limn VLo e GRVIT (G GR(BTT 7V GR)

Table 2. Parameter settings for Theorem 1. For Li.cvar We take A < —S4—. For £ assume A\ > e.

log(%)" XPopen
v = He/G?. We use the shorthand a V b for max{a, b}.

CVvaR. We distinguish between the different possible assumptions on the loss ¢ and distribution Py
as they yield different rates.

(a) Non-smooth ¢: let T7 be the iterates of (9), the sub-optimality guarantee of (48) and the bias
bound of Proposition 1 yield
_ B GR
err(Tr; Lovir) S Jan + T
In that case, setting n < :%22 guarantees that the bias is smaller than € and setting 7" < (Geilf)?
yields that err(Z7; Lovar) S €.

€
logé'

(b) Smooth ¢: if £ is H-smooth, we consider the Ly cvar Objective with A =
that, forallz € X

This guarantees

Licvar (23 Po) < Levar (75 Po) < Lucvar (23 Po) + €.
Li-cvar being (w + H)-smooth, the final iterate of the sequence (10) achieves
B n (GR)?*(log £ +v) N GR
van eT? anT

To make sure that the second and third terms are smaller than e, we set T° =

err(yT; ECVaR) Se+

(GR)®
ane?

V

. 2 . . .
@ log é + v. To guarantee small bias, we set n =< %; the resulting complexity is

_ (GR)? B? [ 1
nl = — 2 max 1’GR€ loga—&—y .

Smooth ¢ and inverse cdf Lipschitz: in this case, the regret guarantees of the iterates of (49) is

(c

~

Giear  (GR)?(log é +v) GR
+ + .
n eT? anT

err(yr; Lovar) S €+

2
We once again set T = (S:;)z vV %w /log é + v, and choosing n < % yields the result.
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Penalized-x2. We distinguish between whether or not £ is smooth.

(a) Non-smooth ¢: for the sequence of iterates of (9), we have

2
< Bf + @’
~Man T

yields the fist rate.

err(Zr; Ly pen)

. 2 2
and setting n < % and T' < (Gg)

(b) Smooth ¢£: We now turn to acceleration, we have

2(G?
B2 I (T + H) 1+2
err(yr; Lyzpen) $ 3+ —— g + GR\[ 2>

First, noting that A\ > € guarantees that RQ( < L H ) < w Furthermore we simplify
the variance term since B/\ > 1. We thus set 7' < GR Vi+vv (GR B and choose n = /\%.
This yields the final result

GRB
nT < =5 (BVI+ vV (GR)).

Constrained-y?2. This case is straightforward—without any bound on the variance in the worst-case,
we turn to the basic SGM guarantee (48); we have

1
err(Tr; Ly2) S ByV1+2p SLEL

We set T' =< (G€§)2 and n =< M log((1 + 2p) B%¢~2). We then have
log log({1F20) B2
BYTT o080 — e |14 BT
log(*—2—)
and this concludes the proof.
Lipschitz inverse-cdf. The sequence of iterates (9) yield error
_ Giar | GR
err(Z; L) < + —
(@r; L) < T
and setting n < ‘°‘“ T = (GeR) concludes the proof of the theorem. O

C Proofs of Section 4

We now provide additional discussion of the multilevel Monte Carlo estimator for general functions
F, whose form we restate here for convenience

F(z; Sk/z) +F(z Sk:/2+1>

where Dy, := F(x; 5F) — 5

Dys (51)

—~ 1

F|] .= F(z;57°) + —
M[] (7 1)+q(<]) no’
Section C.1 provides upper bounds on the moments of M for estimating Lyj.cvar,> £y2-pen» and their
gradients, proving Claim 2 and Proposition 3. In that section we also prove that similar second
moment bounds do not always hold for VL, ». In Section C.2 we prove the complexity guarantees in
Theorem 2, and we conclude in Section C.3 with a comparison of some of our design choices to the
original proposal of Blanchet and Glynn [8].
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C.1 Proofs of moment bounds

Claim 2°. For any function F, the estimator M [F| with parameters n = 2/m=xn satisfies

E M\[F] = EF(ST), requiring expected sample size E27ng = ng(1 + logy(n/ng)).

Proof. Forany even k, ED), = E F(S MY—EF(S f / %). Therefore, the expectation of M [F] telescopes:
E M[F] = E[F(57°)] + Zj““‘" E Dzjno = E[F(ST)]. The expected number of samples follows from
direct calculation: E[27] = Z;‘:{‘ 2P(J = j) = Jmax + L. O

‘We have the following bound on the second moment of the estimator,

Jmax Jmax

‘ +Z EHDQJ% <2HF (S™) ‘ _,_Z 2]+1EHD2J"

For y2-bounded (Definition 1) pure-penalty losses such as Ly.cvar and L2 pen, We argue that
E||Dx|? < 1/k, so that 29 ]E||ﬁ2jn0 |2 < 1/no. Substituting into the bound (52) gives the following
guarantees, from which Proposition 3 follows immediately via Claim 4.

Proposition 3°. Let L be an objective of the form (12) with ¢ = 0 and strictly convex 1. If L is
C-x2-bounded, we have that for all x € X, the multi-level Monte Carlo estimator with parameters n
and ng satisfies

ey 2 — 2
E (M [E]) < 2B? (1 + % logQ(n/no)> and E HM[VE} H < 2G? (1 + i(jlogQ(n/no))

EHM\[F H < QHF (m0) . (52)

Proof. The proof follows similarly to the proof of Proposition 2’, where the key step is to bound ﬁk
for £ € 2N. We distinguish between estimating the gradient and the loss as, for the latter, one needs
to account for estimating the regularizer D,.

Gradient estimator. We start with the proof of the second moment of the gradient estimator. Let
k € 2N and let ¢, ¢’ and ¢”” be the maximizer of (13) for S¥, Sf /2 and S’kC /241 respectively. We have

1Dkl = Z(Qi — 501 i<k/2y — %QQik/zl{i>k/2})V€(x; Si)
i<k
<G e —341+G D o — 30 40l
i<k/2 i>k/2

Fori € {1,...,k/2}, itholds that ¢; = Lo*'[(¢(z; S;) —n)/A] and ¢ = 29*'[(¢(x; S;) — ') /Al
for ,7’ € R. Since that ) is strictly convex, 1*' is increasing and q; — %q; is of constant sign for
i €{l,...,k/2}. Therefore,

L,
S o= git| = X (- 34) | = | Z a-
i<k/2 i<k/2 i<k/2
By symmetry, it thus holds that
2
~ 1 (i) 2 (i) 20G?
E || D.]|? < 4G2E i —=| < =D,2(g,£1) <

| De|? < ;k;zq 5] = Deleil) < ——,

where (i) is due to Lemma 3 and (i) follows from the assumption that £ is C-x?-bounded. Substi-
tuting into (52), we have

jmax
__ 1
E |M[VL]|? < 2G? + 4CG? § ——
IMLVLI — q(j)2no
S
4CG? 1
S 2G2 + (jmax - )
no 2

< (2 L2 1og2<n/no>).
0
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This concludes the argument for the gradient.

Loss estimator. With the same notation, let us define § := [+¢/, 3¢""] € A*. We first prove that
Zsk > 0. Indeed, we have
SP) = qil(x; Si) — Dy Zqz (3 8;) — Dy (g, £1)
i<k i<k

@) 1 k/2

2005 8E%) 3005 8 ),
where ( ) is because ¢ is the maximizer for S¥ and (ii) because the v-divergence tensorizes, i.e.,
Dy(G, 11) = 1Dy(¢, 21) + 1Dy (¢”, 21). This guarantees that Dy = L(z; SF) — 1£(z; e -

1L(z; Sk/2+1) > 0.

Let us now upper bound Dy,. To that end, we define qd = 2qf/2 + & where § € R¥/2 is a fixed-sign
vector such that (j lies in AF/2. More precisely, if ¢’ 1 > 1, § decreases the mass of the largest
coordinate until ¢ q(l) = and iterates along the sorted coordinates until ¢ € A2 I §T1 < 1,

0 similarly increases the smallest coordinate to E until ¢ € A*/2. Without loss of generality, we
can assume that ¢ attains its minimum at ¢ = 1 (otherwise may replaced it by ¢ (t) — ¢’ (1)(¢ — 1)

without changing the objective). Therefore, since ¢’ is closer to %1 than 2q]f / ?_it holds that

Du@ 2= 7 3 ()< 2 3 wiha)

z<k /2 i<k/2
Finally, we know that ¢’ is optimal for Sf /% and so

L(2;:57%) > 37 G(a:8;) — Dy(d, 21)

i<k/2
>2 ) qill: ;) Z Y(kg) = Y [-0)4B
i<k/2 1<k/2 i<k/2
=2 qil(z;8) - Zwqu—2 qu—f B.
i<k/2 z<k/2 i<k/2

The same argument for the indices {k/2 4+ 1,..., k} yields

k/2 k 1 k/2
Dy < 2B qu - _Z g - —232%
n i=k/2+1 n
Therefore, we have
2
(i) 2CB?
2R
E(Dk < 4B E Z q — 5 S Lk ’
i<k/2

where (i) follows from Lemma 3 and the C-x?-boundedness of £. Substituting into (52) yields the
desired bound on M[ ]. O

Having established the gradient estimator upper bounds for pure-penalty objectives, we demonstrate
that similar bounds do not extend to the case of x2 constraint.

Proposition 7 (Lower bound in the case of constrained-x?). For every p > 1, ng and n > 4, there
exists a distribution Py over S = {0, 1,2} and a G-Lipschitz loss £ : [—1,1] x S — R such that the
multi-level Monte Carlo gradient estimator with parameters ng and n satisfies
_ 2 p
E[M[vee| 2 62
o
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Proof. We reuse the construction and notation in the proof of Proposition 5 and so do not repeat it.

For a sample ST, we consider the event QEQ(S?/ 2) where S; # 2 for all i < n/2 and there are at least
np1 /2 samples with value 1. We argue in the proof of Proposition 5 (Eq. (46)) that under this event
we have
E[VL:(0:57"%) | €a(57%) = G.
Moreover, we have
VL2(0;57/011) 2 =G

with probability 1, so overall

1 n 1 n n
E|5VLe(0;5] %) 4 5 VLe(0:575,1) ] €. (S /2)} > 0.

We also consider the event &,(ST) that there is exactly one sample with value 2 and less the np;
samples with value 1. As per the proof of Proposition 5 (Eq. (47)) we have

1
E[VLy(057) | &(S7)) < —G,
where we used p > 1.

Moreover, by the arguments in the proof of Proposition 5, we have
P(eu(s7/) ney(sy) 2 1.
Therefore, since D,, = VLy2(0; S7) — 2V L,2(0; 57/%) — 1VL,2(0; S7/?), we have
BBl 2 E[|Dal? | €a(57%) N €(ST)|P(€a(S1/?) N Es(sT))

G? /2
> —P n ny) > G2,
= 36 (Ga(sl )meb(‘gl )) ~

The proof is complete by noting that
—~ 2 . ~ ~
E[MIVLy: (0] 2 2 B[Dal? = 5~ BBy |? 2 G2
2”0 no
O

Since the number 71" of SGM iterations must be proportional to the second moment of the gradient
estimator, Proposition 7 tells us that in the worst case we might have to set T < n(GR)?/¢?, in
which case we might as well use a mini-batch estimator with batch size n and run (GR)?/e* SGM
steps.

C.2 Proof of complexity bounds

Theorem 2 (MLMC complexity guarantees). For ¢ € (0,B), set n = B° 1 < ng < logn

e 1S
and T = Sfjfz; log® n. The stochastic gradient iterates (9) with g(z) = M\[VLCVaR(x; )] satisfy
E[Lcvar (Z1; Po)] — infrex Lovar(x; Po) < € with complexity at most
B)? B? 1
@bgj wp >1-——.
Qe Qe n

ng log, (n>T + 5/ (nlogn)? + nonTlogn <
no
The same conclusion holds when replacing Lcyar With L2 pen and a~twithl+ B /A

Proof. The convergence guarantee of Proposition 6 and the second moment bound of Proposition 3
directly give that iterates of the form (9) with the MLMC gradient estimator guarantees a regret

2 2 . .
smaller than e forn < £, 1 <ng < k’% and T = ﬁfg log® n. However, since the multilevel

estimator randomizes the batch size, it remains to show that the number of samples concentrates
below the claimed bound. Let K; = n¢2”t be the batch size at time ¢, and note that

2
E K1 = nglog, —n,
No

EK? = 3ngn — 2n < 3ngn, and
K, < n with probability 1.
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Therefore, since K 1T are iid, a one-sided Bernstein bound [73, Prop. 2.14] implies that

2
P|>" Ky > nglog,(2n/ne)T + 6 <exp<_5>,

nd
<7 6nonT + 5

Solving in § for the RHS to be equal to L yields § = "k’Tg"(l + /1 +216-Im0) We replace 1, ng

nlogn

and T by their values and conclude the proof. O

C.3 Comparison with Blanchet and Glynn [8]

There are two differences between our MLMC estimator and the proposal of Blanchet and Glynn
[8]. First, we take .J to be a truncated Geo(1,/2) random variable while they suggest .J ~ Geo(273/2)
without truncation—as we further discuss below, this modification is crucial for ensuring a useful
second moment bound in our setting. The second difference is that we allow for a minimum sample
size ng > 1 as opposed to ng = 1 in [8]. This modification is somewhat less important, as ng = 1
suffices for optimal gradient complexity, but choosing slightly larger n is helpful in practice and can
provably reduce the sequential depth of SGM by logarithmic factors.

Let us discuss in more detail the choice p = 1/2 in our construction of J ~ min{Geo(p), jmax }-
Inspection of Claim 2 shows that p < 1/2 implies that the expected sample cost is E2/ng <
1f%p independent of n = 27maxn, so in principle we could compute unbiased estimates even for
E F(S5§°), i.e., the population objective. However, any p < 1/2 would result in overly large second
moments: substituting ¢(j) o< p~7 and EHﬁkHQ = 1/k in (52) would result in bounds scaling with
(n/ng)'e21/(2p)  Therefore, p = 1/2 is the only value for which both the second moment and
expected number of samples are sub-polynomial in n. In contrast, Blanchet and Glynn [8] apply the
MLMC estimator to more regular functionals for which ||13;c | < 1/k2, and consequently can use a
smaller value for p.

D Lower bound proofs

This section proves our lower bounds, which we restate for ease of reference.

Theorem 3 (Minimax lower bounds). Let G, R,a, A > 0, ¢ € (0, GR/64), and sample space
S = [—1, 1]. There exists a numerical constant ¢ > 0 such that the following holds.

e Foreachd > 1, domain X = {x € R | ||z|| < R}, and any algorithm, there exists a distribution
Py on'S and convex G-Lipschitz loss £ : X x S — [0, GR] such that

(GR)®

T<e¢
- oe?

implies E[Lcvar (273 Po)] — zlfrégz Lovar (75 Py) > €.

e There exists d. < (GR)?¢ 2 log % such that for X = {x € R4 | ||z|| < R}, the same conclusion
holds when replacing Lcvar With L2 pen and a with A/ (GR).

Since our proofs for CVaR and 2 penalty are quite different, we present them separately in Theo-
rems 3a and 3b, respectively.

D.1 CVaR lower bound

To prove the CVaR lower bound we use the following standard Le Cam reduction from stochastic
optimization to hypothesis testing.

Lemma 4. [21, Chapter 5] Let P be a set of distributions and P_1, P, € ‘P and define
dopt (P, P_1) == sup{¢’ > 0 | no x € X is §'-optimal for both L(-; P_1) and L(; Py)}.

Then for any measurable mapping Z,, : S™ — X we have

N n . dopt (P1, P— n
EE%ES?NPTL {L(2,(ST); P)} — zl/IéfX L(z'; P) > w (1 - §Dkl(P_17 P1)>’

Armed with Lemma 4, we state and prove the lower bound for CVaR.
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Theorem 3a (CVaR lower bound). Let G, R,a > 0, ¢ € (0,GR/64), S = [-G,G], X = [-R, R),
and {(x, s) = x-s. For any (potentially randomized) mapping &, : S™ — X there exists a distribution
Py over S such that,

(GR)?

n < 304802 implies E Lcovar(2,,(ST); Po) — znel;( Levar (25 Py) > €.

Proof. Let us first assume that o < 1. For § < min{a,1—2a}, > 0and v € {—1, 1} we consider
the distributions P, such that for S,, ~ P, we have

S -G { 1 with probability « + Jv (53)

—1  with probability 1 —a — v’

For z € [—R, R], we let {(x;s) = x - s. Since the CVaR objective is positively homogeneous, we
have

Levar (23 Py) = |x| - Lovar (sign(x); P,).
It therefore suffices to compute Lcvar (£1; P11). A quick calculation yields
Levar(1581) = Gu, Levar(—1,51) =G,

,CCVaR(].;Sfl) = G,u(l — i) — Gg and »CCVaR(_]-§ 571) =G.

We thus have a closed-form expression for the CVaR objective: for P; we have
Levar (23 P1) = —Galig<oy + Grpliz>oy,

which clearly attains its minimum at z = 0 where it has value 0. Choosing x such that
J §\!
= — 1 _—
H= % ( 2a>

Lovar (75 P-1) = —Gxlp<0y — Grpulz>oy,

gives Lcovar(1;5-1) = =G and

which attains its minimum at z = R where it has value —G Ru. We therefore have that
_ GRp S GR6
2 T da

Moreover, we have tlogt — ¢t +1 < (¢t — 1)? for all ¢t > 0, so that Dy (Q, P) < 2D, 2(Q, P) for all
Q, P, and in particular

dopt (Pr, P-1) (54)

w o
l-—a-08)(a+d) ~ a

Du(P-1,P1) <2Dy2(P_y,P1) = (55)

where that last transition used § < o and o < 1/2.

We take
s— @
16(n + at)

where so that Dy, (P_1, P1) < 1/(2n) and Lemma 4 combined with (54) and (55) gives

sup Egorpn {L(in(SP): P)} — inf L(2/; P) > — 10

PGI; S~ pn n\~1 ) dex ) = 32ma
and the result follows from substituting n < 2((3503:2 . When a > 1/2 the result follows from the
standard lower bound for stochastic convex optimization (e.g. [21, Thm. 5.2.10]). O
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D.2 Penalized-x2 lower bound

Computation of L, 2_pen (; P+) for the CVaR lower bound construction (53) shows that the argument

does not easily transfer to the penalized-y? objective because—as opposed to constrained-y? and
CVaR—it is not positive homogeneous in x.

Sidestepping this difficulty, we prove our lower bound using the different machinery of high-
dimensional hard instances for oracle-based optimization [48]. We consider two standard oracles.
First is the deterministic first-order oracle, that for a function f : R? — R and a query x returns

OP(x) = (f(x), V().

where we recall that V f(z) is an arbitrary element of 0f(x). Second is the stochastic oracle, that for
a loss function ¢ : & x S — R and distribution P, returns the randomized mapping

0F p, (z) = (€(x3 5), V(3 5)), for S~ Py.

We construct the hard instance for £, 2., based on the standard hard instance for non-stochastic
convex optimization, whose properties are as follows.

Proposition 8 (Braun et al. [10], Theorem V.1). Let ¢, G;R > 0. There exists d. <
(GR)?*¢ 2 log €2 such that the following holds for X = {x € R% | ||z|| < R}. For any (possibly
randomized) algorithm there exists f. : X — [0, GR] convex and G-Lipschitz such the query xr O?{

at iteration T satisfies

(GR)?

T<e¢
< 2

implies E fc(xp) — ”wi/f”line(x/) > €,

for a numerical constant ¢ > 0.

In other words, any “dimension-free” algorithm needs to interact (e ~2) times with the deterministic
oracle to obtain an e-suboptimal point. With this result, we prove our lower bound for optimizing

L2 pen-

Theorem 3b (Penalized-x? lower bound). Let G, R, \ > 0 and ¢ € (0, GR). There exists d. <
(GR)?*¢2log €& such that the following holds for X = {z € R% | ||lz|| < R} and S C [-1,1].
For every algorithm there exists a distribution Py over S and £ : X x S — [-GR, GR] convex and
G-Lipschitz in x, such that the query x to O%) p, at iteration T satisfies

(GR)?
Tsesa

for ¢ > 0 independent of G, R, \ and e.

implies E[L, 2 pen(x7; Po)] — ;?/[lég L2 pen(2'; Po) > €,

Proof. Consider any convex and G Lipschitz f : X — [0,GR], define S := {0,1} and Py =
Bernoulli(ﬁ), and construct the following loss

o | f(x) if S=1
ALS%_{—GR if §=0.

(If A > GR the result follows from the standard (GR)?/€? lower bound for convex optimization).
Expressing the resulting objective £, 2 e, with the dual form (23) gives

A A A
£X2—pen(x; PO) - 1;2&{2 + n + % [Cm(fe(x) - 77)2+ + (1 - GR) (_GR - 77)3} }

— o) - =5,

since n* = f(r) — GR > —GR. We get that minimizing L, 2 ., is equivalent to optimizing f.

Fix an algorithm interacting with O? p, and note that it implies a (randomized) algorithm interacting
with OJ]?. Therefore we may take f = f., the hard function for this algorithm that Proposition 8
guarantees. Note that an algorithm interacting with O? p, Teceives information on f. only when
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S = 1. Therefore, the worst-case expected optimality gap when minimizing £, 2., with T" queries
to 02 p, is identical to the worst-case expected optimality gap when minimizing f. with Bin(7, G)‘R)
queries. Therefore, Proposition 8 tells us that for some ¢’ > 0,

ElflarsPo) = Jal Ll Po)l 2 E'P(B'"(T &) = (Gef)Q)'

Substituting 7" < § - (¢ v 2) gives that P(Bin(T), & R) <c- (%"')2) > 1 by a standard Chernoff
bound. The result follows by properly adjusting the constant factors (e.g., replacing € with 2¢). [

E A doubling scheme for minimizing L, -

In this section, we obtain a stronger guarantee for minimizing the y2-constraint robust objective.
Namely, we leverage duality relationships to approximate the constrained objective £,2 via its

penalized counterpart, £, 2.,.,. We adjust notation to make the dependence of Ei -pen ON A explicit.

Our starting point is the recognition that, by duality (cf. [66, Sec. 3.2]),

Ly2(x; Py) = mf {EX pen(@3 Fo) + )\p} = )1\nf0Qs<1<11; {Eq {(z;S) — A [Dy2(Q, Py) — p] }

for any distribution Fy. For 0 < A < A, we may thus consider the approximation

L oopx (@ Po) = Ienin fo(z,A) where f,(z,\) = L2 .. (x; Py) + Ap.

X2-pen

By restricting A to an appropriate range, we can then approximate £, 2 by its truncated version, as
the next lemma shows.

Lemma 5. Forall Py, p and e,

gél;(l,/jx?[ €p7%](x;Po) < QI:?/(IEII}( L2 (x"s Py) +

l\D\("\

Proof. Le x*, \* = argmin, ¢y x>0l fp(2, A)}, noting that ming/cx Ly2(z'; Py) = fp(x*, \*).
For any x, A let 7 , be the maximizing () in (12) for these values of z, \. Moreover, let D(z,\) =
D,2(@; x, o). By Claim 4, for all A > B/p we have that D(z, A) < p, and consequently A > \*,
i.e., \* < B/p, and hence that upper bound has no impact on accuracy.

When in addition we have A\* > €/(2p) then clearly min,¢ v Lo2pe 5 (23 Py) = Ly2(0,00] (23 Po) =
pp ?
ming ey Ly2(2'; Py). Otherwise, if \* < €/(2p) = A\ we may write

(@) (i4)
min £, o B](x;PO) < folz™, Ae) < fola™, X)) + [%fp(x*,)\e)]()\e —\%)

zeX 2p’
= min £,2(z'; Py) + [p — D(z*, Ac)|(Ae — X¥)

r'eX
(#47)
< mu}l{ﬁ 2(2'; Py) + Aep = min L:Xz (' Py) + =
S '€
Where we used (i) that 2* and . are feasible points in the joint minimization of f,(z, \) over
x € X and X\ € [\, B/p]; (ii) the convexity of f in A; and (4i7) the fact that D(z*, \c) > 0 and
A< A O

Our strategy is therefore to jointly minimize f,(x, \) = Ef‘( pen(ac; Py) 4+ A\p over both z € X and

A € [A, )] (rather than [0, oc]), using the approximation guarantee in Lemma 5 to argue that the
restriction of A will have limited effect on the quality of the resulting solution. We iterate the projected
stochastic gradient method with the multi-level Monte Carlo (MLMC) gradient estimator (11) via

Tyl = 1Ly (.Z‘t M[VEXt pen< )}), /\t+1 = H[A,X] (/\f —’j//\,/\/l[;)\ & pen(xt) +P]>
(56)
If we can bound the moments of the MLMC-approximated gradients M\, we can then leverage
standard stochastic gradient analyses to prove convergence. We use the following bound.
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Lemma 6. We have
N 2 B2 B] gi
E(M[a)\£x pen( )—l—p]) 5/\2(1+ >\n0 ) +p

Proof. Recall the definition (51) of the MLMC estimator of a general F and the expression (52) for
its second moment. Suppose that F(-) = F1(-) 4+ F3(+) + ¢, where c¢ is a constant. Then

E| Dy [F]||? = E||Dy[F1 + F2]|? < 2E| Dy [F1]||? + 2 || Dy [F2] |-
Consequently, by (52), we have
E|MIF]|? < 2¢® + 2E|M[Fi]||? + 2 E| M[F2]||>. (57)

We apply this observation to M (& ax L3z pen( ;+) + p| by noting that

%ﬁiz»pen(x; Sin) = 7DX2 (q*ﬂ %1) )\ (ﬁ/\ pen('r Sl - Zq*g x; S ))

z<n

2
Proposition 3’ gives us the bound E (./\/l [£32 pen( S{l)]) < B? (1 + 52

3 log > ) Moreover, we
no no
have that

2
—~r1 N B
=N g (s S } <B(1+-"log X
M[nng (9)| | < ( o ogn0>
By exactly the same argument that proves the gradient second moment bound in Proposition 3’. The
result then follows by substituting into (57). O

Therefore, we may find an e approximate minimizer with complexity roughly B 3X2 / (A?’GQ)Z

Lemma 7. Fix ¢ € (0,B) and X\ > A > 0. For a suitable setting of the parameters
no,n, T,y and vy, the average Tt = Y, ¢ of the iterates (56) satisfies L. AN (Z7r; Py) <
mingex £, 2, 5 (25 Fo) + € with complexity

2\ 2
1+ (GR) JrB)\/)\ +)\p1
A €2

2

B
(1 + A6) with probability > 1 — %.

Proof. We take n < /\5 to guarantee bias below €/2 by Proposition 1, and we take ng <
guarantee that

Moa

logn to

2
I?2:= sup EHM Vﬂf‘( pen(T3 )]H <G?
TEX AE[AN]
and, by Lemma 6,
2 A 32
I3 = sup 7E(M[a/\/"x pen( )—|—p]) )\2 + p2.
TEX,AE[AN]

Let \p = > i< A+ be the average of the A iterates in (56). By appropriate choice of 17 and 7" we
guarantee (via Proposition 6) that

EL 2y 3(@1; Po) S E fo(Zr, Ar) < zexrﬁien[gj] fo(z, A) +errr = ;réi)r(lﬁxz&x} (z; Po) + errr,

where

T'.R+ F)\(X )
VT '

errr S - +

[N e)

Therefore, by taking

T2R? 4+ T2X _(GR)2+ B2N /N2 N p2

T= 2 2

€ €
we guarantee that errr < ¢, and the complexity bound follows from substituting ng,n and 7" in the

high probability upper bound ng log, ( ) T+5 \/ (nlogn)? + nonT log n shown in Theorem 2. [J
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Directly substituting A = ﬁ and \ = % results in a guarantee scaling as ¢ >, which is worse than
the mini-batch rate of e~*. To improve on this, we divide [Qip, %] into K = log, % sub-intervals
AEHD A@)] satisfying A+ /A = 2. We then perform the stochastic gradient method (56) on
each of these intervals A1) \()] in turn, yielding estimates z(*) that are each < e-suboptimal for
the approximate objective £, z2(y+1) y). Using the bounded ratio A0+ /A\() = 2, this requires
complexity roughly 1/(A(+1e2) < p/e3, giving the following theorem.
Theorem 4. Fix e € (0, B), and for i € N set \() = %2‘“‘1 and let 7 be an ¢ /2-approximate
minimizer of L, » A+ \(0] computed via stochastic gradient iterations according to Lemma 7. Then,
for 1+ K = [log, 227 and some i* < K we have E L, (20); Py) < mingex Lyz2(7; Po) + e
Computing TV, ..., Z5) requires a total number of V{ evaluations
_ (GR?(pB + clog, 2)
I 3

B
log? (1 + P ) with probability > 1 — %

€2

Proof. By Lemma 7, finding an ¢ approximate solution in the interval [\ A\()] requires

B 21 B2 B
5<1+ P >(GR)2+ log2<1+iz>

2K —i¢ €

gradient computations, where we have used )\(i)/)\(”l) <2, ]\ < %, and \(+tD > iQK*i.
Summing over 7 (and applying a union bound) gives the claimed guarantee. Since the minimizer of
folz, A) overz € Xand A € [, %] is equivalent is identical to its minimizer in one of the intervals

AEHD A@] for i < K, the result follows from Lemma 5. O

The index i* is independent of randomness in our procedure, but we do not know it in advance.
Instead, we may estimate the minimized objective for each ¢ and select the index with the lowest
estimate. Let \(®) be the average of the ) iterations of our stochastic gradient method (56) for
a particular interval [A\+1) A\()]. Our bias and variance bounds on L2 pen (Proposition 1 and
Proposition 2” in the appendix) imply the we can estimate’ f,(7(), \())) to accuracy < e with a
sample of size < B?/(A\(Ve?) < 20~K B3 pe~3, Taking i* to be the index i minimizing this estimate,
it is straightforward to argue that E £,2(z("); Py) — mingex £y2(2; Po) < €. Therefore, the cost of
selecting the best 7 is at most the cost of performing the optimization.

Theorem 4 provides a rigorous guarantee on the complexity of minimizing £,» with a fixed constraint

p by optimizing the parameter \ of E;\(?-pen' In practice, we usually have no prior knowledge of p, so
it will often make sense to directly tune A according to validation criteria rather than a target p. We
also note that Duchi and Namkoong [22] prove a lower bound of order pe~2, which is smaller than

our pe~3 rate. Establishing the optimal rate for this problem remains an open question.

F Experiments

In this section we give a detailed description of our experiments. We begin with a description of the
problems we study (Section F.1) followed by our hyperparameter settings (Section F.2) and brief
remarks about our PyTorch implementation (Section F.3). Then, in Sections F.4 and F.5 we present
and discuss our results in detail, including speed-up factors over full-batch optimization, a study of
the generalization impacts of the DRO objective, and direct empirical evaluation of the bias £ — L
which we bound in Proposition 1.

F.1 Dataset description

Digits. We consider the MNIST handwritten digit recognition dataset with the standard train/test split
into with 6 - 10* and 10* training and test images, respectively. There are 10 classes corresponding
to the ten digits. We augment the training set with Niy,eq = 600 randomly chosen digits from the
characters dataset [19], i.e., 1% of the hand-written digits. Our test set includes the MNIST test set as

5To obtain an estimate that has error < e with high probability, we can use the median of a logarithmic
number of iid copies of the batch estimator.
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well as a class-balanced sample of 8K typed digits not included in the training data. Creating an 8K
image test set requires that we disregard the original test/train split of [19], but is important in order
to make estimates of per-class accuracy reliable. To featurize our data, we train a small convolutional
Neural Network (two convolutional layers, two fully-connected layers with ReLU activation function)
with a standard ERM objective and 10 epochs of SGM on the MNIST training set (with no typed
digits). For both handwritten and typed digits, we use the activations of the last layer as the feature
vector.

We perform DRO to learn a linear classifier « on our features, taking the loss ¢ to be multi-class
logarithmic loss with a quadratic regularization term on x (the weight part only, not the bias), namely,
for a data point s = (z,y) with z € R y € [C] (with C the number of classes) and regularization
strength p > 0, we use

C

C
([, B (2,y) = log (Z exp((e — 2y, 2) + be - by>> + 53 el
c=1

c=1

where z € RE*? b € R® and z. denotes the c-th row of . As the generalization metric, we report
accuracy and log loss on the worst sub-group of the data—where a sub-group corresponds to a tuple
(subpopulation, class), e.g., (typed, 9).

ImageNet. The ImageNet dataset comprises of 1.2 - 10° training images and 5 - 10* test images
with 1000 different classes. We featurize the dataset using a pre-trained ResNet-50 [35] (trained on
ImageNet itself with an ERM objective). We use those features as the input to a linear classifier, with
regularized multi-class logarithmic loss as in the previous experiment. As the robust generalization
metric, we report the average loss and accuracy on the 10 classes with highest test loss.

F.2 Hyperparameter tuning

We fix the budget of our algorithms to 300 epochs for Digits and 30 epochs for ImageNet, where an
epoch corresponds to IV computations of V¢, where N is the training set size. For all (mini)-batch
methods we use Nesterov acceleration (50) with constant momentum w = 0.9; we did not carefully
tune this parameter but did observe it performs better than no momentum. For MLMC using no
momentum (w = 0) performs slightly better than momentum 0.9, so we use no momentum in this
case. We also perform iterate averaging with the scheme of Shamir and Zhang [65] with parameter 3
(roughly averaging over the last third of the iterates). Our experiments with CVaR use V Lcv,r rather
than V Ly.cvar, in contrast to our theory; we leave empirical exploration of entropy smoothing for
CVaR to future work.

Stepsizes. We tune our stepsizes with a coarse-to-fine strategy. More precisely, for each stepsize in
{10} _5<;<0, we perform a single run of the experiment, and pick the best two stepsizes in terms
of the final training value. For these two stepsizes, we evaluate 7,27 and select the stepsize that
gives the best value of the training loss. For this final stepsize, we repeat the experiments with 5
different seeds (affecting weight initialization and mini batch samples but not the dataset structure)
and report the minimum and maximum across seeds at each iteration. We select all the stepsizes in
our experiments using this strategy, except for batch size n = 10 in ImageNet where we extrapolated
the stepsize from other batch sizes. Table 3 summarizes our step size choices—for batch sizes up to
5K we see a clear linear relationship between the batch size and optimal step size.

{5-regularization and parameters of the robust loss We choose the strength of the regularizer in
the set {0,107°,...,10~1}. For each robust loss, we consider an appropriate grid of either the size
of the uncertainty set (o and p) or the strength of the penalty (\). We evaluate each configuration
(45 regularization and robust loss parameters) with the stepsizes from the coarse grid and pick the
configuration that achieves a good trade-off in terms worst-subgroup and average-case generalization.
For simplicity, we choose the same regularization strenght for all the robust losses—y = 10~ for
ImageNet and ;¢ = 1072 for Digits. For ERM, we choose the two values of /5 regularization that
optimize either worst subgroup loss or worst subgroup accuracy. That is, for ImageNet we tune the
{5 regularization for the best result on either the worst 10 classes loss and worst 10 classes accuracy
respectively, and for Digits we choose the values that optimize loss/accuracy on the hardest typed
class—for both experiments, this results in g € {107%,1073} for ERM.

F.3 PyTorch Integration

Figure 2 illustrates our integration of DRO into PyTorch. Users simply define the robust loss they wish
to use (in the example £,» with p = 1) and feed the loss for the examples in the batch to the robust
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ImageNet Digits

»CCVaR »CXQ £X2»pen »CCVaR ,sz £X2—pen
Algorithm a=01 p=1 A=04 a=002 p=1 AI=0.05
Batch n =10 1-100% 2-107% 2-107% 1-100* 5-107° 5-107°
n = 50 5-100¢ 1-107% 1-107% 1-100% 2.107* 1-107*
n = 500 5-100% 1.-1072 1-1072 1-107% 2-1073 1-1073
n=>5K 5-1072 1-107! 1-100' 5-107% 2-1072 1-1072
n = 50K 2-100Y 5.100t 2-107! - - -
n=150K 5-107! 5.107' 5.10°! - - —
MLMC ng =10 1-107® 2-107% 2.107% 5-107% 5-107% 5-107*
Full-batch 5.100Y 5.107! 5-107' 1-1072 2-1072 1-1072

Table 3. Stepsizes for the experiments we present in this work. We use momentum 0.9 for all
configurations except MLMC, where we do not use momentum. We select the stepsizes according to
the ‘coarse-to-fine’ strategy we describe in this section.

from robust_losses import RobustLoss

model
criterion
robust_loss = RobustLoss(geometry='chi-square', size=1.0)

outputs = model(inputs)

10 if not robust:

1 loss = criterion(outputs, targets).backward()

12 else:

13 loss robust_loss(

14 criterion(outputs, targets, reduction='none')
15 ) .backward ()

16

Figure 2. An example training loop in PyTorch where one can decide to use the robust training objective
at the cost of three extra lines of code (lines 1, 6 and 13).

layer. While our current implementation only supports the robust objectives we analyze—namely,
CVaR, KL-regularized CVaR, constrained-x? and penalized-x2—it is easy to extend to other choices
of ¢ and 1.

F.4 Experiment results

We complement the training curves in Figure 1 with comparisons of robust generalization metrics
and training efficiency. In Figures 3 and 4 we show the training curves of Figure 1 along with two
“robust” generalization metrics and two “average” performance metrics. For Digits, we consider the
loss and accuracy on the worst sub-group—typically the typed digit 9—as the robust generalization
metrics. For ImageNet, we look at the average loss (resp. accuracy) on the 10 labels with highest
loss (resp. lowest accuracy). In each figure we also show the values achieved by ERM with two
different regularization strengths chosen to optimize either loss or accuracy on the worst-subgroup.
In Tables 4 and 5 we compare the number of epochs the various algorithms require to reach a training
loss within 2% of the minimal value found across all runs. To achieve such convergence with the full
batch method we run it for much longer: 30K epochs for Digits and 1K epochs for ImageNet.

F.5 Discussion

F.5.1 Generalization performance

We now take a closer look at the curves presented in Figures 3 and 4. We first note that, in the context
of machine learning, one does not wish to reach the minimum of the training objective but rather
find a model that achieves good generalization performance. From that perspective, we observe that
mini-batch methods achieve their best generalization performance in a shorter time than necessary to
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Figure 3. Detailed results from our digit recognition experiment. Shaded areas indicate range of
variability across 5 repetitions (minimum to maximum), and the zoomed-in regions highlight the (often
very small) “bias floor” of small batch sizes.

converge on the training objective, e.g., less than 50 epochs for CVaR on Digits when the training
objective always requires more than 115 epochs.

In the case of Digits, we observe that DRO achieves a better trade-off than ERM in all settings. More
precisely, DRO achieves better worst sub-group loss and accuracy than either of the ERM runs with
no visible degradation in average accuracy and slightly worse average loss. We observe a similar
trend in the case of ImageNet, albeit with a more visible degradation in average loss and accuracy.

We note that in the Digits experiment batch size n = 10 has generalization performance more similar
to ERM. This is an expected by-product of the bias inherent in small batch size, as in the edge case
n = 1, the mini-batch method degenerates to ERM.

Hu et al. [38] observe that applying DRO objectives of the form (12) directly on the 0-1 loss
amounts to a simple monotonic transformation of the average accuracy, and is therefore equivalent to
minimizing average accuracy. Thus, in as far as the logarithmic loss is a surrogate to the 0-1 loss
(which is arguably the case in near realizable-settings), DRO might not provide improvements in
robust accuracy. This is consistent with the observations in our experiments, where we see only
small effects on the accuracy in the Digits experiments (which is close to realizable), and a somewhat
more pronounced but still modest effect on ImageNet (which is not quite realizable, as the training
accuracy is below 90%). Nevertheless, these observation do not preclude DRO from improvement
the subpopulation test loss itself, as we see in our experiments: for Digits DRO provides between
between 17.5% and 27% reduction in worst subgroup loss compared to ERM, and for ImageNet
the reduction is a more modest 5.6% and 9%. While the common practice in machine learning is
to view accuracy as the more important performance metric, logarithmic loss is also operationally
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Figure 4. Detailed results from our ImageNet classification experiment. Shaded areas indicate range of
variability across 5 repetitions (minimum to maximum), and the zoomed-in regions highlight the (often
very small) “bias floor” of small batch sizes.

Number of epochs to 2% of opt Speed-up
n=50 mn=>500 n=>5K Full-batch | vs. full-batch
Leovar,=0.02 189+3 115+1 193+4 1035 9.0x
Ly2p=1 o0 74+1 60+ 3 570 9.5x
Ly2pen,A=0.05 107+£1 104+1 131+5 1680 16.2x

Table 4. Empirical complexity for the Digits experiment in terms of number of epochs required to reach
within 2% of the optimal training objective value, averaged across 5 seeds & one standard deviation.
(For the full-batch experiments we only ran one seed). The “speed-up” column gives the ratio between
the full batch complexity and the best mini-batch complexity.

meaningful, as it measures the calibration of the model predictions. Thus, DRO is potentially helpful
in situations where robust precise uncertainty estimates are important.

We remark that approaches that explicitly target the subgroups on which we measure the generaliza-
tion [e.g., 61] will likely perform better than DRO. However, in contrast to these methods DRO is
agnostic to the subgroup definition—except that we use a subgroup validation set in order to tune its
uncertainty set size—and therefore requires less data annotation.

F.5.2 Optimization performance

As Figure 1 and Tables 4 and 5 indicate, mini-batch methods converge significantly faster than
full-batch. We also see that, while theoretically optimal, MLMC methods are slower to converge.
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Number of epochs to 2% of opt

Speed-up

n= 10 50 500 5K 50K 150K Full-batch | vs. full-batch
Lcvar, @ = 0.1 20 10 9 9 19 - 245 27x
Ly2,p=1 6 5 5 5 8+1 23 160 32x
Ly2pens A =04 7 5 5 5 22 26 180 36 %

Table 5. Empirical complexity for the ImageNet experiment in terms of number of epochs required
to reach within 2% of the optimal training objective value, averaged across 5 seeds + one standard
deviation, whenever it is not zero. (For the full-batch experiments we only ran one seed). The “speed-up”

column gives the ratio between the full batch complexity and the best mini-batch complexity.

ImageNet times [minutes]

Digits times [minutes]

Algorithm perepoch  to 2% of opt  # epochs per epoch to 2% of opt  # epochs
Batch n =10 120£5 850 + 30 7 0.80+0.1 00 0o
n = 50 23+0.7 116 + 4 5 0.23+0.01 24+1 107+ 1
n = 500 59+0.2 2941 5 0.056 & 0.004 58+04 104 +1
n =5K 3.3£0.04 16.5+ 0.2 5 0.033 £ 0.004 4.4+0.7 131+ 6
n = 50K 2.240.03 50+ 0.9 22 - - -
n=150K 2.140.03 55£0.7 26 - - -
MLMC ng =10 16 £1 00 [e) 0.34 +0.02 0o 00
Full-batch 2.1 380 180 0.022 37.0 1680

Table 6. Comparison wallclock time (in minutes) of the different algorithms, in terms of time per epoch
and time to reach within 2% of the best training loss. In the last two columns, we report the number of
epochs required to reach within 2% of the best training loss. We report oo for configurations that do not
reach the sub-optimality goal for the duration of the experiment, and omit standard deviations when
then they are 0.

Furthermore, the bias is empirically much smaller than what the theory predicts and setting the
batch size as small as 50 guarantees negligible bias; we investigate this further below. As the theory
predicts, the MLMC method (for corresponding values of ng) effectively counteracts this bias, and is
able to converge to the optimal value even when ng is 10.

We also note that the effect of batch size on the depth of the algorithm (number of iterations) is
remarkably consistent with the theoretical prediction of the variance-based analysis in Section 3:
for smaller batch sizes the number of steps is roughly inversely proportional to the batch size, and
the total amount of work is constant. The best stepsize also grows linearly with the batch size
(see Table 3). As batch sizes grow, the best stepsize plateaus and the number of steps required for
convergence also stops decreasing with the batch size, making the total work become larger.

Runtime comparison. In Table 6 we report the gradient complexity and wallclock time to reach
accuracy within 2% of the optimal value. For brevity, we show it for a single robust objective
(penalized-y2), but we observe that similar results across robust objectives. We note that for small
batch sizes the time per epoch is significantly larger than for larger batch sizes, this due in part to
parallelization in evaluating ¢ and V¢ and in part to logging and Python interpreter overhead, which
increase linearly with the number of iterations. However, these effects diminish as the batch size
grows, and for batch size 5K the wallclock time to reach an accurate solution is an order of magnitude
smaller than with the full-batch method. We run our experiments with 4 Intel Xeon E5-2699 CPUs
and 12-32Gb of memory. Increasing the number of CPUs or using GPUs would allow for greater
parallelism and improve the runtime at greater batch sizes. However, increasing the model complexity
(e.g., to a deep neural network) would have the opposite effect. Using 4 CPUs for linear classification
gives roughly the same range of feasible batch sizes as a ResNet-50 on large GPU arrays.

Bias analysis. Figure 1 shows that even for small batch sizes—where the guarantees of Proposition 1
are essentially vacuous—stochastic gradient steps with the mini-batch gradient estimator find solutions
very close to optimal. There could be two explanations for this finding: (a) £ and £ are actually

much closer to each other than the theory predicts, or (b) £ and £ are far apart as expected, but still
their minimizers are close.
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Figure 5. Evaluation of the bias £L(Z7; Po) — L(Z7;n) at the last iterate T of the experiments in
Figure 1, for different batch sizes n. (These batch sizes n are not the same as the mini-batch size used
to compute Zr; we take the latter to be 10). Error bars indicate a 95% confidence interval computed
using the bootstrap.

To test hypothesis (a), we examine the loss values at the last iterate £ of our Digits and ImageNet
experiments with mini-batch size 10. For each objective, we estimate £(Z1;n) for various values
of n by averaging 50K evaluations of £(Z7;ST), and use it to compute an estimate of the bias
L(z7; Py) — L(Z7;n).5 In Figure 5 we plot the bias estimate against the mini-batch size n. We see
that hypothesis (a) is false: for both ImageNet and Digits, the difference £(Z1; Py) — L(Z7;n) is
quite large at small n, as our upper bounds and matching lower bounds in the Bernoulli case would
suggest. We also see that the bias decays as 1/n in all cases except for x? constraint in Digits; this is
again consistent with our theory as we expect the inverse-cdf assumption to be relevant in practice and
particularly for CVaR where it only needs to hold around the 1 — a quantile. We conclude that despite
the significant bias at small batch size n, approximate minimizers of £(x;n) are also approximate
minimizers of £(x; Pp). This is possibly due to the fact that the bias £(z; Py) — L(x;n) is nearly
constant as a function of x. We leave further study of this hypothesis to future work.

F.6 Comparison with alternative optimization methods

We complement the worst-case complexity comparison in Table 1 by repeating our experiments with
two alternative optimization methods: dual SGM and primal-dual methods.

F.6.1 Comparison with dual SGM

Experiment description. Recall the dual SGM method we describe and analyze in Section A.3. The
complexity guarantees of dual SGM depend quadratically on the size of the uncertainty set—scaling
with a2 for CVaR and with A2 for the penalized version of the y? objective. In contrast, our theory
predicts that the method we propose have an optimal linear dependence on the size of the uncertainty
set. Here we empirically test this prediction on the Digits experiment. To do so, we compare the
performance of our proposed mini-batch method with dual SGM for uncertainty sets of increasing
size. For CVaR we consider

a € {0.02,0.006,0.002, 0.0006, 0.0002},
and for penalized x? we consider

A € {0.05,0.015,0.005,0.0015,0.0005}.

Parameter tuning. For each uncertainty set size, we jointly tune the stepsizes 7, and vy, over the
following grids

Yz € {1-107%,3- 10" }3<i<6, 1y € {1107 }ocics.
We choose a coarser grid for +y, as we noticed that the value of 7, had a marginal influence on the

final performance. For both the mini-batch algorithm and dual SGM, we pick the batch size n = 500
We follow the same averaging scheme and momentum as in our previous experiments.

SFor CVaR it is fact possible to compute £(Z7;n) in closed form via (22); we do that for the Digits
experiment. Scaling the computation to ImageNet is nontrivial, so there we use an empirical estimate instead.
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Figure 6. Comparison of batch methods to dual SGM on the digits experiments for increasing sizes
of uncertainty set sizes or regularization. We observe that as the size grows, dual SGM performs
increasingly worse.

Discussion of results. We plot the results of the experiment in Figure 6. As the theory predicts, when
the size of the uncertainty set grows, dual SGM performs significantly worse than batch methods.
Conversely, as expected, for small uncertainty sets dual SGM performs on par with the mini-batch
method. We empirically observe that the performance of dual SGM depends only weakly on the
choice of 7y,. As aresult, dual SGM is not much more difficult to tune than the mini-batch method.

F.6.2 Comparison with primal-dual methods

Experiment description. We now turn to primal-dual methods, whose complexity guarantees scale
as €2 but are linear in NN, and are therefore expected to become less efficient as the size of the
training set grows. To test this prediction, we repeat our Digits and ImageNet experiments (with
N = 60.6K and N = 1.2M, respectively) using these alternative methods for the contrained-x? and
CVaR objectives. We then compare their performance to that of gradient methods with our mini-batch
estimator.

Method description. Primal-dual methods maintain an iterate sequence {x;, ¢: }+cn, Where q; €
U(Py) C AN represent an online estimate of the distribution ¢ attaining the maximum in (3) at
Z1,...,T:. To compute T4y1,qr+1, We sample a batch of n indices Ji* drawn independently from ¢,

and (denoting S; = s,) estimate the gradient of Ziil q:¢(x; s;) with respect to = and ¢ as follows:

1« Iy 1,
= — Vf(xtS and — — (Et ]. Ji=j
To compute x4 from z; and g we apply the same stochastic gradient scheme we use in our previous
experiments (Nesterov momentum 0.9).” We also use the averaging scheme in [65] with parameter 3
as before. To compute ¢;1 from ¢; and g we apply a mirror descent step. For the constrained x>

problem the step is of the form

- 1 . .
wr = angmex {lgodl) + glo-alPf = argmin o= (gl 68
@D 2(g, y 1)<p a€AN:||g— R 1]|2<2p/n

i.e., a Euclidean projection of the unconstrained gradient step on ¢; to the uncertainty set. For the
CVaR problem, the step is of the form

@1 = argmax  {(g,clip(v4gf)) + Di(q, ¢:)}, (59)
qeAN:||qlle <

where clip(z) is the Euclidean projection of x to [—1, 1]V

The x? step is essentially the same as in [47], while the CvaR step is different from the proposal
by Curi et al. [17]. Nevertheless, local norms regret analysis [13, 62] readily shows that with

. . . - log L B24+G?R?
appropriate -y, and 7y, the step (59) allows us to find e-optimal solutions within Nog“eﬂ

"The performance of the primal-dual method appears fairly insensitive to the use of momentum so we keep
the parameter the same as in our previous experiments for simplicity.
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Figure 7. Comparison of batch methods to primal-dual methods. We observe that the primal-dual
methods are more efficient on the Digits experiment, but the trend reverses on the large-scale ImageNet
experiment.

iterations, similarly to the guarantee that Curi et al. [17] show for a computationally intractable
determinantal point process scheme. They also propose a tractable approximation for this scheme,
but do not prove that it converges to the solution of the CVaR problem.

Parameter tuning. For every training task we jointly tune the parameters vy, and v,. We tune -y,
over the values 107%, 2 - 107¢ and 5 - 107¢ for 4 > 1 (similarly to our previous experiments) and
we tune -y, over the values 10~* and 3 - 107" for ¢ > 1. The best-performing values of (y,,,) are
(0.02,0.003) for Digits/CVaR; (0.02, 3 - 10~7) for Digits/x?; (0.05,3 - 10~5) for ImageNet/CVaR;
and (0.02, 3 - 107!1) for ImageNet/x?. We use batch size n = 500 throughout.

Discussion of results. Figure 7 compares primal-dual and mini-batch primal methods with the
best-performing hyperparameters, for two datasets and two objectives. For the Digits experiment, the
primal-dual method perform better that the primal-only method (for x? significantly so). This may
appear surprising, since the primal-dual complexity guarantees are larger by an additional factor of
N = 60.6K for this dataset. However, a closer look at the analysis of primal-dual methods shows
that the term N B2 is actually an upper bound on 3" [¢(z; 5;)]? at & = &1, 9, . . .. As the method
converges, many data points are correctly classified with high confidence and therefore have very
low value of [¢(x; s;)]?. Hence, a more realistic complexity estimate would replace N by the number
of incorrectly classified training points, which for Digits is quite small (less than 100). Moreover,
we observe that the optimal value of ~, for primal-dual methods is significantly larger than the
corresponding step size for the primal-only method, likely because g* gives uniform weights to each
s; as opposed to the adversarial weight of the primal-only method. The larger step sizes enable more
rapid optimization over x.

For the larger-scale ImageNet experiment, the primal-only method significantly outperforms the
primal-dual method. This is consistent with the above discussion, since here the number of misclassi-
fied training examples is large (more than 100K).

As an additional illustration of the superior scalability of primal-only method, consider a thought
experiment where we replicate each element in our dataset m times to form a new dataset of size mN.
Clearly, this will have no impact on the primal-only method. In contrast, the norm of g? will grow by
a factor of m, and we may expect the complexity of the method to increase by that factor as well.

Finally, we remark that tuning the primal-dual method is considerably more difficult than tuning the
primal-only method. In addition to having two learning rates to search over, using an overly large
value for -y, typically causes the algorithm to converge to a suboptimal point rather than diverge.
Therefore, the common procedure of decreasing the learning rate until divergence no longer occurs
will fail for the primal-dual method.
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