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Abstract

We study computational and statistical consequences of problem geometry in stochastic and
online optimization. By focusing on constraint set and gradient geometry, we characterize the
problem families for which stochastic- and adaptive-gradient methods are (minimax) optimal and,
conversely, when nonlinear updates—such as those mirror descent employs—are necessary for
optimal convergence. When the constraint set is quadratically convex, diagonally pre-conditioned
stochastic gradient methods are minimax optimal. We provide quantitative converses showing
that the “distance” of the underlying constraints from quadratic convexity determines the sub-
optimality of subgradient methods. These results apply, for example, to any ¢,-ball for p < 2,
and the computation/accuracy tradeoffs they demonstrate exhibit a striking analogy to those in
Gaussian sequence models.

1 Introduction

The default procedures for solving the stochastic optimization problem

minirgize fp(z) :=Ep[F(z,S)] = /F(m,s)dP(s), (OPT)
HAS
where {F(-,s),s € S} are convex functions F'(-,s) : R® — R, P is a distribution on S, and X C R"
is a closed convex set, are variants of the stochastic subgradient method, where one iteratively draws
Sk i p and updates

Tpy1 = T — gy, where gp € OF (g, Sk). (1)

The simplicity and scalability of this update make stochastic subgradient methods the de facto
choice for large-scale optimization [30, 26, 7|. The geometry of the underlying underlying constraint
set X and subgradients OF (-, s) impact the performance of algorithms for problem (OPT), and so a
question arises: are such linear updates (1) enough to obtain (minimax rate) optimal convergence
guarantees for the problem (OPT), or does does the structure of the problem necessitate nonlinearity
to achieve optimization efficiency? Convergence guarantees for stochastic gradient methods depend
on the fy-diameter of X and OF (-, s), while for non-Euclidean geometries (e.g. when X is an £;- or
l~o-ball) mirror descent, dual averaging and adaptive gradient methods provide better convergence
guarantees [25, 26, 5, 27, 17, 13]. We investigate these gaps by precisely quantifying convergence

*JCD, CC, and DL partially supported by NSF-CAREER Award 1553086, ONR-YIP N00014-19-1-2288, and
the Stanford DAWN Project. JCD and CC additionally supported by NSF Award I11S-2006777 and ONR Award
N00014-22-1-2669



for different method families, highlighting a particular way to trade between computational power—
which we treat as whether purely linear operations suffice to optimally solve problem (OPT), or
nonlinear updates are necessary—and optimization and statistical efficiency.

To set the stage, let us revisit Donoho, Liu, and MacGibbon’s study of optimal estimation in
Gaussian sequence models [15]. One observes a vector z € X corrupted by Gaussian noise,

y=1x+ N(O,J2I),

and seeks to estimate x. For such problems, one can consider linear estimators—z = AY for a
A € R™"—or potentially non-linear estimators

T =(y)
where ® : R® — X is otherwise arbitrary. When X is quadratically convex, meaning the set
X2 = {(:cjz) | © € X} is convex, Donoho et al. show there exist minimax rate-optimal linear

estimators; conversely, there are non-quadratically convex X for which rate-optimal estimators &
must be nonlinear in y. In particular, as we discuss in Section 5, this gap depends on the difference
between the Kolmogorov (linear) n-width of X and its “nonlinear” n-width, that is,

w’(n) == sup Zv(j) versus w2 (n) := sup Zv(j), (2)
vEConv(X?2) j>n veEX? i>n
where |v(y)| > |v(g)] > -+ denote the elements of v sorted by magnitude. We show how these

results follow from convex duality, and the difference between w?(n) and w? (n) allows a quantitative
characterization of how far X is from being quadratically convex and the impact this distance has
on the (sub)optimality of linear estimators.

Our main results show how stochastic and online convex optimization analogize these sequence
models. To build the analogy, consider dual averaging [27], where for a strongly convex h: X — R,
one iteratively receives Sy € S, chooses g € OF (xy, Sk), and for a stepsize o, > 0 updates

1
Tpy1 := argmin { Zgjx + ah(m)}. (3)
k

zeX i<k

When X = R" and h is Euclidean, that is, h(xz) = %xTAa; for some A > 0, the updates are linear in
the observed gradients g;, as
T = —OékAfl Zgi.

i<k
Drawing a parallel between ® in the Gaussian sequence model and h in dual averaging (3), we
show that because of duality gaps in certain min-max problems, a dichotomy holds for stochastic
and online convex optimization similar to that holding for the Gaussian sequence model: if X is
quadratically convex, there is a Euclidean h (yielding “linear” updates (3)) that is minimax rate
optimal for problem (OPT), while there exist non-quadratically convex X for which Euclidean
distance-generating h are arbitrarily suboptimal. Taking a computational perspective, this means
that for some problems one must use more sophisticated methods than “linear” updates. We show
that this analogy holds, though the measurement of a set’s deviance from quadratic convexity, and
hence the gap in attainable performance between linear and nonlinear methods, differs between
Gaussian sequence models and stochastic optimization: there are constraint sets X for which linear
estimators are (rate) optimal in the Gaussian sequence model but not for stochastic optimization,
and vice versa. Nonetheless, we fully characterize minimax rates when the subgradients g € OF



lie in a quadratically convex set or a weighted ¢, ball, » > 1. (This issue does not arise for the
Gaussian sequence model, as the observations Y come from a fixed distribution, so there is no notion
of alternative norms on Y.)

More precisely, we prove that for orthosymmetric quadratically convex bodies X, subgradient
methods with a fixed diagonal re-scaling are minimax rate optimal. This guarantees that for a
large collection of constraints (e.g. ¢2-balls, weighted £,-bodies for p > 2, or hyperrectangles) a
diagonal re-scaling suffices. This is important in, e.g., machine learning problems of appropriate
geometry, such as in linear classification problems where the data (features) are sparse, so using a
dense predictor z is natural [17, 18]|. Conversely, we show that if the constraint set X is a (scaled)
{,-ball, 1 < p < 2, then, considering unconstrained updates (3), the regret of the best method of
linear type (i.e. h quadratic) can be y/n/logn times larger than the minimax rate in online convex
optimization. As part of this, we provide new information-theoretic lower bounds on optimization
for general convex constraints X. In contrast to the frequent (but illogical) practice of comparing
convergence upper bounds, we demonstrate the gap between linear and non-linear methods must
hold. Sections 4.2 and 5 also show how the departure from quadratic convexity affects convergence
guarantees: comparing the ¢; diameters of X and its second-order lifts via

sup |z]|, versus sup {|yv||1 | v? € Conv{diag(zz "),z € X})} ,
zeX v

the gap between the left and right quantities (essentially) characterizes the gap in performance
between linear and nonlinear methods for stochastic optimization, while Kolmogorov n-widths (2)
capture that in the Gaussian sequence model.

We extend our results to an additional computational consideration: whether an algorithm must
be adaptive, that is, it must change its update rules over time based on observations. We demonstrate
that non-adaptive linear methods necessarily suffer slower convergence rates than adaptive methods
in online problems. One perspective on our results is thus computational, though with a different
angle than most current work on tradeoffs between statistics and computational complexity. Much
of this literature takes as inspiration the classical perspective that the gap between polynomial
and non-polynomial time algorithms forms the great watershed in computational complexity, thus
necessitating a class of “hard” problems while allowing essentialy arbitrary algorithms [6, 8, 9]. We
take an alternative perspective that allows more nuance in the types of convergence rates we can
achieve—differentiating between various polynomials—by restricting the algorithms we consider to
those in families common in optimization.

Our conclusions relate to the growing literature in adaptive algorithms [4, 17, 28, 29, 14]|. Our
results effectively prescribe that these adaptive algorithms are useful when the constraint set is
quadratically convex, as this guarantees a minimax optimal diagonal pre-conditioner. More, different
sets suggest different regularizers. For example, when the constraint set is a hyperrectangle, AdaGrad
has regret at most /2 times that of the best post-hoc pre-conditioner, which we show is minimax
optimal, while (non-adaptive) standard gradient methods can be y/n suboptimal on such problems.
Conversely, our results strongly recommend against those methods for non-quadratically convex
constraint sets. Our results thus clarify existing convergence guarantees [27, 26, 17, 39]: when the
geometry of X and OF is appropriate for adaptive gradient methods or Euclidean algorithms, one
should use them; when it is not—the constraints X are not quadratically convex—one should not.

Notation We use n to refer to the dimension of problems, and we use k to denote either a
sample size or number of iterations. We let RN = {(2;)32,} denote sequence space. For a norm
7, the set By (zg,7) := {z | v(x — x9) < r} denotes the ball of radius r around zo in the ~
norm. For p € [1,00] we use the shorthand By(xo,r) := By, (zo,7). The dual norm of v is



7*(2) = Supy(y)<1 (z,2). For z,7 € R" or RN, we abuse notation and define 22 := (l'?)]Zl;

|z| := (|75])j>1, £ := (x;/7j)j>1 and © © T := (x;7;)j>1, and similarly for sets X, if f : R — R then
we let f(X) = {(f(zj));j>1 | * € X} be the elementwise application of f to elements of X. The
function h denotes a distance generating function, i.e. a function strongly convex with respect to a
norm ||-||; Dn(x,y) = h(z) — h(y) — (Vh(y),x — y) denotes the Bregman divergence, where recall
that h is strongly convex with respect to ||-|| if and only if Dy (z,y) > 1 |lz — y||*. The subdifferential
of F(-,s) at = is 0y F(x,s). (X;Y) is the (Shannon) mutual information between random variables
X and Y. For aset Q and f,g:Q — R, we write f < g if there exists a finite numerical constant C'
such that f(t) < Cg(t) fort € Q,and f<gifg < f<g.

2 Preliminaries and Background

We begin by reviewing the classical results in Gaussian sequence models and presenting and defining
the minimax framework in which we analyze procedures. We also review standard stochastic
subgradient methods and introduce the relevant geometric notions of convexity we require. As part
of this, we give a new argument showing the optimality of linear estimators for Gaussian sequence
models when the underlying constraint set is quadratically convex (which we define presently).

Quadratic convexity and orthosymmetry

A few geometric quantities are central to our development. For a set X, let X2 := {2%,z € X}
denote its (elementwise) square. The set X is quadratically conver if X? is convex; typical examples
of quadratically convex sets are weighted ¢, bodies for p > 2 or hyperrectangles. We let QHull(X') be
the quadratic convex hull of X, meaning the smallest convex and quadratically convex set containing
X. The set X € R or X C RN is orthosymmetric if it is invariant to flipping the signs of any
coordinate: if z € X then o; € {£1} implies (0jz;);>1 € X. Similarly, a norm + is orthosymmetric
if v(g) = v(|g|) for all g, and 7 is quadratically convex if it induces a quadratically convex unit ball
B, (0,1). For any set X, we define the squared convex hull and square root

SqHull(X) := Conv {(23) |z € X} and /SqHull(X) = {(/7;) | ¥ € SqHull(X)},

the latter of which is always convex by the concavity of the square root. For orthosymmetric X,

QHull(X) = {s O |z e /SqHu(X),s; € {£1} for all j}.

2.1 The Gaussian sequence model

Gaussian sequences provide a model for analyzing parametric and nonparametric statistical proce-
dures, and tools developed in their analysis form a bedrock of modern statistical estimation [36, 22];
we provide some perspective on estimation in the sequence model. In the Gaussian sequence model,
we begin with a (typically convex and compact) set X C R"™ or in sequence space RN, and for
an unknown z € X observe y = x + £, where ¢ ~ N(0,02I). The goal is to estimate = in some
sense optimally, and frequently one considers sequences with X C R"™ and o2 scaling as 1/n, which
analogizes estimation with n observations, so that rates of convergence as o2 | 0 become the main
focus [22]. An interesting point of contrast is when linear estimators are sufficient to achieve (near)
optimal performance or nonlinear estimators are necessary. An estimator ¥ = Z(y) is linear if it has
the form T = Ay for a linear operator A and nonlinear otherwise. We consider the risk

R(7,2) == E[|[2(y) - 3] .
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where for linear estimators of the form T = Ay, we use the shorthand
R(A,2) = B [|Ay — al3] =B [I(A - Dz + A¢l3] = (A= Dal3 + 2141, @)
The maximum risk of an estimator over the set X is
R*(z,X) := sup R(Z, z),
reX
while the minimax risk and linear minimax risk are

R*(X):=inf R*(z,X) and Rj,(X) ::ing*(A,X).

Donoho et al. [15] proved fundamental results relating the minimax risk and linear minimax risk for
the Gaussian sequence model, and among their main results is that if the set X is an orthosymmetric
quadratically convex body, then Ry (X) < 1.25R*(X), and moreover, R} (X) = supycx R}, (H),
where H is a (hyper)rectangle. We begin by giving an alternative approach to some of these
arguments here via convex duality, which allows us to put these arguments and the rest of our
development on similar intellectual footing. In brief, the Sion and Fan minimax theorems [34, 19],
coupled with quadratic lifts of the set X, play an essential role in all of our results.

Proposition 2.1. Assume 0> > 0 and X C R™ is an orthosymmetric convex body. Then the matriz
A minimizing R*(A, X)) is diagonal and unique. Moreover,

n

1nfR*AX = inf su dj —1)%22 + o%d?

( ) deRn xe)liz' ;( J ) 7 9
We provide a proof of the proposition in Appendix B.1, noting the following corollary of our proof
technique. In the corollary, we say that a measure v is orthosymmetric if for all diagonal sign

matrices ¥ € diag({£1}") and sets C' C R", we have v(C) = v(XC).

Corollary 2.1. There exists an orthosymmetric probability measure v on X such that the A
minimizing R*(A, X) minimizes [y B[||Ay — :L‘||§]d1/(x), and it coincides with the diagonal matriz
D = diag(dy, ... ,d,) minimizing R*(D, X)), which similarly minimizes

Z/ [d?x? - 2djx§ + 0'2d?] dv(z).
j=1"%

With these results in place, we can provide alternative proofs characterizing the linear minimimax
risk for the Gaussian sequence model. We first evaluate the risk.

Corollary 2.2. Let X C R" be an orthosymmetric quadratically convexr body. Then

n 02q2-
inf R*(A,X) = sup 27]2
A q€QHuIl(X) 5= 4 T O

Proof. Proposition 2.1 implies that
mf supE [ Ay — z|3] = mf supz ((dj — 1)%a% + 0%d3)
xEX

n

=inf  sup d; — 1) + o*d?
d vGSqHuII(X)Z ((d; ! )

j=1
= sup inf (dj —1)%v; +o%d?) 3, (5)
vESqHull(X) 4 ;( ’ ’ J)



where equality (5) is a standard convex/concave saddle-point result (we may without loss of generality
restrict d to the set [0,1]"). Continuing the equalities, we have

o2v;
vj + 02’

inf {(d; — 1) vj +0%di} =

which implies the result. O
An approximation argument extends Corollary 2.2 to sequence space (see Appendix B.2).

Corollary 2.3. Let X C RN be orthosymmetric and compact for ¢3(N). Then

o0

s o’
inf R*(A,X) = sup -
A g€QHuIl(X) i=] 45 T O

The two preceding corollaries—particularly via the swap of the min/max in equality (5)—highlight
that if QHull(X) = X, then linear estimators can be essentially chosen assuming knowledge that
coordinate j of x lies in a [—|x;], |z;]].

With these results in place, we can provide an alternative proof that if X is quadratically convex,
then the linear minimax risk for the Gaussian sequence model is equal to linear minimax risk
over all rectangular subsets of X (recovering [15, Theorem 7]). Let R(X) denote the collection of
orthosymmetric rectangular subsets of X, that is, sets of the form [—x;, x;];>1 C X.

Corollary 2.4. Let X be quadratically convex, compact, and orthosymmetric. Then

2

1nf sup El||x — = inf R*(A, X sup mfR* A H)=0"sup
T=Ay geX e = ok} = A ( )= HeR(X) A ( ) xeX; $2+02

2,.2

Proof. Because X = QHull(X), Corollary 2.3 implies infa R*(A, X) = supyex ;51 mszQ Now
note that given any hyperrectangle H = @ j>1[—:cj,x]] for x € X, we have again by Corollary 2.3

0.2 2
that infa R*(A, H) =5, ﬁzﬂ Take a supremum. O

2.1.1 Fundamental limits for the Gaussian sequence model

To introduce the ideas for lower bounds we employ in the remainder of the paper and highlight
quadratic convexity, we also review some of the fundamental lower and upper bounds in Gaussian
sequence models for general orthosymmetric sets X. The following result, which for completeness we
prove in Appendix B.3, is typical; it provides worse constants than those available by more careful
constructions (cf. [22, Chapter 4]), but it introduces some of our main types of arguments.

Proposition 2.2. Let X be an orthosymmetric convex set. Then for any x € X,
1
* 2 2
X) > 10 Z z; Ao
Jj=1

As an immediate consequence to Proposition 2.2, we see that linear estimators are minimax rate
optimal whenever X is quadratically convex.

Corollary 2.5. Let X be quadratically convex, orthosymmetric, and compact. Then

RY(X) < inf R'(4, X) < 10R*(X).



2 2
zo
m?+a2’

Proof. Observe that wjz Ao > and then apply Corollary 2.4 and Proposition 2.2. O

Given that whenever X is quadratically convex, linear estimators are (nearly) minimax optimal,
the fundamental question then becomes when we indeed require nonlinearity and which nonlinear
methods are rate optimal.

2.1.2 Soft-thresholding and nonlinear estimators

Soft-thresholding, which estimates = by elementwise applying the soft-thresholding operator

Sa(y) :=sign(y) - (ly| — N, ,

provides a nearly optimal procedure for estimation in Gaussian sequence models. Johnstone [22,
Corollary 8.4] gives a paradigmatic bound for the risk of soft thresholding on a single coordinate:

Corollary 2.6. Let y ~ N(z,02) and § € (0,1]. Then for A = \/202logd—1,
E[(Sx(y) — 2)%] < d0% + (1+2log 5_1) 22 Ao

In particular, if X C R" and § = %, then defining the estimator Z coordinatewise by z; = Sy (y;) for

X = y/202logn, we obtain

n
E[|Z — ]3] < 0® + (2logn +1) Y 23 Ao?,
j=1

whose risk is within a factor O(1)logn of the minimax risk lower bound in Proposition 2.2. In fact,
the factor 2logn is sharp [22, Proposition 8.8 as n — cc.

One typically considers the risk in Gaussian sequence models as 02 — 0—for example, with the
scaling 02 o 1/n in an n-dimensional model-—so that we wish to understand the “right” scaling
in the model. For this, we adapt Donoho et al.’s results [15, Thm. 12| by combining projecting
coordinates to zero and soft-thresholding. Define

N(o,X) := inf {n | sup |z;| < o for all j > n},
zeX

and for A = /202 log N (o), define the truncated soft-thresholding estimator

;= .
0 otherwise.

N {sxyj) if j < N(o, X)

An adaptation of their arguments |15, pg. 1430| yields the following corollary.

Corollary 2.7. The truncated soft-thresholding estimator (6) satisfies

E[|Z — ]3] < 0® + (2log N(0, X) + 1) Y a3 Ao?.
j>1

If N(0,X) is polynomial in 1/o as o — 0, there exists C(o) < O(1)log 1 such that

R(F, X) < C(0) - R*(X).



Proof. For N = N (o, X) we have

N

N
E[|7 — 2|3 = Y E[Sa(yy) —2)%+ > a2 <o?+ (1+2logN) Y a2 no?+ Y 2 Ad?,
Jj=1 Jj>N j=1 j>N

as x? < 0? for j > N(o, X), which implies the first result. Proposition 2.2 implies the second. [

The assumption that N (o, X) is polynomial in 1/0 as o — 0 is typically lenient; any X C R"
evidently satisfies it, and so do sets contained in £, bodies {x € RN | > 521 ajlr;P < 1} so long as
a; — oo polynomially quickly in the index j. In brief, the (nonlinear) truncated soft-thresholding
estimator (6) is nearly minimax rate-optimal: to within a logarithmic factor it achieves the minimax
optimal rate for any “sufficiently compact” set X. Moreover, because l(a AD) < aa—fb < aAb for

2
a,b > 0, the difference between the quantities

2, 2 2, 2
sup x5 No“ and sup i No
veX ZJ: ! 2€QHUII(X) z]: !

evidently determines whether nonlinear estimators are necessary.

2.2 Minimax rate for convex stochastic optimization

We turn to stochastic optimization. We measure the complexity of problem families in two familiar
ways: stochastic minimax complexity and regret [25, 1, 10, 16]. Let X C R"™ be a closed convex
set, S a sample space, and F a collection of functions F' : R" x § — R. For a collection P of
distributions over S, recall (OpT) that fp(z) := [ F(z,s)dP(s) is the expected loss of the point z.
Then the minimax stochastic risk is

S)ﬁi(X, F,P) :=inf sup sup E fp(fk(Sf)) — inf fp(x)],
Tr FeF PeP reX

where the expectation is taken over S¥ " P and the infimum ranges over all measurable functions z,
of S*. A related notion is the average minimaxz regret, which instead takes a supremum over samples
slf € S¥ and measures losses instantaneously. In this case, an algorithm consists of a sequence of
decisions 71, To, ..., T, where Z; is chosen conditional on samples sifl, so that

k
im,?(X, F,S) = inf sup 1 Z [F(@ (slfl) ,si) - F(x,si)] .
T1:k Fef,s’fesk,xeX k i=1

In the regret case we may of course identify s; with individual functions F'. In both definitions, we
do not constrain the point estimates Z to lie in the constraint sets—in language of learning theory,
improper predictions—but in our cases, this does not change regret by more than a constant factor.
As online-to-batch conversions make clear [11], we always have zm; < ?J)T,Fi; thus we typically provide
lower bounds on i)ﬁz and upper bounds on 93?,5. In many of the cases we consider, these quantities
are essentially equivalent [e.g. 33|, and in cases where we wish to provide explicit lower bounds on
algorithms we typically use regret.

Lipschitz continuity properties form a central lever for demonstrating convergence in general
(potentially non-smooth) stochastic convex optimization [25, 1, 16|, and consequently, we study
functions for which a norm v on R™ (v as a mnemonic for gradient) specifies these:

Fr:={F:R"xS—R|forallz ¢ R", g€ 0, F(x,s), v(g9) <r}, (7)



The gradient bound condition y(g) < r is equivalent to the Lipschitz condition |F'(z,s) — F (', s)| <
ry*(x — 2’), where v* is the dual norm to . We use the shorthands

MR (X, ) := sup MR (X, F1,S) and MR(X,y) :=sup sup M(X,F"', P)
S S PCP(S)

as the Lipschitzian properties of F in relation to X determine the minimax regret and risk.

2.3 Stochastic gradient methods, mirror descent, and regret

Let us briefly review the canonical algorithms for solving the problem (OPT) and their associated
convergence guarantees. For an algorithm outputing points 1, ..., z, the regret on the sequence
F(-,s;) with respect to a point x is

k

Regret, (2) := Z[F(:ﬁi, si) — F(z, s7)].

Recalling the definition Dy, (x, x0) = h(z) — h(zo) — (Vh(zo), x — zo) of the Bregman divergence, the
mirror descent algorithm [25, 5] iteratively sets

1
gi € 9, F (x;,5;) and updates z}n := argmin {gZTx + —Dp (=, xl)} (8)
zeX «Q
where a > 0 is a stepsize. When the function A is 1-strongly convex with respect to a norm ||-|| with

dual norm |[|-||,, the iterates (8) and the iterates (3) of dual averaging satisfy (cf. [5, 10, 27])

D
Regret, (z) < Dn(&:0) | S Nl forallw e X. 9)
i<k
The choice h(z) = %Hx”% recovers the classical stochastic gradient method, while the p-norm
algorithms [20, 31, 26, 16], defined for 1 < p < 2, use h(z) = ﬁ HxHZ, each is strongly convex

with respect to the £p-norm |[|-||,. If G = {g € 0,F(x,s) | x € X,s € S} denotes the set of possible
subgradients, the regret guarantee (9) becomes

[Edls ka
P— + = sup g]l?

Regret,(z) < ———
() 2(p—1)a 2 geq

if zp =0 and ¢ = 1% is conjugate to p. The choice o = ﬁ supgex [|zll, / sup,g)<1 ll9ll, gives the

following now standard minimax regret bound |[cf. 32, Corollary 2.18|.

Proposition 2.3. Let X be closed convex, v a norm, and 1 <p <2, q= %. Mirror descent with

sup,e x [lz—oll,,

distance generating function h(x) := N P SN T
v(g)<1illq

q%l) Hl’HIZ, and stepsize o =

5 achieves regret

sup,ex [|1]l, supgen. (0,1) 191lq
k(p—1)

As we previously stated in our definitions of minimax risk and regret, we do not constrain the
point estimates to lie in the constraint set X, which is equivalent to taking X = R" in the updates (8)
or (3). The regret bound (9) still holds whenever z € X. Even with unconstrained updates, the

MR(X,7) <



form (9) still captures the regret for all common constraint sets X [31]. To give one example of
this phenomenon, take X = R" in the updates (8) or (3) while choosing h(x) = 2(p 0 ||acH and
p=1+ log(%n)' Then with dual ¢ = z% = 1+log(2n), and o = 0, we see that for any set X’ C R",

2
sup Regrety(z) < = sup h(z Z lgill2 < = Sup h(@ Z lg:llZ,

reX’ z<k i<k

When we take the comparator class X’ to be the ¢1 ball X = {x | ||z||; < 1}, then we see the familiar
logarithmic scaling

2log (2n)
sup Regret;(z) < legz\looa
|l <1 z<k;

and if ||g;||, <1 for all i then taking a = 2,/log(2n)/k gives O(1) - y/klogn regret.

We frequently focus on distance generating functions of the form h(z) = 3 (z, Az) for a fixed
positive semi-definite matrix A. For an arbitrary A, we will refer to these methods as Euclidean
gradient methods and for a diagonal A as diagonally scaled gradient methods. In this case,
the mirror descent update is the stochastic gradient update with A~'g, where ¢ is a stochastic
subgradient. We refer to all such methods as methods of linear type, as their update sequence
guarantees the linearity

k-1
zp=—-A"1> g
i=1

The remainder of the paper develops the analogy of linear and nonlinear updates in stochastic
optimization problems with those in Gaussian sequence models, highlighting when methods of linear
type are minimax rate optimal, and when more computational power—we require nonlinearity—is
necessary.

3 Minimax optimality and quadratically convex constraint sets

We begin by providing lower bounds on the minimax risk and matching upper bounds on the
minimax regret of convex optimization over quadratically convex constraint sets, where diagonally
scaled gradient methods achieve the regret bounds. While the analogy with the Gaussian sequence
model is nearly complete, in distinction to the work of Donoho et al. (where results depend solely
on the constraints X, as in Corollary 2.4), our results necessarily depend on the geometry of the
subdifferential. Consequently, we distinguish throughout this section between quadratically and
non-quadratically convex geometry of the gradients. To set the stage our contributions, we begin
with the classical case of X = B (0, 1) with p € [2,00] (so that X is quadratically convex) and norm
v =||-||l» with » > 1. We then turn to arbitrary quadratically convex constraint sets and first show
results in the case of general quadratically convex norms on the subgradients. We conclude the
section by proving that, when the subgradients do not lie in a quadratically convex set but lie in a
weighted ¢, ball (for r € [1,2]), diagonally scaled gradient methods are still minimax rate optimal.

3.1 A warm-up: p-norm constraint sets for p > 2

Though the results for the basic case that X is an /,-ball while the gradients belong to a different
¢,.-ball are special cases of the theorems to come, the proofs (appendicized) are simpler and provide
intuition for the later results. We distinguish between two cases depending on the value of r in the
gradient norm. The case that r € [1,2] corresponds roughly to “sparse” gradients, while the case

10



r > 2 corresponds to harder problems with dense gradients. We provide information theoretic proofs
of the following two results in Appendices C.1 and C.2, respectively.

Proposition 3.1 (Sparse gradients). Let X = B,(0,1) with p > 2 and v(-) = ||-||, where r € [1,2].
Then
11 11
n2 r n2 r
1A <X, y) <MR(X,7) S1A .
7 (X, 7) < ME(X,7) 7
Proposition 3.2 (Dense gradients). Let X = B,(0,1) withp > 2 and v(-) = || - ||, with v > 2. Then
1_1 1 1 1_1 1 1
n2 rn2 r n2 rn2 r
LA ——=— SM(X,7) S MR(X,7) STA ——=—

vE 7 vk

In both cases, the stochastic gradient method achieves the regret upper bound via a straightforward
optimization of the regret bounds (9) with h(z) = 3 |#]|3; a method of linear type is optimal.

3.2 General quadratically convex constraints

We now turn to the more general case that X is an arbitrary orthosymmetric quadratically convex
body. We combine two techniques to develop the results. The first builds out of the ideas of Donoho
et al. [15] in Gaussian sequence estimation, where, as in Section 2.1 the largest hyperrectangle in X
governs the performance of linear estimators; this gives us a lower bound. The key second technique
is in the upper bound, where a strong duality result holds because of the quadratic convexity of
X, allowing us to prove minimax optimality of diagonally scaled Euclidean procedures. As in the
previous section, we divide our analysis into cases depending on whether the gradient norm - is
quadratically convex or not (the analogs of r < 2 in Propositions 3.1 and 3.2).

We begin with the lower bound, which relies on rectangular structures in the primal X and
dual gradient spaces. For the proposition, we use a specialization of the function families (7) to
rectangular sets, where for M € R we define

FM .= {F:R“xS—)R\for all z € R" and g € 0, f(z, s), m<ax‘]‘\qg| < 1}.
jsn M;

Proposition 3.3 (Duchi et al. [18], Proposition 1). Let M € R": and FM be as above. Let a € R
and assume the hyperrectangular containment H?Zl[—aj, a;) C X. Then

1 n
M (X, FM) > ——— 3" Mja;.
k( ) =3 75Kig§j:1 jaj

We begin the analysis of the general case by studying the rates of diagonally scaled gradient methods.

3.2.1 Diagonal re-scaling in gradient methods

diagonally scaled gradient methods (componentwise re-scaling of the subgradients) are equivalent to
using ha(z) := 127 Az for A = diag(A) = 0 in the mirror descent update (8). In this case, for any
norm 7 on the gradients, the minimax regret bound (9) becomes

1 1
sup Regret, ;(z) < o5 | x Az + ZgZ-TA_lgz- < o5 | Bup ' Az+k sup ¢ Algl.

zeX zeX i<k zeX g€B,(0,1)

11



The rightmost term upper bounds the minimax regret, so we may take an infimum over A, yielding

1 . 1
MR(X,7) < o inf sup sup [Z )\j:n? + k‘z XQ?} (10)

)‘?OxGXgEB,Y(O,l) j<n j<n

The regret bound (10) holds without assumptions on X or v. However, in the case when X is
quadratically convex, strong duality allows us to simplify this quantity:

Proposition 3.4. Let V, X C R" be converx, quadratically convex and compact sets. Then

1\ " 1\ "
inf  sup )\T:U2+<> vy = sup inf )\T:E2+<> vy
A0 e X veV A zeX, eV A0 A

Proof. The quadratic convexity of the sets X and V implies that a (weighted) squared 2-norm
becomes a linear functional when lifted to the squared sets X2 := {2? | # € X} and V2. Indeed,
defining J : R?" x R? — R, J(t,w,\) == A7 + (%)Tw, the function J is concave-convex: it is
linear (a fortiori concave) in (7,w) and convex in A. Thus, using that the set {A € R } is convex and
X2 x V2 is convex compact (because X and V are quadratically convex compact), Sion’s minimax
theorem [34] implies

1\ " 1\ "
inf sup )\Tm'Q + () '[}2 = inf sup )\TT + (> w
A0 ze X veV A A-0 TEX2 weV? A

1 T
= sup inf {)\TT + (> w} .
TeEX2weV? A=0 A

Replacing 7 with 22 and w with v? gives the result. O

Proposition 3.4 provides a powerful hammer for diagonally scaled Euclidean algorithms, as we
can choose an optimal scaling for any fized pair x, g, taking a worst case over such pairs:

Corollary 3.1. Let X be a convex, quadratically convex, compact set. Then

1
ME(2,7) < —~ sup 'y,
k geQHull(B,(0,1)),z€X

and diagonally scaled gradient methods achieve this regret.

Proof. We upper bound the minimax regret (10) by taking a supremum over the quadratic hull
g € QHull (B,(0,1)), which contains B,,(0,1). Using that for a,b > 0, infy~ga) + b/\ = 2/ab and
applying Proposition 3.4 gives the proof. O

The corollary allows us to provide concrete upper and lower bounds on minimax risk and regret,
with the results differing slightly based on whether the gradient norms are quadratically convex.
3.2.2 Orthosymmetric and quadratically convex gradient norms

We now provide lower bounds on minimax risk complementary to Corollary 3.1, focusing first on the
case that the gradient norm - is quadratically convex.

Assumption Al. The norm =y is orthosymmetric and quadratically convex, meaning y(oc ®v) = v(v)
for all o € {£1}" and B,(0,1) is quadratically convez.

12



With this, we have the following theorem, which shows that diagonally-scaled gradient methods
are minimax rate optimal, and that the constants are sharp up to a factor of 9, whenever the gradient
norms are quadratically convex. While the constant 9 is looser than that Donoho et al. [15] provide
for Gaussian sequence models, this theorem highlights the essential structural similarity between the
sequence model case and stochastic optimization methods.

Theorem 1. Let Assumption Al hold and let X be quadratically convex, orthosymmetric, and
compact. Then

1
<IMP(X,~) < MR(X, ) < — sup v*(z).
SMIIGX 7 (@) < MR(X,7) < ME(X,7) kxexv( )

There exists \* € R} such that diagonally scaled gradient methods with \* achieve this rate.

Proof. For the upper bound, we use Corollary 3.1. Because B,(0,1) is quadratically convex, we
have QHull(B,(0,1)) = B,(0,1), so that sup cquuis, (0,1)) x'g = v*(x), giving the upper bound.
The lower bound uses Proposition 3.3. Define the hyperrectangle Rec(z) := [];<,[—|z;], [2;]], so
that, by orthosymmetry of X, X D Rec(x) for all x € X. Additionally, recalling the notation (7) of
Frland FM if M € R" satisfies v(M) < 1 then, by orthosymmetry of v, 7! > FM_ Thus

M (X, 7) = M (Rec(z),7) = M (Rec(z), F) > W 72 Il

for all M € B,(0,1) "R/} and x € X. Taking a supremum over M € B,(0,1) and x € X, we have

M(X, ) 2 7 (). [

sup sup « M=——_

_8\/klog z€X (M)<1 8\/k10g xeX

3.2.3 Arbitrary gradient norms

When the norm v on the gradients defines a non-quadratically convex norm ball B, (0, 1)—for
example, when the gradients belong to an £,-norm ball for r € [1, 2]—our results become less general.
Nonetheless, when ~ is a weighted ¢,-norm ball (for r € [1,2]), diagonally scaled gradient methods
remain minimax rate optimal, as Corollary 3.2 will show. When the norms v are arbitrary we have
a that uses the rescaled vector res(z,v) := (x;/7(e;))}—;, where e; are the standard basis vectors:

Theorem 2. Let X be an orthosymmetric, quadratically convex, convex and compact set and v an
arbitrary norm. For any d € N,

1 d ) S
1 sup ||res(:v,'y)|| <M (Xa'Y)
8/klog 3 ( klog3 ) vex el <d ’ ) (11)
1
<MK < zsupsup 2T
k zex g€QHull(B~(0,1))

Corollary 3.1 gives the upper bound in the theorem. The lower bound consists of an application
of Assouad’s method [2], but, in parallel to the warm-up examples, we construct well-separated
functions with “sparse” gradients. See Appendix D.1 for a proof.

We can develop a corollary of this result when the norm v is a weighted-¢, norm for r € [1, 2].
While these do not induce quadratically convex norm balls, the previous theorem still guarantees
that diagonally scaled gradient methods are minimax rate optimal.
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Corollary 3.2. Let the conditions of Theorem 2 hold and assume that y(g) = ||8 © g||, withr € [1,2],
Bj >0 and (B©® g); = Bjg;. Then for k > 2n,

11
16 VE e

There exists A* € R} such that diagonally scaled gradient methods with \* achieve this rate.

1
sup [res(z, 7)ll; < MK, ) < ME(X,7) < 77 Sup ffres(z, vl

A minor modification of Theorem 2 gives the lower bound, while we obtain the upper bound by
noting that the quadratic hull of a weighted-¢, norm ball for r € [1,2] is the weighted-f2 norm ball.
The dual norm of v(g) = |8 ® g||, being v*(g9) = ||9/B|l5, the upper bound holds by duality. See
Appendix D.2 for the (short) proof.

Theorem 1 and Corollary 3.2 show that for a large collection of norms = on the gradients,
diagonally scaled gradient methods is minimax rate optimal. Arguing that diagonally scaled gradient
methods are minimax rate optimal when ~ is neither a weighted-£, norm nor induces a quadratically
convex unit ball remains an open question, though weighted-¢, norms for r € [1,00] cover the
majority of practical applications of stochastic gradient methods.

We conclude this section by generalizing our results to sets X that are rotations of orthosymmetric
and quadratically convex sets. This is for example the case when features are sparse in an appropriate
basis (e.g. wavelets [24]). Unsurprisingly, methods of linear type retain their optimality properties.

Corollary 3.3. Let Xg be a compact, orthosymmetric, conver and quadratically convex set. Let
U € O,(R) be a rotation matriz and X := UXo = {Uxz | x € Xo}. Consider the collection

F:={F:R"xS—=R| forallscS,zcR", and g € 9, F(x,s),7y(UTg) <1}.
A method of linear type is minimaz rate optimal for the pair (X, F).

Proof. There is a bijective mapping between F and F7 Lfor F € F, 9 € Xp, and s € S, we define
F(x0,s) := F(Uzo, s). Then dom F(-, s) D Xo, and its subdifferential [21, Thm. 4.2.1] is

81,]?’@0, s) = UTaxF(UxO, s).

As F falls within the scope of Theorems 1 or Corollary 3.2, there exists a diagonal re-scaling A* that
achieves the optimal rate. We conclude the proof by observing that a diagonally re-scaled stochastic
gradient update on F' corresponds to the update x; 11 = 2; — UN*U " g; where g; € 0,F (x;, S;). O

4 Beyond quadratic convexity: the necessity of non-linear methods

For X C R"™ quadratically convex, the results in Section 3 show that methods of linear type achieve
optimal rates of convergence. When the constraint set is not quadratically convex, it is unclear
whether methods of linear type are sufficient to achieve optimal rates. As we now show, they are not:
we exhibit collections of problem instances in which the constraint sets are orthosymmetric convex
bodies but not quadratically convex, and where methods of linear type must have regret at least
a factor y/n/logn worse than the minimax optimal rate, which (non-linear) mirror descent with
appropriate distance generating function achieves. We also develop more general results to highlight
the way in which the quadratic hull of the underlying constraint set X necessarily characterizes the
regret of Euclidean gradient methods, which allows for a more explicity delineation of those sets X for
which nonlinear methods are necessary: when sup,¢ x [|#||; is much smaller than supgcquuicx) 12l; -

To construct these problem instances, we first turn to simple non-quadratically convex constraint

sets: £, balls for p € [1,2]. We measure subgradient norms in the dual ¢, norm, ¢ = pp%l. Our
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analysis consists of two steps: we first prove sharp minimax rates on these problem instances and
show that mirror descent with the right (non-linear) distance generating function is minimax rate
optimal. These results extend those of Agarwal et al. [1], who provide matching lower and upper
bounds for p > 1 + ¢ for a fixed numerical constant ¢ > 0. In contrast, we prove sharp minimax
rates for all p > 1. To precisely characterize the gap between linear and non-linear methods, we
show that for any linear pre-conditioner, we can exhibit functions for which the regret of Euclidean
gradient methods is nearly the simple upper regret bound of standard gradient methods, Eq. (9)
with h(z) = § |z]|3. Thus, when p is very close to 2 (nearly quadratically convex), the gap remains
within a constant factor, whereas when p is close to 1, the gap can be as large as y/n/logn.

4.1 Minimax rates for p-norm constraint sets and general convex bodies

For p € [1,2], we consider the constraint set X = B,(0,1) C R" and bound gradients with norm
v = - [|p=- We begin by proving sharp minimax rates on this collection of problems and show that,
in these cases, non-linear mirror descent is minimax optimal.

Theorem 3. Letp € [1,2], X =B,(0,1) CR" and vy = - ||p-
(1) If 1 <p <1+ 1/log(2n), then

1A logl(jn) SMUX,7) <ME(X,7) STA logfn)'

(it) If 1 +1/log(2n) < p < 2, then

| 1 1
IA | ——— <MR(X,7) <MB(X,7) STA | ———

2
ﬁ [z]|; for a =

In both cases, mirror descent (8) with distance generating function h(z) :=

max{1 + m,p} achieves the optimal rate.

The upper bound essentially follows from Proposition 2.3, and the lower bound uses either reductions
from estimation to testing or Assouad’s method (see Appendix A.2). See Appendix E.1 for a proof.
We can also consider the minimax risk and regret for general optimization methods. To reduce
complexity, we focus on the case that the gradients are bounded in £,,-norm—the “most” quadratically
convex set—to make dependence on X the clearest. In the sequel it will sometimes be useful to
consider sequence space RN, so we give a result that allows the infinite dimensional containment
X c RN, in this case we consider domains X that are appropriately compact for the ¢;-norm. A
sufficient condition for the results is that X have finite effective dimension, which we define by

oo
effdim(X) := inf { ¢/? sup §Plzi| < esup ||z , 12
(X) = inf |:ce > 3Pl zexll I (12)

Jj=1

where effdim(X) = 400 if only § = 0 satisfies the inequality. It is immediate that if X C R", then
effdim(X) < n because n'/1°8™ = ¢. The next observation summarizes a few sufficient conditions for
the effective dimension (12) to be finite. We include the proof in Appendix E.3 for completeness.

Observation 4.1. The following conditions are sufficient to guarantee effdim(X) < oc.

i. If X C R", then effdim(X) < n.
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it If limgyo Supyex D2 j>1 3%z;| < oo, then effdim(X) < oo.
iti. Let N < oo and v > 0 satisfy the tail condition that sup,cx Z;V=1 lz;| > n?7 sup,cx > jon %]
for alln > N. Then effdim(X) < O(1) - (N? + exp(2 log 1)).

The next proposition then shows that the ¢i-diameter of X always provides lower bounds on
the (stochastic) minimax risk, while p-norm-based mirror descent algorithms achieve regret at
most logarithmic in the effective-dimension (12), making the ¢;-diameter of X the central quantity
governing minimax risk. See Appendix E.2 for the proof.

Proposition 4.1. Let X be an orthosymmetric convex set. Then
1

8log 3 f

If additionally X has finite effective dimension N = effdim(X) as in (12), then

1
ME(X, [loe) < O1) - V/log N sup [l -

sup ||zl < MK, [ loo)-

Letting 8 = @ and defining the operator A by Ax = (jﬁxj)jzl, the mirror descent method with

distance generating function h(z) = Q(TI—U ||Am||12) forp= ﬁ achieves this regret.

To preview our discussion to come, note the similarities between Proposition 4.1 and Corollary 2.7
in the Gaussian sequence model case: so long as X is appropriately regular, there is a “standard”
nonlinear method—in the case of Gaussian sequence models, soft-thresholding with truncation (6), in
the case of stochastic and online optimization, mirror descent with a p-norm-based distance-generating
function—that achieves nearly rate-optimal minimax risk.

4.2 Hard problems for Euclidean gradient methods and quadratic hulls

Theorem 3 shows that (non-linear) mirror descent methods are minimax rate-optimal for £,-ball

constraint sets, p € [1,2], with gradients contained in the corresponding dual ¢;-norm ball (¢ = -£+).

p—1
For such problems and p, standard subgradient methods achieve worst-case regret O(n'/2=1/4/\/k).
This is an upper bound, but in fact is sharp: in the next theorem, we show that for any method of
linear type, we can construct a sequence of (linear) functions such that the method’s regret achieves
the worst-case upper bound for standard subgradient methods, precisely quantifying the gap between

linear and non-linear methods for this problem class. To that end, we let

Regret) 4(v Zgl Z;

denote the regret of the Euclidean online mirror descent method with distance generating function
ha(z) = %J}TA.% for functions F; with subgradients g¢; In the lower bounds to come, we take
Fi(z) = g;'z to be linear, so that VF;(z) = g; is independent of z.

Theorem 4. For any A = 0 and p € [1,2] with q¢ = p%l, there exists a sequence of vectors g; € R",
lgill, <1, and point x € R™ with ||z[|, <1 such that

1
Regret) 4(7) > 3 min {k/Q’ V2 - n1/2—1/q} )
Scaled identity matrices A = c - I,, achieve these bounds to within a factor of \/2 for k > 2n'=2/1.
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We provide the proof in Appendix F.1. These results explicitly exhibit a gap between methods
of linear type and non-linear mirror descent methods for this problem class. In contrast to the
frequent practice in literature of simply comparing regret upper bounds—prima facie illogical—we
demonstrate the gap indeed must hold.

In combination with Theorem 4, Proposition 2.3 precisely characterizes the gap between linear
and non-linear mirror descent on these problems for all values of p € [1,2]. Indeed, when p = 1, for
any pre-conditioner A, there exists a problem on which Euclidean gradient methods have regret at
least Q(1)y/n/k. On the same problem, non-linear mirror descent has regret at most O(1)4/logn/k,
showing the advertised y/n/logn gap. When p > 2 — 1/logn (so X is nearly quadratically convex),
the gap reduces to at most a constant factor.

To highlight the role of quadratically convex hulls, we provide an alternative version of Theorem 4
that allows us to focus more precisely on the constraint set X itself. In this case, we focus on scenarios
where the gradients have bounded ¢o-norm, ¥(g) = ||g,,, which also more neatly analogizes with
Gaussian sequence models y = = + & for £ ~ N(0, I,,), as we expect the scale of noise &; on different
coordinates to be similar. Recall also the notation (7) that Flle-! is the collection of functions with
subgradients g € OF (z, s) satisfying ||g|| ., < 1.

Theorem 5. Let X C R" be an orthosymmetric convex body. For any sequence A(k) = 0, there
exist sequences of vectors g; = g;(k) € R", i =1,...,k, with ||g;| ., <1, such that

1
liminf —= sup Regret, 4y (z) > sup  |[[z]];.
k z€X ’ z€QHUII(X)

Additionally, for each k there exists a diagonal matrix D such that for any sequence of convex
functions Fy € FV1,

sup Regret;, p(z) <Vk sup ||, -
zEX ’ z€QHuUII(X)

See Appendix F.2 for the proof of the result, which parallels that of Theorem 4.
In brief, the regret of Euclidean gradient methods necessarily scales with the size of the quadratic
hull QHull(X). Contrasting this result with Proposition 4.1, we see with nonlinear methods, the

regret need scale only as sup,cy ||z, rather than as sup,cquui(x) [|Zll;, so that the gap between
convergence achievable by linear and nonlinear methods is large precisely when

SUPzeQHull(X) 2l

> 1.
supex [zl

5 The role of quadratic convexity in sequence models and first-order
methods

The results in Section 2.1 highlight and recapitulate some of the ways that quadratic convexity
distinguishes linear and nonlinear methods in Gaussian sequence models. Theorems 4 and 5,
along with the complimentary results in Proposition 4.1, address these differences for stochastic
optimization problems. So in both sequence models and convex optimization, geometric aspects of
the underlying set X determine nonlinear methods’ necessity. The analogy between sequence models
and stochastic optimization methods is not perfect, however, as there are sets X for which linear
methods are minimax rate optimal for stochastic optimization problems and not for sequence models
and vice versa. In both problem families, a particular “distance” of a set X from quadratic convexity
delineates determines when nonlinear methods are necessary; we show that these can be different.
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We begin by translating the results in Section 2.1 on Gaussian sequence models into a more
geometric form; Donoho et al. [15] more or less give this translation but we make a few minor
modifications for convenience in exposition. The measure of size most natural for Gaussian sequence
models turns out to be (duality-based variants of) the Kolmogorov n-width of the underlying set:

Definition 5.1. The n-width of a set X is

w?(n) = 1nf sup Z (1-

0=<d=1,(1,dy=n zc X

The nonlinear n-width of X is

2 (n) := sup inf Z(l - dj)at?.
J

reX 03d=<1,(1,d)=n

w

Recalling Corollaries 2.3 and 2.7, the gap between the linear minimax and nonlinear minimax risk is
large for (compact) convex sets X whenever the difference between

o0

q;0
Sup an sup .

The next proposition, parts of which are present in Donoho et al. |15, Section 6], connects the n-widths
to the linear and nonlinear minimax risks, where for a vector z € RN, we let [zl = |z = -
denote the entries of x sorted by magnitude.

Proposition 5.1. For any compact orthosymmetric convex set X,

w2(n) = sup Z Q(Qj) and wrzﬂ(”) = sup Z m%j)'

g€QHull(X) >nt1 Jcerzn_"_1

Additionally, for any o2,

A f ) + no?
ig}gzx 0' ln {’LU no }

and

A f ) + no?
qEQSI_?UI;(X qu O' 111 {UJ no }

Proof. For the characterizations, we use duality to see that

2 .
w(n) = inf sup (1 —d,v)
0=d=1,(1,d)=n yeSqHull(X)
= sup inf (1—-d,v) = sup Vi),
UESqHU”(X) Ojdj1,<1,d>:n ’UGSqHuH(X)jZ;_l (j)

while it is immediate that w?(n) = supycx > isnil :Jc%j). Then we recognize that for any sorted
nonnegative vector a; > ag > - -,

i%f{ Z aj+n02}—i%f{ Z aj—l—znzaz}—Zaj/\az
j=1 j

j>n+1 j>n+1

by choosing any n such that a; < o2 for all j > n, while a; > o2 for j < n. O
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Using Proposition 5.1, we see that under the conditions of Corollary 2.7, because for any a,b > 0

we have £ min{a, b} < a‘fb < min{a, b}, the linear sequence model risk satisfies

1nf {w*(n) + no?} < R} (X) < inf {w?*(n) + no?},
while the (nonlinear) minimax risk satisfies
1
flnf{w —|—n02} < R*(X) <log— mf{w —i—naQ}

The linear and nonlinear n-widths of X therefore (up to a logarithmic factor in ) determine the risk
in sequence models, so that when they are similar the linear and nonlinear minimax risks coincide.
In stochastic optimization, in contrast, Section 4 shows that convergence guarantees for methods of
linear type coincide with those for arbitrary methods (again, up to logarithmic factors) if and only if

sup |[lzl, =< sup [l -
z€QHull(X) zeX

The typical scenario in sequence models one considers is the risk as ¢ | 0, and the following
essentially trivial observation shows that for regular enough sets X, when the linear and nonlinear
n-widths differ, the rates at which R}, and R* converge to zero differ.

Observation 5.1. Let a > 0 be such that n®w?(n) < w* > 0 as n — oo, and assume for some
B > 0 that w?(n) > nPw?(n). Then

R*(X)
fin (X)

1 28
Slog — - o 0Fa)0+a=3) — 0 as o 0.
lin o

Proof. The assumption that wﬁl(n) < w*n~® guarantees the assumptions of Corollary 2.7 apply,
and we necessarily have 8 < a (as otherwise we would have w?(n) — o0). Thus there exists a
(numerical) constant C' < oo such that for all small enough o2 > 0,

2

* 1. * o — 21 1 Tta
R (X)SClogﬁ-ulef{w n~ %+ no }Alogﬁ-alw,

1+a)

which follows by setting n = o—2/( . In contrast, the linear risk satisfies

2(a=B)
Rjin(X) 2 inf {nﬁwﬁl(n) + naQ} = g 1+a—8
n

as 0 | 0. Then observe that {3 % = Haﬁﬁ’ and set d = a — f. O

The role of quadratic convexity of X differs between Gaussian sequence models and stochastic
optimization problems, however, and the remainder of this section explores two extended examples
highlighting this. We focus on sets X € RN in sequence space.

5.1 A constraint set requiring nonlinearity only in Gaussian sequence models

We show that for a large family of ¢;-bodies X, minimax (rate) optimal estimation requires
nonlinearity for Gaussian sequence models but not in stochastic optimization. Take

X = {:): e RN | Zaj\xﬂ < 1} so QHull(X) = {:L' cRN| Za?m? < 1},
j=1

j=1
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where (a;) is a nondecreasing positive sequence where (w.l.o.g.) we take a; = 1. Computing the
f1-diameters of X and its quadratic hull, we then have

00 1/2
supflall, =1 and  sup [l = (jg;a;z) (13)
zeX z€QHull(X) j=1

by the Cauchy-Schwarz inequality. On the other hand, because the coefficients a; are increasing, we
can compute both the linear and nonlinear widths via

oo ]
wz(”)zsup{ PR AP A SR >0}

j=n+1 7=1

and . N
dim =] 3 B <t nznz 2ol

j=n+1 j=1

By convexity (we maximize a convex function over a convex set in each case), for each width the
maximizing point takes the form (¢,¢,...,t,0,...), with m repeated values ¢t. Then we obtain

m
w?(n) = sup {(m —n)t? | tQZa? < 1} = sup %

m>n,t>0 = m>n 2 =1 4;

(14)

m
2 2 m—n
wo(n) = su m—n)t® |t a; <lp=8up ———.
) mzn,It)zo{< i ; 1 } mon (1 05)?

Comparing the /i-diameters (13) and the widths (14), we see that whenever } . aj_2 is summable

Euclidean gradient methods are minimax (rate) optimal for stochastic optimization. If a; = /2 for

some « > 1, however, we have

m—n m-—-n 1 .
w?(n) = sup —=;—— =< sup ——— < — while
m [ 14+« a
m>n j:l.] m>n M n
9 (n) m-—n m-—n 1
wi(n) = 8sup ———5= X SUup —5— X —(—
nl m .
m>n (ijlja/2)2 m>n m2ta nlta

because » 7", 3P = [ tPdt = ﬁm”ﬁ for 8 > 0. Summarizing, we have the following corollary.

Corollary 5.1. Let X = {z | 372, ajlv;| < 1}, where aj = §%/2. Then minimaz rate optimal
estimation for Gaussian sequence models requires that the estimator @ be nonlinear, while Euclidean
gradient methods are minimax rate optimal for stochastic optimization.

5.2 A constraint set requiring nonlinearity only in stochastic optimization

To contrast with Corollary 5.1, we can also give families of underlying constraint sets X for which only
nonlinear methods can be rate-optimal for stochastic optimization problems, while linear estimators
Z = Ay can be rate-optimal in Gaussian sequence models. At the grossest level, we construct sets X
for which sup,cy ||z, < 1 while sup,cquuncx) lzll; = +00, while w2 (n) and w?(n) are comparable.
To give a slightly more nuanced picture, we consider the rates at which the two ¢;-diameters approach
400, comparing

sup(Lo,z) and  sup  (1,,2),
zeX z€QHull(X)
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where 1,, € RN denotes the sequence with 1 in its first n positions and 0 elsewhere.

Here, we elaborate on the £ bodies yielding Corollary 5.1 to consider smaller axis-aligned
polyhedra. Letting e; be the basis vectors (i.e. sequences with a 1 in position j and 0 elsewhere), let
a; be a nondecreasing sequence with a; = 1 and b; be arbitrary (for now), define the two sets

1 n
Co:={ojajej}jey and Cri= {Z(n)zajbjej} Y where o € {#1}.
j=1 ne

We choose the normalizing constants Z(n) so that the points in C; all lie in

QHull(Co) = QHuII{a; 1)l < 1} = {a; 1> adal < 1},
j=1

j=1

Le. Z(n) = (327, a?b?)l/z so that Z(n)~?2 > i1 a3b? = 1. Then the set

X = Conv (CoU ) satisties QHull(X) = QHull(Cy). (15)

We obtain the following corollary of the our convergence guarantees in Section 4 and the technical
lemmas we provide in Appendix G.

Corollary 5.2. Let aj = 32 for some 0 < o < 1 and bJQ- = 27 in the construction of X above. Then
n~* <wp(n) <wh(n) Sn7e,

while

SUPgeQHull(X) (1n, T) S pl5e
In particular, linear methods are rate optimal for estimation in Gaussian sequence models, while
stochastic optimization over X requires nonlinear methods.

Summarizing the conclusions of the corollary, as « | 0, the ratio of the ¢;-diameters of QHull(X)
and X grows as y/n, which by Cauchy-Schwarz is as large as possible: there is a large gap between the
achievable performance by nonlinear methods, as Proposition 4.1 demonstrates, and linear methods,
whose regret necessarily scales as the ¢1-diameter of QHull(X) (Theorem 5). Yet the nonlinear
widths are comparable for all n, so linear methods are minimax rate optimal as o2 | 0.

6 The need for adaptive methods

We have so far demonstrated that diagonal re-scaling is sufficient to achieve minimax optimal rates
for problems over quadratically convex constraint sets. In practice, however, it is often the case
that we do not know the geometry of the problem in advance, precluding selection of the optimal
linear pre-conditioner. To address this problem, adaptive gradient methods choose, at each step,
a (usually diagonal) matrix A; conditional on the subgradients observed thus far, {¢;};<;. The
algorithm then updates the iterate based on the distance generating function h;(x) := %ITAiﬂ?. In
this section, we present a problem instance showing that when the “scale” of the subgradients varies
across dimensions, adaptive gradient methods are crucial to achieve low regret. While there exists an
optimal pre-conditioner, if we do not assume knowledge of the geometry in advance, AdaGrad [17]
achieves the minimax optimal regret while standard (non-adaptive) subgradient methods can be \/n
suboptimal on the same problem.
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We consider the following setting: X = By (0,1) and v3(g9) = || ® g||;, for an arbitrary
B € R"™, B> 0. Intuitively, 8; corresponds to the “scale” of the j-th dimension. On this problem, a
straightforward optimization of the regret bound (9) guarantees that stochastic gradient methods
achieve regret vnk /min; B;. We exhibit a problem instance (in Appendix F.3) such that, for any
stepsize «, online gradient descent attains this worst-case regret.

Theorem 6. Let Regret, ,(v) =, g, (x; — x) denote the regret of the online gradient descent
method with stepsize o > 0 for linear functions F;(x) = g;—x. For any choice of « > 0 and B > 0,
there exists a sequence of vectors {g;}i<xy C R", v3(g9:) < 1 and point x € X such that

Regret;, ., () > = min nk 2nk
(0% - 5 1 bl . .
& 2 28]l " minj<n 5;

In contrast, AdaGrad [17] achieves regret vk ||1/8]|,, demonstrating suboptimality gap as large
as /n for some choices of . Indeed, let Regret; agagrad() be the regret of AdaGrad. Then

Regrety, agacrad () < 2V2) Y g2

j<n \ i<k

[u—

(see Duchi et al. [17, Corollary 6] and by Cauchy-Schwarz,

S D g3 = Z 5 > 8262, < |11/Blly D> B gll; < VEIL/BI,.
i<n \ i<k i<n i<k i<k

To concretely consider different scales across dimensions, take 8; = j. Theorem 6 guarantees that
there exists a collection of linear functions such that stochastic gradient methods suffer regret
Q(1)v/nk. Given that ||1/8]]2 < \/C(2) < 7/+/6, AdaGrad achieves regret O(1)v/k—amounting to a
suboptimality gap of order /n—exhibiting the need for adaptivity. This y/n gap is also the largest

possible over subgradient methods, which achieve regret \/n >, ||gl||§ <V i) ik gﬁj

for X = B (0,1). Finally, we note in passing that AdaGrad is minimax optimal on this class of
problems via a straightforward application of Theorem 1.

7 Discussion

We provide concrete foundations to compare adaptive, mirror, or standard gradient methods, showing
how problem geometry necessarily impacts convergence. This paper puts a particular computational
spin on optimization by connecting to Gaussian sequence models and linear versus nonlinear updates,
which we advocate for its ability to paint a different picture than pure polynomial versus non-
polynomial computational complexity. This perspective draws from information-based models in
optimization [25, 1] and models in scientific computing where one uses certain families of operations—
e.g., matrix vector multiplies—to build up optimal algorithms under these constraints [35, 3]. We
hope to see more exploration in these directions. While Section 6 emphasizes the importance
of adaptivity, the picture is not fully complete: for example, in the case of quadratically convex
constraint sets, while the best diagonal pre-conditioner achieves optimal rates, the extent to which
adaptive gradient algorithms find this optimal pre-conditioner remains an open question. Another
avenue to explore involves the many flavors of adaptivity—while the minimax framework assumes
knowledge of the problem setting (e.g. a bound on the domain or the gradient norms), it is often the
case that such parameters are unknown to the practitioner. To what extent can adaptivity mitigate
this and achieve optimal rates, and is minimax (i.e. worst-case) optimality truly the right measure of
performance?
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A The Assouad and Fano Methods for Minimax Lower Bounds

In this precursor to the appendix, we review the Le Cam, Fano and Assouad methods [2, 40, 1, 3§]
for proving lower bounds for stochastic optimization. Each reduces estimation to testing then uses
information theoretic tools to bound the probability of error in various hypothesis tests.

A.1 Le Cam and Fano Methods

We start with a lemma that provides the standard reduction from estimation to testing that we
extensively use in our proofs. Duchi [16, Ch. 5] essentially contains this result; we provide the proof
for completeness.

Lemma A.1 (From estimation to testing). Let P be a collection of distributions over S and
L: X xP — Ry satisfy
inf L(z,P) =0 for P€P.

zeX
For distributions P,Q € P, define the separation

L(z, P) <6 implies L(z, Q)

forallz e X, L(z,Q) < 6 implies L(x, P)

ALY,

sepy (P, Q; X) :=sup {5 >0

)
0
Let 6 > 0 and {P,}yey C P be a family of distributions indexed by a finite set V satisfying the

separation condition sepy (Py, Py; X) > & for v #£v € V. Then for S i P,

inf sup EpL(EU\(Sf), P) > 5ianP’(w(Sf) #V),
T pep ¥

where P is the joint distribution over the random index V' chosen uniformly in V and S’k g P,
conditional on 'V = v.

) iid

Proof. Let V ~ Uniform(V) and S¥ | (V =v) ~ P,. Then for any estimator Z, we have

15316117))EPL( z(Sk MZEPU z,P,) MZP (z, P,) > 0) = 6P(L(Z(ST), Py) > 6),
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where P denotes the joint distribution of S¥ and V. Define the test 1(s¥) := argmin, ¢y, L(z(s}), P,).
The separation assumption guarantees that if ¢(x) # v then L(x, P,) > ¢, so

P(L(E(S), Pv) = ) = P (w(SF) £ V).
Taking the infimum over all tests v yields the result. O

With this, the classical Le Cam and Fano methods are straightforward combinations of Lemma A.2
with (respectively) Le Cam’s lemma [40, Lemma 1] and Fano’s inequality [12, Theorem 2.10.1].

Proposition A.1 (Le Cam’s method). Let Py and Py be two distributions of P over S. Let § >0
be such that sepy (Py, P1, X) > d. Then

inf sup EpL(Z(ST), P) >
T pep

Proposition A.2 (Fano’s method). Let V be a finite index set and {P,}yey a collection of distribu-
tions contained by P such that min,, sepy (Py, Py, X) > 6, then

R (S V) 4+ log 2

inf sup EpL(Z(ST), P) > § <1 _ NS V) +log ) .
& pep log V|

With these tools, minimax lower bounds on the stochastic risk imz in Section 2 follow by (i)

demonstrating an appropriate loss L and (ii) separation. The next lemma, essentially present in the
paper [1] (cf. [16]), reduces optimization to testing by providing an appropriate separation function.

Lemma A.2 (From optimization to function estimation). Let S be a sample space, X C R™, F be
a collection a functions R® x § — R, and P be a collection of distributions over §. Let V index
{P,}vey C P. For F € F, define f,(z) :=Ep,[F(x,S)] and for each v,v' € V, set

o0, ) = 10t { ) + Jue) = Bnf (o) — Bl Juo) |

i
If dopt(v,v", X) > 8 >0 for allv # 0" €V, then
WE(X, F) > WEXF,P) > 5 il Bu(SE) # V).

Proof. We construct an appropriate loss L and apply Lemma A.1. Define L(z, P) := fp(x) —
infzex fp(z). By construction, L(z, P) > 0 and inf,ex L(z, P) =0 for all z € X and P € P. Let
v# v €V. Then if L(z, P,) = fy(2) — infaex fo(z) < 2dopt(v, v/, X), it is evidently the case that
fuor () —infrex fur (@) > Fdopt(v, ', X), so that sepy (Py, Py, X) > £dopt (v, v, X). The distributions
{P,}vey are d/2-separated, allowing application of Lemma A.1. O

Our general strategy for proving lower bounds on sz is as follows:
e Choose a function F' € F and define V and {P,},cy C P such that dopt(v, v, X) > > 0.

e Lower bound the testing error inf,, P(y)(SF) # V), and choose the largest separation ¢ to make
this testing error a positive constant.

To showcase this proof technique, we prove that minimax stochastic risk for 1-dimensional
optimization has lower bound 1/ V'k; we use this to address technicalities in later proofs.
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Lemma A.3. Let F*"' = {f : R xS = R | f(-,8) is convex and 1-Lipschitz}. Then

1

my([-1,1], F*=1) > N

Proof. Let X = [—1,1] and § = {£1},V = {£1}.
To see the separation condition, let F(z, s) := |z — s|. For § € [0, 3], we define P, s.t. if S ~ P,
we have

g_ {1 with probability 1+—2”6 )
. s 1—
—1 with probability 5.

We have f,(z) = 17”\33 —v|+ 12;6\3: +v| and inf, f,(x) = %‘5. To lower bound the separation, note

that
fi(z) + foi(x) — igl(fjﬁ — igl(ff_1 =lz—1+z+1]—-(1-9)>0.

This yields dopt (1, —1,X) > 6.

We lower bound the testing error via Proposition A.1:

1 k
> (1-/ZDy (PP
tv)2< 5 P (P 1))’

where the rightmost inequality is Pinsker’s inequality. Noting that Dy (P1|P-1) = J log i—f(‘g < 362
for § € [0, 3] and setting § = 1/v/6k yields the result. O

1
- k _ 2 (1_|lpk_ pk
w:Sklgf{:l:l}]P)(w(Sl) #V) = B (1 HP1 Py

A.2 The Assouad Method

Assouad’s method reduces the problem of estimation (or optimization) to one of multiple binary
hypothesis tests. In this case, we index a set of distributions P = {P,},cy on a set S by the
hypercube V = {£1}". For a function F' : R" x § — R, we define f,(z) := Ep,[F(z,5)]. Then
for a vector 6 € R}, following Duchi [16, Lemma 5.3.2|, we say that the functions {f,} induce a
d-separation in Hamming metric if

fule) = inf fulw) 2 D7 051 (sign(ay) £ vy). (16)
j=1

With this condition, we have the following generalized Assouad method [16, Lemma 5.3.2].

Lemma A.4 (Generalized Assouad’s method). Let S¥ X Py, where V ~ Uniform({£1}"). Define
the averages

1 k 1 K
ED+_] = F Z PU and ]P)fj = W Z PU .
1

viv;=1 Vv =—

Assume that the collection {f,} for f, = Ep,[F(-,5)] induces a 6-separation (16). Then letting
F = {F}, the single function F,

1 n
M (X, F,P) > 3 D 61— [Py — P, )-
j=1
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B Duality results and minimax linear estimators

In this section, we prove many of the optimality results for the Gaussian sequence model in Section 2.1
that we use. The first result we require is a specialization of Sion’s minimax theorem [34], which is
originally due to Fan [19].

Lemma B.1. Let X and Y be compact convez subsets of (possibly distinct) topological vector spaces
and L : X XY — R be convex in its first argument, concave in its second, and continuous. Then

inf sup L(x,y) = sup inf L(x,y
a:EXyey ( ) yeyxe ( )

and the infimum and supremum are attained.

For a vector space X with norm |-|| and function f : X — R, the Lipschitz norm on f is
[ fllLip = SuPpryex [f(z) — f(y)|/ [l — yl|. The Wasserstein distance between measures v, 1 on the
space X is then

W(p,v) = sup /f dp — dv).

||f||L1p<1

The Wasserstein distance metrizes convergence in distribution p, LA w if the measures py,, p have
bounded first moment and turns the space of measures on X into a (topological) vector space.

B.1 Proof of Proposition 2.1

Recalling the form (4) of the risk R(A, z) = 2T(A — I)T(A — I)z 4 2 ||A|3,, it is immediate that
A is unique, as ||A||3, is strongly convex in A and sup,cy ||(A — I)x|3 is convex in A. As X is
compact, the risk R*(A, X) is finite for all A, and hence its minimum is attained.

We now consider the saddle point problem

inf sup R(A’ gj) — lnf sup {Z'TATA:B — 2,],'TA$ + 0‘2 ||A|‘§\r} .
A zex A zex

By lifting to the space P(X) of probability measures defined on X, we have for each A that

R*(A, X)= sup /tr((A — I)T(A — I)xxT)dV(:c) + o2 ||A||%r .
veP(X)

We shall apply Fan’s minimax theorem (Lemma B.1) to construct the A minimizing this worst-case
risk. In our case, we define

L(A,v) = /tr((A — I)T(A — I)ZESUT)dV(CC) +0? ||A||%r ,

which is clearly convex/concave and continuous in A. To see the continuity of L in v, we note that
for any matrix B and any z,y € X we have

(wa® —yy" B) = (x — )" (B + B")(z +y)/2 < 2||Bllop 1z — yll, diam(X),
so that = +— (zzT, B) is Lipschitz and

|L(A,v) = L(A, p)] < 2| A = I]]3, diam(X) - W (v, ).

28



Thus L is continuous in v for for the Wasserstein distance (or topology of convergence in distribution),
and P(X) is compact for this topology by Prokhorov’s theorem. In particular, if we use the shorthand
X, = [zzTdv(z), there exist A, v such that

inf L(B,v) = L(A,v) = tr((A— NT(A - DX,) + 02 |A|lg, = sup L(A,p). (17)
B neP(X)

We now construct the A solving the saddle point problem (17), that is, given v, we show
the (unique) A minimizing L(A,v). Taking derivatives of L(A,v) and recalling the shorthand
X, = [zzTdv(z), we see that A must satisfy

AX, + X, AT —2X, + o*(A+ AT) = 0.

If X, has spectral decomposition X, = UAUT we let A = UDU” for a diagonal matrix D to be
determined, and it is evidently enough to solve

2DA —2A +20°D =0, or D= (A+0o*I) A

In particular, the choice A = (X, + 02I)_1/2X,,(XV + <72I)_1/2 is optimal; it is also unique for
the given v as A — L(A,v) is strongly convex in A.

Finally, we show that without loss of generality, we may take A to be diagonal. If S is a
diagonal matrix of independent random signs, then E,[(Sz)(Sz)T] = diag(X, ) = E,[diag(z)?]. Let
vV be the measure on X induced by drawing x ~ v and then multiplying by the random signs
Sz. Notably, we have tr(X,) = tr(Xy) and tr(DX,) = tr(DXy) for any diagonal matrix D, as
diag(X,) = diag(Xy). Suppose for the sake of contradiction that L(diag(A),v) > L(A,v). In this
case, A must be non-diagonal, and so we have

L(ding(A), v) = tr(ding(A)2X, ) — 2tr(diag(A)X, ) + tr(X,) + o2 [[diag(4)]%,
— tr(ding(A)2Xy) — 2tr(ding(A)Xy) + tr(Xy) + 0 diag(A) |4
@ (42X, — 2tr(diag(A) Xp) + tr(Xp) + 02 A% |

where inequality () follows because || Ay, > ||diag(A)||g, while diag(A)? < diag(A42). Finally, noting
that tr(diag(A)Xy) = tr(AX%), we see that L(diag(A),v) < L(A,7), and so we have demonstrated
that L(A,v) < L(A,7). But this contradicts the assumed maximality of v, and so it must be the
case that A is diagonal.

Now that we have A diagonal, the claimed equality is immediate, and we also notice that
L(D,v) = L(D,v) for any diagonal D.

B.2 Proof of Corollary 2.3

For any linear operator A : RN — RN we may write

(Ay)j = a;j(y) = aj(z + &) = a;(x) + a;(§)

for each j. Let II, : RN — R" be the projection onto the first n coordinates of a vector and
Z, : RN — RN be the projection zeroing the first n elements. Then

n
inf sup E; [||Ay — :c||%] > inf sup E,[||Ay — ng] =inf sup ZEx[(aj((a:, 0) +¢&) —x;)?,
A zex A zell, X A welly X 571
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where (x,0) € I1,X x RN. Then by linearity, for 2 € R" we write

aj((z,0) + &) = ¢j(x) + a;(Zn€) + a;((I = Z,)E)
where ¢; : R™ — R is the linear function ¢;(z) = a;((z,0)). But Z,§ and (I — Z,)¢ = (&1, -+ -, 6n,0)
are independent, and because Ela;(Z,£)] = 0 we obtain
B l(05((2,0) +&) ~ 23] = Bl(es(a + [Eili<n) 25 +05(%:6)’
= E[(¢j(@ + [&lj<n) — 2;)*] + Var(a;(Z§)).-

The optimal choice of a; then necessarily satisfies a;(Z,u) = 0 for all w. Thus, by restricting to
finite dimensions, we use Proposition 2.1 to see that for any n,

n
. 2 : 2,2 2 32
12f:2§ E,; [|[Ay — z|3] > dlergn sup g ((dj —1) x5 + o%d3)

zeX j=1
zn: 2 2 12 UQ”J’
= sup inf (dj — 1)*vj +0%d5) =  sup
veSqHull(X) ¢ = ( ! ! J) veSqHuUll(X) 5= vj + o2

as in the proof of Corollary 2.2.
By compactness, for each € > 0, we can choose N < oo such that sup,cx Zj>N x? < e. We thus
have upper bound
inf R*(A, X) <inf sup E,[|Ay —z|3] +e.
A z€lly X

Apply the same proof technique as that in Corollary 2.2 to obtain

inf R*(A, Iy X) i 70, ZN: 7*0;
in NX) = sup = sup .
A ’ veSqHull(Iiy X) 527 Vi +0?  LesqHull(X) Pl + o2
Now use that € > 0 was arbitrary, X is compact, and take n and N to infinity. O

B.3 Proof of Proposition 2.2

We apply Le Cam’s two point method via the reduction from estimation to testing that Lemma A.1
implies. Consider for any fixed b > 0 the problem of estimating a single value x € [—b,b] with
y ~ N(x,0?). Then for v € {—1,1}, letting P, be the normal distribution N(§v, o2) for some § € [0, b]
to be chosen, we have

2

. ~ .1 N N 1)
inf Sap ]Ez[(ﬂf —2)’] > inf 5 (Enl@ - 2)’] + Ep_,[(F - )%} > 5 = lP-1 = Prlly) -
T ze[-bb z

Recalling the Hellinger distance dﬁel(P, Q)=1- f v/ dPd(Q) between probabilities and the standard re-
lationship ||P-1 — Py, < dhel(P1, P_l)\/Q — d? ,(P1, P_1), we note that d?  (N(uo, 0%),N(p1, 02)) =

1-— exp(—&%(,uo — p1)?) to obtain

52 2 A\ b2
inf sup E; [ —2)?] > sup — (1 —/1- exp(—52/02)) >Z h
T ge[—b,b] 0<6<b 10

via the choice 6 = min{c, b}. We thus obtain for any hypercube H = [—x;, x;];>1 that

* * 1 2 2
R*(X)>R (H)ZEZU Azl
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C Proofs for Section 3.1

C.1 Proof of Proposition 3.1

We use the general information-theoretic framework of reduction from estimation to testing presented
in Section A.1 to prove the lower bound.
Separation Let us consider the sample space S = {*e;};<p and the function F(z,s) :=xz's, so
F belongs to F'1. Letting 6 € [0,1/2] to be determined, for v € {£1}", we define P, such that for
S ~ P, we have

2n

1-6
2n °

g vje; with probability 50
B —vje;  with probability
We then have f,(z) = %mTv. By duality,
. o 0
fy=iffo=—— sup vlw=——|vfp,
" 2€B,(0,1) n

where p* is such that 1/p + 1/p* = 1. For v,v’ € {+1}", we thus have

. . . o
dopt(U7U,7X) = ég;l( fv(.l') =+ fv’($) - fv - f’u’ = inf 7(xT(U +U/) + ||U p* + Hvl”p*)

z€B,(0,1) N

0
= (ol + 19l = llo+"[lp+)

= 2% /P (n— dHam(v,v'))l/p*] ,

where dpam(v,v’) is the Hamming distance between v and v’. The Gilbert-Varshimov bound |38,
Example 5.3| guarantees the existence of an n/2 ¢;-packing of {£1}" of size at least exp(n/8). Let
V be such a packing; we have for a numerical constant ¢y > 0 that

dopt (v, v/, X) > codn P for all v £ € V. (18)
Applying Lemma A.2 yields
MK, 7) > Gon~ 7 inf P((SF) # V).

Bounding the testing error We bound the testing error with Fano’s inequality and upper
bounding the mutual information I(S; V). Using the identity § log %g < 362, it holds

I(S¥; V) < nmax Dy (P,|Py) < 3n62,
v,

and, recalling that log|V| > n/8 yields

B 3k62% + log2)

%WW@®¢W2(1 =

In the case that n > 32log 2, choosing § = /g7 yields the desired lower-bound. In the case that
n < 32log?2, with F*=! as in Lemma A.3, that any 1-dimensional optimization problem may be
embedded into a n-dimensional problem yields

M (X, y) > M([—1,1], F*=1) >

==

31



This gives the lower bound for all n € N.

To conclude the proof, we establish an upper bound on the minimax regret. We consider

the regret guarantee of (9) for h(z) = 3[|z||3. Since p > 2, it holds that for all z € R", we

—

1 1 1
have ||z|, < n? 7|z[, and thus sup, ,cx Dp(z,2") < n2 ». On the other hand, since r € [1,2],
lglls < llgllr < 1. A straightforward optimization of the stepsize « yields the upper bound on

MR(X, 7). O

C.2 Proof of Proposition 3.2

The proof is similar to Proposition 3.1 so we forego some of the details.

Separation Let n > 0 to be determined, and consider the sample space and objectives S = {£1}"
and F(z,s) :=nz's. For v € {£1}", we define P, such that S ~ P, has coordinates satisfying

+
(=2}

g _ v; with probability 1
7 —vj with probability

—
o] o
>

This yields f,(z) = ndx"v. Considering again the Gilbert-Varshimov packing V € {£1}", we lower
bound the separation by noting that for all v # v € V,

dope (0,0, X) = inf fu(w) + fur(@) = £ = £ = condn'”".

Bounding the testing error Noting that

1+06

< 2
1_57371(5,

Dy (Pv”Pv/) = Z 1vj:v;.510g

Jj<n

and so 1(S¥; V) < 3knd?. For F to remain in F7°!, we must have that for all z € S, 7|z, < 1;
noting that ||z|, = n'/4, we choose n = n~'/4. In the case that n > 32log?2, taking 6 = 1/v/48k
yields the minimax lower-bound

M (X,7) 2 =

In the case that n < 32log2, we once again refer Lemma A.3, which concludes the proof for the
lower bound on the minimax stochastic risk.

For the upper bound, we turn to (9), with i(z) = 3||=/|3. It holds again that sup, ,/c x Dp(z,2’) <

9

n'/2=1/P_ Since r > 2, we have that sup|q|, <1 192 = nz~r and choosing the stepsize « to optimize (9)
yields the upper bound on the minimax regret. O

D Proofs for Section 3.2

D.1 Proof of Theorem 2

The upper bound is simply Corollary 3.1. For the lower bound, similar to our warm-up in Section 3.1,
we consider “sparse” gradients, though instead of using Fano’s method we use Assouad’s method to
more carefully relate the geometry of the norm ~ and constraint set X.
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Let a € R, be such that Rec(a) C X. We consider the sample space S := {£e;};<, and

functions
F(x,s) := Z

7)|3ijj — a;s;].
j<n

v(ej

For any s € S, the subdifferential 9, F(x, s) has at most one non-zero coordinate; the orthosymmetry
of v implies F € F*!. Let p € R (to be specified presently) be such that 1"p = 1 and for
1 <j<mn,letd; €[0,1/2]. We define the distributions P, on S by
p;i(1+6;)

2

g vje; with probability
o Pj(12—5j )

—vje; with probability

With this choice, we evidently have

— |5 + a;v;]

pi [14+6; 1—
fv(x):ES~PvF(x75):Z ’ []\x] a;vj| + B

= (eg)

and immediately that infy f, = >°,, f; g:”)(l — d;). As a consequence, we have the Hamming
— J

separation (recall Eq. (16))
e _ N P9,
folz) —inf f, = Z Tej)lsign(zj)#vw
Jjsn

which allows us to apply Assouad’s method via Lemma A.4.
Using the same notation as Lemma A.4, we have

>
H]P’k - < 5w (PijnP’ij) < log3 - kp;82
tv

-

Choosing §; = min{3, } yields the lower bound

1
24/kp; log(3)

1 a; . vV Pj
M (X, 7) =2y — YT
k( 7’7) = 8j<n’)/(€j) mm{Pm ]€10g3}’

and by taking p; = (W?EJJ))Q/ [res(a,v)||3, we obtain for any a € X that

> >(Rec(a 1 % min a? L 4
(X7 2 TR <>ﬂ>28j§7<ej> {7< 12 [res(a, )| VETo3 7(e) lres(a >||2}

_ Z { aj |res(a 7)”2}
8||res gj . v(e;)’ VEklog3

For notational simplicity, define the set T":= {res(z,v)) | = € X}, which is evidently orthosym-
metric and convex (it is a diagonal scaling of X). Then

ul
M3 (X, ) > sup E u min {u, Il } (19)
u€T8||’LL||§J . 7 klog3

33



For any vector u € Rl and ¢ < 1, if we define J = {j € [n] | u; > ﬁ |lull5}, then
2
2 2 2 2 2 ¢ 2 2
lully = sl + luselly < Nuslly + llull; Y — < lusllz + ¢ flully, ie fuslly > V1= ful,.
jedJe

Now, fix d € N. If in the supremum (19) we consider any vector u € T, u > 0 satisfying ||ul|, < d,

then setting the index set J = {j : u; > ||u||, /Vklog3} = {j : u; > ||ull, /\/d(k/d)log3} we have

L ¥ Jul } Jull, 1 d \ |l
ms X} > 2 ;) 2 2 21— 2 )
HE) 8 ull3 = 1“ i {u” klog3 8Hu|]22 7 /klog3 = klog3) /klog3

2 jeJ

Taking a supremum over u with ||ul|, < d gives the theorem.

D.2 Proof of Corollary 3.2

Given the proof of Theorem 2, the proof is nearly immediate. Let p € [1,2], 8 € R, and
v(v) = [|8®v||,. For the lower bound, the final display of the proof of Theorem 2 above guarantees

the lower bound M3 (X,v) > & ||lull, /VE for all u € {res(z,7) | z € X} and k > 2n. We first
observe that QHull(B,(0,1)) = {v € R" | || ® v||, < 1}. Thus, the upper bound in Theorem 2 is

MR(X,7) < sup  sup g
f k zeX gilpogl, <1
Using
sup u'g= sup u' (z/B)= llu/Bll; ,
9:180gll,<1 z|2]lp<1
and recalling 3; = vy(e;) concludes the proof. O]

E Proofs for Section 4

E.1 Proof of Theorem 3

Let us tackle the first case stated in the theorem; we reduce the second case to the first one by
scaling the dimension.

E.1.1 Case 1l <p<1+1/log(2n)
We always have the lower bound 1/vk by Lemma A.3 by reducing to a lower-dimensional problem,

so we assume without loss of generality that n > 8.

Separation Let us consider V = {+e;};<,. For v = fe; € V, we define P, on S € {£1}" by
choosing coordinates of S independently via

g - {1 with probability Hgvj

—1  with probability ‘=%,
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Immediately, we have Ep,S = dv. For s € {£1}", we define F(z,s) :=n" /P 275 so F € Frl,
fo(z) = Ep,F(x,S) = én~ /P’ v, and a calculation gives that f; := infy f, = —on~1/?". For
v#v €V, we have
dopt (v, V', X) = in)f( fol@) + folx) — f5 = f5 =n~VP"6 in}f( ((v +u) T+ 2)
BAS S
=on VP (2 — |l + 0
> (2 —V2)én 1P,

»*)

Lemma A.2 yields

72 _2\/§5n_1/p*

MR (X,7) > inf P(y(ST) # V).

P:Sk—V

It now remains to bound the testing error.

Bounding the testing error Noting that |V| = log(2n), we lower bound the testing error via
Fano’s inequality

1(S¥; V) + log2>

inf P(y(S7) #V) > (1 - log(2n)

P:Sk—=V
For any v # v’ € V, we have for § € [0, 1] that

1+0

< 352
1_5_35

Dy (Pv”Pv’) = dlog

We can thus bound the mutual information between ST and V'

I(S; V) < Fmax Dig (Py| Py) < 3k6°.

In the case that k < 8, the lower bound holds trivially via Lemma A.3. In the case that &k > 8,

assuming that choosing 62 = % A % yields
2—V2 . . log(2n) 1 11
S 1/p g
X,v) > — 1—=-—- 2

which is valid for all p € [1,2]. In the case that 1 < p < 1+ 1/log(2n), we note that n=/P" =
—1
l/in > 1/e, which yields
log(2
MAX,7) > Og;{ " a1
for a numerical constant ¢y > 0.
To conclude, we see that the upper bound is essentially Proposition 2.3. Choosing a = 1 +

1/log(2n), the quantity SMPrex ”mH\“/Z“T?j?(o,wugu

sup,cx ||z|la = 1. We have a* =log(2n) + 1 and p* > a*, so that

a* upper bounds the minimax regret. As a > p,

11 1
o <net pF ng* < na*

g

as g € B,«(0,1). Once we note that both n'/%" = exp(l%l&%) <eand1/y/2(a — 1) = \/log(2n)/2,
we conclude this case.
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E.1.2 Case 1+1/log(2n) <p<2

Let ng < n. We can embed a function F,, : R™ x & — R as a function F': R” x § — R by letting
Tn, denote the projection onto the first ng-components, and defining

F(z,s) = Fyy(mnox, s).

If the subgradients of F},, lie in By (0,1), so do those of F. Similarly, if zg € {7 € R", ||7|, <1}
then x = (29, 0p941:n) € Bp(0,1). As such, any lower bound for the ng-dimensional problem implies
an identical one for all n > np-dimensional problems. For 1 4 1/log(2n) < p < 2, let us define
ng = [exp( 7)/2], so ng < n as desired. In the case that p > 14 1/log 16, Lemma A.3 yields
the desired lower bound. In the case that p < 14 1/log16, we have that ng > 8, and the lower
bound (20) holds so that for a numerical constant ¢ > 0,

log(2n0)
n

Sﬁi(X,v)chal/p*- Al
Once we use that n i (1/2)%71 exp(—1/p) > /2/e, substituting ng = (exp(ﬁ)/ﬂ above

gives the final lower bound

1
m> X,v)>c ——=AN 1.
k( v) > 2 — n

Proposition 2.3 yields the upper bound and concludes this proof. O

E.2 Proof of Proposition 4.1

To see the lower bound on the stochastic minimax risk, we apply Assouad’s method (see Section A.2).
Fix any = € X, and let the sampled vectors s € {—1, 1}" generate functions via

n
F(x;s) = Z ‘mj — 5T,
j=1
which evidently satisfy ||[0F(x;s)||,, < 1. For v € {£1}", let the sampling distribution be P,(S =

s) = H;L 1 1+5v] % that is, independent Bernoulli coordinates with biases H —T%. Then

" 146 I )
fo(x) :=Ep,[F(x;9)] = Z 5 |zj — vjz| + 5 |2 + v,
j=1

which induces the Hamming separation (16)
fule) — i fu(e) > 53 |o 1 (simn(ay) # 03),
j=1
as 1 — (1 —9) = 4. Thus Lemma A.4 implies

S~
MR (X, Foo) > 2 Sl =P =Pl .
j=1

where P; = 2n ST D

1nequahty, we have

k k 146 1-6
2
HPj - ]P—thv < 9 ma}; Dy (Py|Py) = §Dkl (Ber < 5 )”Ber ( 5 )) 7

’U’U Uj 1)

PF and P_; = Qn ST D PF. By Jensen’s inequality followed by Pinsker’s

vj=1 vj=—1
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where Ber(p) denotes a Bernoulli p distribution. Of course, this final quantity has upper bound

1+6 1+ 1-96 1—-6
Dy (Py|Py) = log + log1+5

<921 .62
2 1-5 " 2 < 2log3-9

for ¢ € [0, %] That is, for any 2* € X, we have

WX, o) 2 3 0%, (1 - /o3 52)

for 0 <3 1 Take 62 = 410g3

To demonstrate the upper bound, we take X C RN, as the special case of finite dimensions
follows immediately. For notational simplicity, for a positive sequence (a;)jen to be chosen we let
A: RN — RN be the diagonal linear operator Az = (a;z;)jen. Now, for p € (1,2] to be chosen as
well, define the distance generating function

1 2
h(x) = — || Az||; .
By an analogous argument to the finite-dimensional case, this is strongly convex with respect to the
norm [|z|| = ||Az||, and has dual norm |[g[[, = HA lgH for ¢ = . In this case, for any sequence
of subgradients g; € [~1,1]N, we thus obtain regret bound
1 2
Regret (z) < m | Az H Z HA ngq-

Notably, for g € [~1,1]N we have

[e.e]

a7l < ey

We use the assumption in the proposition that X has finite effective dimension (12) N, so that
for g = @ <1, sup,cx Z;’iljﬂmﬂ < esup,ex ||z]|;. Letting aj = 47, we take ¢ = %, whence

|A=1g||d = > j72 = ’%f. As this also gives conjugate p = % 725 5 with p— Bﬂ, we obtain
the regret bound
12— 1 2
Regret; (1) < —— HA Ilr +0(1) - ak <O(1) | — sup |z|[{ +ak|.
« ab zex
Take oo = sup,cx ||z]|; /vkB to obtain the convergence upper bound. O

E.3 Proof of Observation 4.1

The first claim of the observation is trivial. For the second and third, we use a bit of additional
notation, saying that X is g-self-similar if

sup Zjﬂ\%l < € sup ]l - (21)
xEXJ 1

We show that if limg o sup,cx Zj; jP|zj| < oo, then there is some B > 0 for which X is S-self-
similar (21). The key is the following claim:
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Lemma E.1. Let X satisfy limg|osup,ex D2 §P|zj| < oo. Then there exists By > 0 such that
B s(B) i=supyex D50y 3%\x;| is continuous on [0, Bo), and limgyg s(B) = sup,ex || 2|l;-

Proof. Let By = sup{8 > 0 | s( ) < oo}. Take 8 € [0,0p), and let 5/ — 3 in [0, 3y). By the
assumption that sup,cx Z © j%|zj] < oo for all B < Sy, for any € > 0 and all suitably small v > 0,
we may take N such that supy Zj>Nj5+“f\:rj\ < €. Then for 3’ close enough to 3, we obtain

15(8) — s(8)] < sup > |57 — 37 [Jaj| + sup Y (57 + 57 )| < sup Y 157 — 57| |z5] + 2e.

xGXjSN xEX].>N xGXjSN

As B+ j% is continuous in 3, when A’ is close enough to 3 we obtain N|j7 — jﬂ/\ <eforall j <N.
So [s(B) — s(B")| < esup,ex ||z|l; + 2¢. As € > 0 was arbitrary this completes the proof. O

The preceding lemma demonstrates that limg o sup,ex D72, 3P|z = supgex |17l so there is some

> 0 for which sup,ex D72, 3%z;] < esup,ex ||z]l;. Thus effdim(X) < oo.
Finally, for the final claim of the observation, let 1,, denote the linear functional (1,,z) = >_"" 1T,

and let N, be the smallest N such that sup,cx (1n,2) > sup,e x n*7 > j=n |@j] for all n > N. Define

3 3 1
N = N. 1+ —log — _ .
ma"{ ’“eXp( " ngfy)’e}‘p(mog(e—ﬁ))}

We claim that X is S-self-similar (21) for 5 = 210gN, so that effdnn( ) <exp(1/B8) = N? as desired.
To see the claim of self-similarity, note that the choice 8 = 210g + guarantees § — 2y < —5F, and

[e.9] o0

[e's) N

1 . .
> 3P| < NToem Y a4+ > Jﬁlelﬁx/ésugﬂzv,wH > Pyl
j=1 j=1 xe

Define the index blocks By := {i € N | e¥ < i < e¥*1}, so that

oo
> Pl

j=N+1 k=|log N| j€By k=|log N |

[e.o]

o
1
Bl B(k-+1
Yo > Pl Y M )emsup(lzv,)

reX

IN

because e, [25] < e 2M sup,c y (1n, ) by assumption. Computing the infinite sums, we have

that because 2101gN <3,
o0 1 oo o0
Z eBk+1) oy = B Z B2 < 656737L10gNJ/226*3k’Y/2
k=|log N | k=|log N | k=0
eB—37log N|/2 (N =37 98
C 1—e /2 e 3y’

where we used that e* > 14z, or 1—e” < —z. Finally, noting that (N/e)™" < kifflog N > 1+% log%
we substitute £ = 3! to obtain D eNt1 §P|z| < e supye x (1N, ). We have shown that

ZJB|‘T]|< (Ve+é”)sup(1y, )

zeX

for g = ﬁ. So long as 3 < log(e — \/e) we have y/e + ¢ < e.
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F Proofs of regret lower bounds

F.1 Proof of Theorem 4

Let A > 0 be a positive semi-definite matrix for the distance generating function h4(x) = %xTAa:
defined above, and let ¢ = 2% be the conjugate to p. We choose linear functions Fj(z) := g;r:zt
where g; € B4(0,1). In this case, letting {z;};<j be the points mirror descent plays, the regret with
respect to x € R" is

Regretk A Z F xz 2 Z gz
i<k i<k
so that

Regret;, 4 := sup Regret; 4(z
llll, <1

1 2
5 Z lgilla— — 5

q i<k

=D g

i<k

Zgz

i<k

Now, we choose linear functions f; so that the regret is large. To do so, choose vectors

u € argmaxs' A”'s and v € argmins' A7 ts. (22)
lIsll <1 lIsll =1

Then set the (gradient) vectors g; € R™ so that for a ¢ € [0, 1] to be chosen,
(a) gi = u for k/4 of the indices i € [k]
(b) ¢g; = —u for k/4 of the indices i € [k]
()

(d) g

g; = v for (1 + 6) of the indices i € [k]
= —v for £(1 — §) of the indices i € [k].

With these choices, we obtain the regret lower bound

k k 52k2
Regret; 4 > sup {2(5 o]l + ZuTA—lu - SUTA—MJ]

k T a1 : 2|Jvll,

We now consider two cases. In the first, A is large enough that |[v|[, > skvT A7lv. Then the
regret bound (23) becomes

k k
Regret) 4 > f{ TA } -
egrety 4 2 u+ o] 1
as [[v][, = 1 by the construction (22). This gives the first result of the theorem. For the second

claim, which holds in the case that ||v]|, < 2kvT A~1v, we consider the operator norms of general
invertible linear operators. For a mapping 7' : R" — R", define the £, to £, operator norm

TN, e, = sup
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Then the construction (22) evidently yields

2 1/2..112
T A=l _ | A—1/22 lollg 1A Z2llg 0 a1jzpe
u A" u=|lA and ——— = —2=A )
H ||éq—>£2 vl A—1o 240 HIL‘HS H ||ZQ—>éq

Revisiting the regret (23), we obtain

k 2 k
Regret? , > O . HA—l/Z > \/7 A-1/2 AL/2 ’
caretf 1>} - | | 2 VAT A,

where we have used that ab < %CLQ + %b2 for all a,b. But for any invertible linear operator, standard
results on the Banach-Mazur distance |37, Corollary 2.3.2] imply that

il
ty—t  k

jxrifo HAH@HZQ HA&qu—mQ >nl/21

This gives the lower bound.
1

For the claimed upper bound, note for h(z) = 5 ||£L‘H§ (ie. A= 1I,) and initial point zy = 0, we
have Regret; (z) < i ||m||g+% Zi-c:l ||gz\|g As ||z||y < 1 whenever ||33Hp < 1landand |g], < nt/2-1/q
whenever |g||, <1, we have Regret;(z) < 2 + 2kn'=%/9. Choose a = (kn'~2/4)~1/2 to minimize

this bound and achieve supy, < Regret, (z) < vkn!/2-1/4, O

F.2 Proof of Theorem 5

As in the proof of Theorem 4, let A > 0 be a positive definite matrix, so that the regret of (Euclidean)
mirror descent with distance generating function h(z) = %ZL‘TA.CI} is

1 1
RegrethA(x) = <Zgz’,$> + 5 Z ||gi||,24*1 D)

1<k i<k

Zgi

2
i<k 1At

For vectors u,v with ||ul| < 1,[|v] ., <1 to be chosen and p € (0, 1) to be chosen as well, we set
(a) ¢i = u for pk/2 of the indices i € [k]

(b) gi = —u for pk/2 of the indices i € [k]

(¢) gi =wv for (1 — p)k of the indices i € [k].

This then yields regret lower bound

1 —p)?k? k
Regrety, 4(7) > (1 — pkv 'z — (g)vTAlv + %UTA*IU. (24)

/Vk < oo. Suppose to the contrary that
along a subsequence, which for simplicity we take to be the entire sequence, that [[A(k)]|,, > Vk.
Let C' < oo be arbitrary, take k large enough that [|A(k)]|,, > CV'k, and assume w.l.o.g. that

C < Vk (we can always take k larger). Let w be the unit eigenvector of A = A(k) achieving
w' Aw = IAll,p,, and set v = dw for a 0 < <1 to be chosen, so that [|v,, < ¢ < 1. Then at such
indices k the lower bound (24) implies

We argue we may assume w.l.o.g. that limsupy, [|A(k)]|,,,

1— 21.252 1 1—
Regretk’A(k.)(:L') > (1 — p)k‘&w—raj — M @UTA_IU, > M [w'l'm _ ( p)\/E(S

2 [ A(k) 2 2 2C

low
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Taking a supremum over x € X, which is a convex body (so that it has interior), we have
sup,ey w' @ = ¢(X) > 0, whence

(1—p)Vké
2C

S C(1 —p) - min{c(X), H\/E,

sup Regret, () (z) > sup k(1 —p)d [c(X) - > 5

zeX 0<6<1

where the second inequality sets 6 = C' - min{¢(X),1}/vk. As ¢(X) > 0 and C < oo was otherwise
arbitrary, whenever p < 1 the preceding lower bound is stronger than that the theorem claims.

Returning to the main thread, we may therefore assume that supy, [[A(k)]|,, /Vk < C for some
finite C'. Returning to the regret bound (24), we optimize over v and u to obtain

E2(1 — p)? k
Regret; 4(z) > sup [k(l —p'x— MUTA*H} L BT A
’ o]l o <1 Jlull o<1 2 5

Considering the supremum over v, we have for any A > 0 that

201 _ )2
argf)nax {kz(l —p'z— k(12p)vTA_1U} = MAQC.

Because X is bounded and [|A],, < C/ Vk, for p < 1 and suitably large k the v achieving this
supremum evidently satisfies ||v||,, = ||Az| ., /(k(1 —p)) < 1, and so for any p € (0,1) and large
enough k£ we obtain

1
Regret; 4(r) > sup [k‘puTAflu + xTAx] . (25)
l[ufloo <1

We use a duality argument to lower bound the quantity (25). Let P(X) denote the collection of
probability measures on X, and let u be a random vector, uniform on {—1,1}". Then

inf sup sup {k:puTA_lu—i—mTAx} > inf sup [kp(A_l,E[uuTD + (A,El,[xxTM
AZ02€X |lul| <1 AZ0ep(X)

> sup inf {kp tr(ATY + (A, El,[m?T])}

veP(X) A=0
Taking derivatives with respect to A, we see that the inner infimum is achieved whenever
—kpAT2 4+ E [zz'] =0, ie. A= kpE,[zz']""/2

So long as B, [zx ] = C~'1I,,, which we may choose, this satisfies the constraint that IAll,, < CVk.
Substituting into the regret lower bound (25), we have for any C' < oo and p € (0, 1) that for all
large enough &

sup Regret, 4(x) > \/kp sup {tr (Ey[:ﬁx—rPﬂ) |Ey[za'] = C’_lln}.
zeX ' veP(X)

Finally, we use the following lemma relating quadratic hulls and measures.

Lemma F.1. Let P(X) denote the collection of probability measures on an orthosymmetric convex

set X C R™. Then

sup tr (EV[ZL'ZET]l/2): sup Z E,,[x?]: sup (1,q).
veP(X) veP(X) i gE€QHUII(X)

Moreover, the suprema can be taken over symmetric measures.
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Proof. We prove the first equality first. The function /- is concave, and so the function A — tr(Al/ 2),
as a permutation-symmetric function only of the eigenvalues of A = 0, is concave on A = 0 as
well [23], with derivative Vtr(AY/2) = 1 A=1/2. Letting D = diag(A) be the diagonal of A, we thus
have by the standard first-order concavity inequality

tr(AY?) < tr(DY?) + (Vtr(DY?), D — A) = tr(D'/?) + %(D‘UQ, D — A) = tr(D'/?),

so that for any positive semidefinite matrix A we have tr(A/2) < tr(diag(A4)Y/?). Taking A =
E,[zz]'/2 then gives the first equality once we recognize that if v is symmetric, so that B, [zz ] is

diagonal, then tr(E, [zz]"/?) = > it y/Eulzd].

For the second equality, recall that for any vector ¢ € QHull(X) with g = 0, we may write ¢ = /=
(applied elementwise), where z is a convex combination of vectors of the form [z 2] iliz1, x € X. Letting

x',i=1,...,m be these vectors, with z = Z;nl A ( )2 for some )\ >0and 1"\ =1, we let v be
the distribution on X assigning probabilities 5 4 to z! and )5 to —z*, which is evidently symmetric
and satisfies 37, /By [27] = 17q. O

By a slight perturbation, we therefore obtain that for any € > 0, we can choose C' large enough
that for all large k, we have

sup Regret;, 4. (z) > Vkp sup {tr (El,[a;a:T]l/2> | Ey[zz'] = Cilln}

rzeX veP(X)
> (1—e)vkp sup (1,q).
gEQHuII(X)

As e > 0 and p < 1 were arbitrary, this completes the proof of the lower bound.
For the upper bound on the regret, note that with the updates x4 = 2 — D~ !gy, we have

Regret, (z) < =(zo — ) D(zo — ) Z g9{ D”'g;.

DN | =

Take g = 0 and g; = 1 to obtain the upper bound

sup Regret, (z) < sup = d; x + =
zeX R zeX 2 Z Z dj

for D = diag(d). Applying Sion’s minimax theorem, we have

g;f sup Regret, (x) = 5up 1nfdeE gzn:dl:\[ 5up Z,/

which is the claimed result. O

F.3 Proof of Theorem 6

The proof follows similar lines as the one we show in Appendix F.1 but choosing different u,v € R".
Let o > 0 be a stepsize. We consider linear functions Fj(z) := g,z with |8 ® gi||; < 1. Let {z;}i<k
be the iterates of online gradient descent. The regret with respect to z € R" is

Regret;, ,( Z 9; (i
i<k
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This yields

Regret} , = sup Regretk o Zg, + = Z lgill5 — Zgi

]l oo i<k z<k: i<k ||,

Let d = argmin;<, j, we choose

u=-eq/Bq and v =

1
1811,
For ¢ € [0, 1], we now choose the vectors g; € R™ as follows:
g; = u for k/4 of the indices i € [k].

g; = —u for k/4 of the indices i € [k].

g; = v for £(1 + §) of the indices i € [k].

For this construction, we lower bound the regret

8

k k 2 (26)
> 70[ || ”2 Hv”l min 17 HUHIQ )
4 ka[v][3

% k5 ko 2 04(52k2 2
Regreto 2 sup {5 ol + 55 Jul - 25 i3
0<6<1

If the stepsize is too small (i.e. o < %” vlly 5) then (26) becomes

Regret; B > kn
grety o = — o -
4Bl

In the other case that o > 2 |} ” (26) yields

ol o V2 Vikn

lv ||22 ~ 2 minj<y )

* k 2
Regret;, , > o Jullz +
which is the desired result. O

G Proofs related to /;-diameters and n-widths

Here, we collect the lemmas necessary to prove Corollary 5.2. Recall that 1,, € RN denotes the
vector with 1 in the first n positions and 0 elsewhere.

Lemma G.1. For the set X = Conv(Co U C) that equation (15) defines, we have

* and suplle,a) = mex —SI—m — e
Z] 1957

sup  (1,,q) =
gEQHulI(X)

iafz 2=1bs (L, ).

J=1
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Proof. Let Q = QHuII( )=A{al X5, ] < 1}. By Cauchy- Schwarz the suprema of (1,,¢q) over

t_1a3q; =1, that is, A—(E?la] )12,

For the second equahty, note that (1,,z) is linear in z, and so the supremum is achieved at one of
the vertices of Cy or C7. Thus

q € Q satisfy ¢; = 2 where A > 0 normahzes q so that >_7

1
1,,2) = 1,,2)V 1 Vmax — (1, b).
§g§< ny @) = max(ly, ) V max(ly, z) = max - o VX )< m b)

Substitute 1 = max;<, al as a1 = 1 and a; are nondecreasing, then recognize that bi/\/b3 =1to
obtain the lemma. O

We now give rough bounds on the widths of the set X and its hull.

Lemma G.2. For the set X = Conv(Cy U C1), we have

m-—n
wQ(n) = SUP —m 3
m>n 2 =1 j

and som )
b=
+1
wQ(n) > w?ﬂ(n) > sup — 2 E b2 = sup 737171 Zbg.
m>n m>n j=1 J '

Jj=n+1

Proof. For the linear width, we recognize that Q = {q | Z] La ]
characterization (14) of w?(n) gives the first claim of the lemma. For the second we can take as a
lower bound the nonlinear width of the set C4, so that

o o {55} o (1S5 )

zeCq i>n m>n j=ntl

§ 1} is elliptical, so using the

as desired. [

Finally, we take the scalars aj, b; as in the statement of Corollary 5.2. Set
a; = j*? and b? =9,

where 0 < a < 1. Then direct calculations yield the asymptotics that for m > n,

m—+1
j“ e {/ to‘dt/ to‘dt}/\m

m
2™ = al b, < Y aibi =2"m" Z (*7) 21— < My Z 277 < oMty (27)

bjs
Ms

The first equation in (27) implies that

9 m—n m—n Ca
w (n) = SUp 3 X SUp — - =< n 7,
m>n j:laj m>n T
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while the last two equations lower bound the nonlinear width (via Lemma G.2) by

2 Zm n+1 b? 2m
J= o
wnl(n) > sup m 252 > sup oM p e =n
m>n j=1 aj ' m>n m

and so we have w?(n) < w?(n) < w?(n) for all n.
To prove Corollary 5.2, it remains to compute ¢; diameter ratio. Applying Lemma G.1, for o < 1

we have

n n
_ . 1—a
sup  (Ln,q) = [ Y a;” = |> j@=nz.
gEQHUII(X) p =

On the other hand, because > 7., b; < 27/2 the bounds (27) and Lemma G.1 give

> i b < 2m/2

sup(l,,xr) = max ——— Smax ———— =
29m/2
reX ms<n [N mo 019 ™ m<n me/22
ijl anJ
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