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Abstract

In constrained convex optimization, existing interior point methods do not scale well with the
dimension of the ambient space. Alternative approaches such as Projected Gradient Descent only
provide a computational benefit for simple convex sets where Euclidean projections can be performed
efficiently, such as Euclidean balls. For other more complex sets, the cost of the projections can
be too high. To circumvent these issues, alternative methods based on the famous Frank-Wolfe
algorithm have been studied and widely used. Such methods use a Linear Optimization Oracle at
each iteration instead of Euclidean projections; the former can often be performed efficiently. Such
methods have also been extended to the online and stochastic optimization settings. However, the
Frank-Wolfe algorithm and its variants do not achieve the optimal performance, in terms of regret
or rate, for general convex sets. What is more, the Linear Optimization Oracle they use can still
be computationally expensive in some cases. In this paper, we move away from Frank-Wolfe style
algorithms and present a new reduction that turns any algorithm A over a Euclidean ball (where
projections are cheap) to an algorithm over a general convex constraint set C contained within
the ball, without sacrificing the performance of the original algorithm A by much. Our reduction
requires O(T InT') calls to a Membership Oracle on C after T' rounds, and no linear optimization on
C is needed. Using this reduction, we recover optimal regret bounds [resp. rates], in terms of the
number of iterations, in online [resp. stochastic] convex optimization. Our guarantees are also useful
in the offline convex optimization setting when the dimension of the ambient space is large.

1. Introduction

In this paper, we are interested in designing efficient algorithms for constrained convex optimization
in the online, offline, and stochastic settings. Popular algorithms for optimizing a convex objective f
defined on a bounded convex set C C R? include, for example, the ellipsoid or cutting plane methods
(Grotschel et al., 1993, 2012; Bubeck, 2015). Though such algorithms enjoy linear convergence rates,
where the optimality gap decreases exponentially fast with the number of iterations, their per-iteration
computational complexity depends super-linearly in the dimension d. In particular, if Cost(M¢) is
the computational cost of testing if some point & € R? belongs to C, then state-of-the-art cutting
plane-based methods have a computational complexity of order O(d® + d?>Cost(M_¢))log(1/e€) to
find an e-suboptimal point (Lee et al., 2015, 2018). Thus, when the dimension d is large, such
methods can become impractical.

For some convex sets like the Euclidean ball, alternative methods, such as the projected Gradient
Descent (GD) algorithm, dispense of the “expensive” dimension dependence in their computational
complexity at the cost of a worse dependence in 1/¢ (e.g. 1/€? instead of log(1/¢)) in their conver-
gence rate. Despite this cost, such methods are still favorable in practice when the dimension d is
large. We refer the interested reader to Bubeck (2015) for a comprehensive comparison between the
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convergence rates of different optimization algorithms. In some settings, evaluating the objective
function f is itself expensive. For example, this is the case in many machine learning applications
where the objective involves a sum over a large number of data points. In this case, a popular approach
is to use (projected) Stochastic Gradient Descent (SGD), where it suffices to evaluate a stochastic
version of the objective f at each iteration, which can often be done efficiently. SGD enjoys similar
computational benefits as GD. However, when the domain C of interest is not a Euclidean ball, the
main bottleneck of such methods is often the projections that need be performed each time the iterates
of the algorithm step outside of C. This has fueled a long line of research around the design of,
so-called, projection-free algorithms that swap expensive projections for cheaper linear optimizations
over the domain C. The reader is referred to the vast literature on projection-free optimization that
include, for instance, (Frank et al., 1956; Hazan, 2008; Jaggi, 2013; Garber, 2016; Kerdreux, 2020;
Bomze et al., 2021).

The first projection-free algorithm (a.k.a. the Frank-Wolfe algorithm) was introduced by Frank
et al. (1956) who applied it to smooth optimization on polyhedral sets. The Frank-Wolfe algorithm
swaps expensive projections on the convex set C for linear optimization on C, which for many sets
of interest can be performed efficiently (see Table 2). A similar algorithm was later introduced
for the Online Convex Optimization (OCO) setting with linear losses (Kalai and Vempala, 2005).
This is a setting where instead of optimizing a fixed function, the goal is to minimize a quantity
called regret. Formally, at each round ¢ in OCO, a learner (algorithm) outputs an iterate x; in some
convex set C, then observes a convex loss function ¢; : C — R that may be chosen by an adversary
based on x; and the history up to round ¢. The goal is to minimize the regret Regret,(x) =
SL le(xe) — SSE | £i(), which represents the difference between the cumulative loss of the
learner and that of any comparator € C.

Offline [resp. Stochastic] optimization are special cases of OCO, where /; is fixed [resp. stochastic
with a fixed mean] for all £. Algorithms designed for OCO (e.g. Online Gradient Descent (Zinkevich,
2003)) often lead to optimal convergence rates when used in the offline and stochastic settings
via online-to-batch conversion techniques (Cesa-Bianchi et al., 2004; Shalev-Shwartz et al., 2011;
Cutkosky, 2019). For examples of problems that can be modeled via OCO we refer the reader to
the OCO introduction by Hazan (2016). Unlike in the offline setting where there are algorithms
such as those based on the cutting plane method that converge exponentially fast with the number of
iterations, there are no equivalent options for OCO since the losses are different at each round and
the goal is to minimize the regret. This means that designing efficient projection-free algorithms for
OCO is even more crucial than in the offline and stochastic settings.

In this paper, we continue the long line of research in the design of efficient projection-free
algorithms for online and stochastic optimization (see e.g. (Kalai and Vempala, 2005; Hazan and
Kale, 2012; Hazan and Luo, 2016; Hazan and Minasyan, 2020)). We depart from the Frank-
Wolfe-style approach by presenting a new algorithm that requires a Membership Oracle M for
C instead of a Linear Optimization Oracle (LOO). When given & € R?, the Membership Oracle
returns [{x € C}. We present an algorithm that requires a total of O(7'InT') calls to a (possibly
approximate) Membership Oracle and guarantees a O(+/T') regret bound for general convex functions
and convex sets. This regret bound is optimal in the number of rounds 7" for general OCO. This result
improves upon previous results designed for more specific use cases, and closes the longstanding
regret gap between projection-free (e.g. Frank-Wolfe-style algorithm) and projection-based methods
by achieving optimal regret. We now discuss our contributions in more detail.
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Contributions. For OCO with general convex losses, we provide an algorithm in the form of
a (projection-free) reduction that achieves a O(x+/T) regret after T' rounds using a total of O(T)
[resp. O(dT)] calls to an approximate Separation [resp. Membership] Oracle, for some £ > 0 that
depends on C. The constant x, which may be assumed less than d without loss of generality (see
Rem. 1), takes the role of a v/d factor that is present in the regret bounds of previous projection-free
algorithms. In Table 2, we display bounds on & as function of d for many sets of interest.

We also present a more efficient version of our first algorithm that makes only O(1) calls per
round to a Membership Oracle (instead of O(d) calls) at the cost of a multiplicative v/d factor in
the regret bound. Thus, our approach allows a trade-off between computation (i.e. Oracle calls) and
regret. Our reduction also allows us to build an adaptive projection-free algorithm for OCO with
strongly convex losses that achieves a logarithm regret without requiring the parameter of strong
convexity as input, while ensuring a O(+/T') regret in the worst case.

Our guarantees for general OCO readily transfer to the stochastic setting via well-known online-
to-batch conversion techniques (Cesa-Bianchi et al., 2004; Shalev-Shwartz et al., 2011), leading
to a convergence rate of order O(x/v/T) which is optimal in 7. We also present an algorithm
for 3-smooth stochastic optimization that achieves the rate O(8x?/T? + o //T), where o2 is
the variance of the noise of the observed subgradients. Crucially, our algorithm does not require
knowledge of either 8 or o, and is thus fully adaptive. When instantiated in the offline setting
(i.e. when o = 0), theses rates imply that our algorithms represent viable alternatives to state-of-the-
art cutting plane methods (Lee et al., 2018) whenever d > (k2 /¢2) for general convex functions or
when d > Q(r/+/€) for smooth functions. We summarize our contributions in Table 1, where we
compare our average regret/rates to the best known methods that apply to general convex sets.

We achieve these results by reducing an OCO problem on a general convex set C to an OCO
problem on a ball, where projections can be performed efficiently. More specifically, we present an
algorithm wrapper that takes in any base algorithm A defined on a Euclidean ball (where projections
can be performed cheaply) containing C and turns it into an algorithm on C that does not incur any
expensive projections and whose regret bound is at most a factor O(x) worse than that of A.

Related Works. This paper continues a long a line of work in projection-free online learning.
Table 1 summarizes the guarantees of state-of-the-art Frank-Wolfe-style algorithms that are applicable
to general convex sets. For OCO with general convex sets/functions, the best known regret is of order
O(T3/ 4) and was achieved by Hazan and Kale (2012). The corresponding Frank-Wolfe algorithm
requires a single call to a Linear Optimization Oracle per round. Later, Garber and Hazan (2016)
introduced an algorithm that achieves the optimal O(v/T) [resp. O(logT)] regret in OCO with
general [resp. strongly convex] losses with one call to an LOO per round. However, their results only
apply when the convex set is a polytope, and they use an Oracle that requires at least O (min(d7’, d?))
arithmetic operations per round (translating into O(min(n*, Tn?)) operations when C is a subset of
n x n matrices). Closer to our approach is that of Mahdavi et al. (2012) and Levy and Krause (2019)
who essentially also considered Membership and Separation Oracles for their algorithms instead of
a Linear Optimization Oracle on C. In their setting, the set C is of the form {x € R? | h(z) < 0},
where h : R? — R is a smooth convex function, which translates into the set C being smooth. The
approach of Mahdavi et al. (2012) requires at least one orthogonal projection onto C. Levy and
Krause (2019) avoid this by providing a fast approximate projection and achieve optimal regret
bounds for both convex and strongly convex losses while only requiring a single call to a Separating
and Membership Oracle for C per round. However, their guarantees only applies for smooth sets.
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Setting Loss Function Average Regret/Rate
Previous Best This paper

Online Non-Smooth T-1/*  (Hazan and Kale, 2012) T-1/2 (Thms. 8,15, 16)
Online Smooth T-'/3  (Hazan and Minasyan, 2020) 7~'/2 (Thm. 15)
Online Strongly Convex T~1/3  (Kretzu and Garber, 2021) T-'.InT (Thm. 17)
Stochastic  Non-Smooth T-1/3 (Hazan and Kale, 2012) T/ (Thms. 8,15,16)
Stochastic ~ 3-Smooth (¢2-var) T~2?  (Lanetal., 2017) BT+ U/Tfl/2 (Thm. 18)
Stochastic ~ Strongly Convex T~'/3  (Hazan and Kale, 2012) T=!'.InT (Thm. 17)
Offline Non-Smooth T~1/3  (Hazan and Kale, 2012) T-1/2 (Thms. 8,15,16)
Offline B-Smooth BT~2?  (Lan and Zhou, 2016) BT 2 (Thm. 18)

Table 1: Only results that hold for general bounded convex sets are included. The algorithms that
achieve the reported results for our paper require either O(d) or O(1) calls per round to a
Membership Oracle for C. In the latter case, the regret bound is a v/d factor worse.

In a way, their algorithm complements that of Garber and Hazan (2016) that works for polytopes
(which are non-smooth sets). Our approach can be viewed as a generalization of that of Mahdavi et al.
(2012); Levy and Krause (2019) to general sets. Finally, we mention the work of Abernethy et al.
(2012) who used a self-concordant barrier for the set of interest to avoid projections. The efficient
version of their algorithm, which is based on the damped Newton step, has a O(d?®) per-round
computational complexity (due to matrix inversion).

For OCO with smooth [resp. strongly] convex losses (Hazan

and Minasyan, 2020) [resp. (Kretzu and Garber, 2021)] provide W
algorithms that achieve a O(7'%/?) regret (up to multiplicative factors

in the dimension), requiring a single call to an LOO per round. For Pr(;?:i?on—’
smooth projection-free stochastic optimization, the best rate we are  of w onto €
aware of is of order O(8/T? + o /+/T), where 3 is the smoothness
parameter and o is the stochastic noise. The first algorithm to achieve
this makes O(T") LOO calls after T" rounds and is due to Lan et al.
(2017). This improves on the previous best T—1/4 rate due to Hazan
and Kale (2012) that uses the same number of Oracle calls. We
achieve a similar rate as that of Lan et al. (2017), albeit we use
a Membership Oracle instead of an LOO. The story is similar for
offline smooth convex optimization where we achieve the optimal
accelerated rate of O(/3/T?) for 3-smooth function as the algorithm
of Lan and Zhou (2016), albeit without requiring knowledge of 5.

Euclidean
Projection
of w onto C

Origin

Figure 1: Gauge vs Euclidean
projections.

Finally, the core idea behind our algorithm is inspired by recent techniques (Cutkosky and
Orabona, 2018; Cutkosky, 2020) that leverage certain surrogate losses to reduce a constrained OCO
problem to an unconstrained one. The key novelty in our work is a choice of surrogate losses that
depend on the Gauge function (also known as the Minkowski function) of the set C. In particular,
we choose this dependence in a way that allows us to replace potentially expensive (Euclidean)
projections by inexpensive Gauge projections (see Definition 5 and Figure 1), provided one has
access to a Membership Oracle. We are able to perform efficient Gauge projections using recent
techniques for estimating subgradients of convex functions that are not necessarily differentiable



PROJECTION-FREE OCO VIA MEMBERSHIP ORACLE

(Lee et al., 2018). Our algorithm for strongly-convex OCO [resp. smooth stochastic optimization]
builds on reductions due to Cutkosky and Orabona (2018) [resp. Cutkosky (2020)].

Outline. In §2, we describe our setting and provide some standard definitions from convex analysis.
In §3, we describe tools we use to approximate the Gauge function of a set and its subgradients;
these will be key to deriving our projection-free algorithms. In §4, we present our main method
that reduces constrained OCO on an arbitrary compact convex set C to OCO on a Euclidean ball
containing C. There, we also discuss the implications of this result in the stochastic and offline
optimization settings. We conclude with a discussion in §5. A table of contents is provided in the
appendix.

Notation. For a real function f: A — R, we denote by arg max, 4 f(a) [resp. arg min, ¢ 4 f(a)]
the subset KC of A such that f(b) = sup,c 4 f(a) [resp. f(b) = inf,cq f(a)], forall b € IC. We
denote by B(r) the Euclidean ball of radius 7 centered at the origin, and let || - || be the Euclidean norm.
Finally, for any mathematical statement £, we let [¢ = 1 if £ is true, and O otherwise. Additional
notation needed in our proofs is included in Appendix A.

2. Setting and Definitions

We consider the standard OCO setting where at each round t > 1, a learner (the algorithm) outputs
an iterate x; in some convex set C C R%, then the environment reveals a convex loss ¢;: C — R,
and the learner suffers loss ¢;(x;). The goal of the learner is to minimize the regret Regret(x) =
ZZ;I b (xy) — Z?zl ¢ (x) after T' > 1 rounds against any fixed comparator x € C.

We say that (¢;) is an adversarial loss sequence when ¢;, t > 1, may depend on the learner’s
iterate z; as well as the history (s, £s)sc¢—1)- This is the type of losses we will consider in our

general OCO setting. We note that our bounds are often on the linearized regret Zthl (gy, Tt — ),
where, for all ¢ > 1, g, is in the subdifferential 0¢;(x;) of ¢; at ; (see e.g. (Hiriart-Urruty and
Lemaréchal, 2004) for a definition), and (-, -) denotes the standard inner product. Such bounds
automatically transfer to bounds on the regret Regret,(x) by convexity of the losses (¢;); for any
x € Candt > 1, we have {;(x;) — ly(x) < (g;,x; — x), for all g, € 0¢;(x;). Bounding the
linearized regret is standard in OCO (see e.g. (Hazan, 2019)).

In this work, we will not assume knowledge of the horizon 7', and so our regret bounds hold for
all T”s simultaneously; these are so-called anytime regret bound. We will allow the outputs (x;) of
the learner to be random. In this case, for any ¢ > 1, we let G; denote the o-algebra generated by
(%s)sely and we denote E;[-] := E[- | G¢]. When, for any round ¢, the output z; of an algorithm A is
a deterministic function of the history (s, £s)e[t—1], We say that A is deterministic. Throughout, we
assume that C is “sandwiched” between two Euclidean balls:

Assumption 1 We assume that C C R% is a closed convex set s.1. for some 0 < r < R, we have
B(r) C C C B(R). (1

Remark 1 Assumption 1 comes with no loss of generality as one can easily re-parametrize any
OCO setting to satisfy (1) without any significant computational overhead. In Appendix F, we
discuss the details of how this can be done in the general OCO setting as well as in various popular
optimization settings. In Appendix F, we also derive corresponding upper bounds on the asphericity
k = R/r (Goffin, 1988), which appears as a multiplicative factor in our regret bounds. As can be
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seen in Table 2, « is less than v/d for many sets of interest. We also note that, in the worst case, x can
always be bounded by d [resp. v/d] for general [resp. centrally symmetric] convex sets by applying
an affine re-parametrization (Flaxman et al., 2005).

Our goal in this paper is to design algorithms with low regret in OCO without incurring expensive
(Euclidean) projections onto the set C. For this, we will use a Membership Oracle for the set C to
perform what we call Gauge Projections, which can be done efficiently using a small number of
calls to the Oracle. A Membership Oracle is a map M¢: RY — {0, 1}, where for any = € RY,
Mec(x) = 1if and only if ® € C. Such Oracles are often the building blocks of many offline
optimization algorithms (Grotschel et al., 1993; Bubeck, 2015; Lee et al., 2018). In many practical
settings, one can only efficiently test membership approximately, and so for the sake of generality we
will state our results when only such approximate Oracles are available. To formally define the notion
of approximate Membership Oracle, we let B(C,0) := {x € R? : 3y € C such that ||z — y|| < 5}.
We also define B(C, —§) = {x € R?: Yy € B(J), = +y € C}.

Definition 2 (Approximate Membership Oracle) Let § > 0 and C be a convex set s.t. B(§) C
C C R% Then, the map MEM¢(+;0): R — {0, 1} is a 6-approximate Membership Oracle if

Vo € RY, Tizepe,—o) AN lwescs) < MEMe(z;0) < Ligepe—o)y V Lzesesy

Some definitions of (approximate) Membership Oracles only require (2) to hold with high probability

(see e.g. Lee et al. (2018)). Our analysis can easily be extended to this case, but we make the

deterministic assumption in (2) to simplify the presentation. We will use an approximate Mem-

bership Oracle to build a §-approximate Linear Optimization Oracle Oco (-; ) for the polar set C°,

where for any w in a ball containing C, the random output (-, s) of O¢e (w; ) essentially satisfies

Sup,ece(w, u) <y < supyec{w, w) + 6 and (s, w) > sup,cc(w, u) — § with high probability.
We now present some standard definitions from convex analysis:

Definition 3 (Polar Set) Let C C R? be a convex set. The polar set C° of C is defined as C° == {s €
RY: (s,u) <1,Vu € C}.

The notation of a polar set is key to our approach. We will essentially build an efficient Linear
Optimization Oracle on C°, which will then allow us to perform, what we call, Gauge projections
instead of Euclidean ones. Gauge projections (Def. 5 below) are defined with respect to a quasi-metric
based on the Gauge function (also known as the Minkowski function) of the set C:

Definition 4 (Gauge and Support Functions) Let C C RY be a convex set. The Gauge function
ve of C is defined as ve(w) := inf{\ > 0 : w € AC}, for w € R The support function ¢ of C is
defined as o¢(w) = sup,cc{u, w), forw € RY.

The Gauge function satisfies all properties of a norm except for symmetry, which requires the set C
to be centrally symmetric. Fortunately, we do not need this property to perform efficient projections
with respect to the quasi-metric d¢(u, w) = q¢(u — w). The concept of support function in the
previous definition will also be key in our analysis (it is the Gauge function of the polar set C°). We
now introduce the concept of Gauge projection/distance to a set:

1. The guarantee provided by v (i.e. (w,u) < v < sup,, e (w, u) + 6) will be crucial in our analysis, which is why we
make our LO Oracle Oc¢o return a scalar-vector pair instead of a single vector as is more common for such Oracles.
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Definition 5 Let C be as in Assump. 1, the Gauge projection on C is the set-valued map Hg ‘R4 =
C defined by Hg} (w) = arg min, e ye(w — w). We also define the Gauge distance to C as the map:

Se(w) = infc ye(w —u) >0, forallw e RY 3)
uec
Gauge projections, which can be done efficiently using a Membership Oracle (see §3), will be all we
need to ensure the iterates of our algorithms are in C.

3. Preliminaries: Gauge Function Approximation

In this section, we briefly describe some of the technical tools we require for our method (additional
details are provided in Appendix B). At the heart of our approach is the design of surrogate losses for
online and stochastic optimization that depend on the Gauge distance function S¢ in (3) in a way
that leads to algorithms that perform Gauge projections instead of (potentially expensive) Euclidean
projections. Naturally, this will require the ability to efficiently evaluate S¢ and its subgradients. The
next lemma (whose proof is in App. B) shows that S¢ and 0S¢ can be expressed as concise functions
of ¢ (the Gauge function):

Lemma 6 For any set C satisfying Assump. 1, and any u & C and w € R%, we have 'YCZ(L'U') € Hg} (u),

Se(w) = 0V (ve(w) — 1), and OSc(w) = { Cgstw) = amemaece- (s, ). 0 F S
Note that for any u ¢ C, Lemma 6 also provides the expression of a Gauge projection point in Hg(u)
(i.e. u/vc(w)), which will be leveraged by our algorithm. Next, we describe how we build efficient
algorithms for approximating +¢ and its subgradients using our approximate Membership Oracle
MEM¢. As Lemma 6 shows, this is all we need to approximate S¢, its subgradients, and Gauge
projections onto C.

Approximating vc. By definition of the Gauge function, we have,
VYw € R, qe(w) = inf{\ € Rso | w € A\C} = 1/sup{r € Rsq | vw € C}. 4)

Using the Membership Oracle MEM¢, we can approximate the largest v > 0 such that vw € C
via bisection, which will lead to an approximation of ¢ (w) by (4). This is exactly what we do in
Algorithm 2 in Appendix B. Algorithm 2 (GAU() requires at most [logy((4)2/6)] + 1 calls to the
Membership Oracle MEM¢(-; 76/ (4)?) to return a §-approximate value of y¢, where x := R/r and
r, R > 0 are as in (1). In Lemma 10 of Appendix B, we state the full guarantee of Algorithm 2.

Approximating the subgradients of v.. In addition to approximating -, we will also need to
approximate its subgradients. By Lemma 6, the subdifferential of S¢ coincides with that of v at any
point w outside C. The lemma also shows that finding a subgradient of ¢ is equivalent to performing
linear optimization on the polar set C°. In Appendix B, we present two algorithms, OPT¢o (Alg. 3)
and OPT1q o (Alg. 4), based on (Lee et al., 2018, Algorithm 2), which use GAU¢ (Alg. 2) and a
random partial difference along different coordinates to approximate the subgradients of y¢. The
first algorithm OPT¢. requires at most O(d In(dk/0)) calls to the approximate Membership Oracle
MEM¢ to find a “d-approximate” subgradient; the precise guarantee is stated in Proposition 11.
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The algorithm OPT 4 ¢- is a stochastic version of OPT¢o that picks a single random coordinate [
along which to estimate the subgradient of the Gauge function y¢. As a result, OPT 4 ¢o requires
at most O(In(dk/9)) calls to the approximate Membership Oracle MEM¢, which will provide a
computational benefit over OPT¢o at the cost of a multiplicative v/d in the regret bound. Further, the
output of OPT14 ¢o is equal to that of OPT¢o in expectation for the same input (see Lemma 13).

We now move to the main section of the paper where we present our projection-free reduction
that uses the tools we described in this section.

4. Efficient Projection-Free Online and Stochastic Convex Optimization

In this section, we will use our approximate Linear Optimization Oracles on C° described in the
previous section to build efficient algorithms for OCO with optimal regret bounds. Our final
algorithms make at most 9) (T') calls to the Membership Oracle MEM¢ after 7' > 1 rounds, and are
also time-uniform in the sense that they do not require a horizon 7" as input.

Algorithm 1 Projection-Free Algorithm-Wrapper for OCO on C.

Require: I) An OCO algorithm A on B(R) 2 C; II) A tolerance sequence (&;) C (0,1/3);
and TIT) LO Oracle O¢o on C° such that Oco(w; ) € Rsp x R, Vw € B(R),§ € (0,1).
// In the ideal case, (7,8)=0Oco(w;0) = v = (s,w) and 8 € argmax, cco(u,w)

1: Initialize A and set w; € B(R) to A’s first output.
2: fort=1,2,... do
3: Set (’yt, St) = O¢o (’lUt; (St)
4. Set v, = H{"/tzl}st‘ // Subgradient of S¢ at wy
5: Play x; = H{%Zl}wt/’yt + ]I{%<1}’wt. // Gauge projection of w:; onto C
6:  Observe subgradient g, € 0;(xy).
7. Setg, = g — g, wi)<0(Ge> Tt) Ve // G, € 0li(w:); Li(w) = (g, w) — Lig, w,y<0(gy, Te) Se(w)
8:  Set A’s tth loss function to f; : w — (g,, w).
9:  Setwy1 € B(R) to A’s (t + 1)th output given the history ((w;, x;, fi)i<t).
10: end for

To avoid expensive projections, our algorithms make use of convex surrogate losses of the form
{(w) = (g,w) + bSc(w), for w € R% and b > 0, where Se is the Gauge distance function in
(3) and g is a subgradient of the loss of interest £: C — R. Note that { is not constrained to the
set C, unlike the actual loss of interest /. The choice of such a surrogate loss function is inspired
by existing constrained-to-unconstrained reductions in OCO due to Cutkosky and Orabona (2018);
Cutkosky (2020). Similar to the latter, our projection-free reduction allows us to bound the regret
of our Algorithm 1 by the regret of any OCO subroutine A that is fed subgradients of the surrogate
losses. Here, the iterates of A need not be constrained to the set C since the domain of the surrogate
losses is technically unconstrained. Thus, to build efficient projection-free OCO algorithms on C
with optimal regret, it suffices to pick a sub-algorithm A that I) has an optimal regret bound on a set
W containing C, and II) does not incur any expensive projections. We will pick W = B(R) 2 C so
that Euclidean projections onto WV, which may be required by A, can be performed efficiently.

We now state our main reduction result when the LO Oracle O¢eo is set to the approximate LO
Oracle OPT¢o (Alg. 3) we described in §3. The full proof of the lemma is in App. I.1.
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Lemma 7 Let k := R/r and A be any OCO algorithm on B(R). Further, fort > 1, let wy, g, x4,
and g, € 0l(x;) be as in Alg. 1 with Oco = OPT¢o (Alg. 3) and any tolerance sequence
(6s) € (0,1/3). Then, for all t > 1, we have x; € C, and there exists a random variable
A € [0, 152d4ﬁ;35t_2] such that By_1[A¢] < 6, |G| < (1 + A¢ + R)||g¢ll, and for all x € C,

(ge, xt — ) < ly(wy) — b(x) + 6 R|gy|| < (Gy, we — ) + (26 + Ay)R||g, |, (5)

where (y(w) = (g, w) — Lig. w)<0(gs Te)Sc(w).

Proof Sketch. For simplicity, we provide a proof of the lemma when Alg. 1 has access to a perfect LO
Oracle O¢o on C°, i.e. when Vw € R4, § > 0, (7, 8) = Oce (w; §) only if s € arg max o (x, w)
and 7 = (s, w). Thus, we will show the claims of the lemma with A; = §; = 0.

Let v, V¢, wy, g4, and x; be as in Algorithm 1. By the expression of the subdifferential of S¢ in
Lemma 6 and the definition of /;, we have that g, — Lig, we)y<0{Gs, Tt) Vi € dl;(wy). Thus, since
—]I<gt7wt><0<gt, @) > 0 (see definition of x; in Alg. 1), ¢, is convex and so

Ve € C, li(wy) — li(x) < (g, — H(gt,wt)<0<gt7 Ti) Ve, Wy — @) = (gp, W — T).

It remains to show that (g,, z; — ) < ;(w;) — f;(x), forall t > 1 and « € C. First note that for
all z € C, we have S¢(x) = 0, and so

l(x) = (g;,x), VxeCl. 6)

We will now compare (g,, ;) to £;(w;) by considering cases. Suppose that y; < 1. In this case, we
have ¢; = w; and so (g, ;) = (g,, w¢) = ¢;(w;). Now suppose that ; > 1 and (g,, w;) > 0. By
the fact that y¢(w;) = v+ > 1 and &y = w; /v, we have

(gp, 1) < (gy, wi) = b (wy). (7

Now suppose that v, > 1 and (g;, w;) < 0. Using the fact that ; = w; /v = w¢/~c(w;) and that
Se(w) = ve(wy) — 1 (Lemma 6), we have

(ges i) +(gps @) - Sc(wi) = (g, wi/ve(we)) + (g, wi) — (gp we/ve(wr)) = (gy, wy).

Rearranging this, we get
(g0 @) = (g1, wi) — gy 1) Se(wr) = by(wy). ®)

By combining (6), (7), and (8), we obtain (g, x; — ) < gt(wt) — gt(zc) < (g;, wy — ), for all
x € C, which shows (5) with A; = ¢; = 0. It remains to bound ||g,|| in terms of ||g,|| and show
that x; € C. When v, < 1, we have g, = g, and ; = wy, and so ||g;|| = ||g||. Furthermore,
since ve(w;) = 7 < 1, the definition of the Gauge function implies that w; € C and so x; € C
(since &; = wy). Now suppose that v, > 1. In this case, we have ; = w /v = w;/ve(w;) and
9: = 91 — g, we)<0{gs, 1) vi. Using this and that v¢c(w;) = v > 1, we get that ||g| is equal to

[

[ | ®
19: = Tig, i) <0(Gs> ®e) Vel = [lgell + HgtH%(wt vel < llgell { 1+ === ) < (1 +r)llg. ]l

)
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where (x) follows by the fact that || v,|| < 1/r (since v, € C° C B(1/r)-see Lem. 42 for the set
inclusion). Further, when ~; > 1, we have ¢ (x:) = ve(wi/ve(wy)) = ye(wy)/ye(wy) = 1, and
sox; € C. [ |

Lemma 7 allows us to bound the instantaneous (linearized) regret (g,, ; — ) of Alg. 1 w.r.t. the
instantaneous regret (g,, w; — ) of subroutine A. Thus by summing (5) in Lemma 7 fort = 1,2,.. .,
we can bound the regret of Alg. 1 with respect to that of A. Further, Lemma 7 shows that the scale of
the subgradients (g, ) of the losses fed to A is at most a constant times the scale of the subgradients
(g,) at the iterates (a;) of Alg. 1; in particular, ||g,|| < (1 4+ Ay + &)||lg,||, Vt > 1, where k .= R/r.
This latter fact ensures that the regret bound of A is not too large as a function of the scale of (g,).

4.1. Algorithm for General Online Convex Optimization

To streamline the discussions that follow, we will instantiate Alg. 1 and state its regret bound
with a specific subroutine A (for a general A, see App. D). In particular, we will set A to Follow-
The-Regularized-Leader Proximal (FTRL-prox) (McMahan, 2017). FTRL-prox is summarized in
Alg. 8 in App. G. The algorithm takes input parameter R > 0 and performs at most one Euclidean
projection onto the ball B(R) per iteration. An advantage of FTRL-prox is that it has a regret
bound (see Prop. 25) of the form O(\/Vr), where Vp = Zthl llg;||* and (g,) are the observed
subgradients. This is desirable for reasons we outline in §4.2. We now state the regret bound of
Alg. 1 when A is set to FTRL-prox:

Theorem 8 Let§ € (0,1/3) and k := R/r, withr and R as in (1). Let ({;) be any adversarial
sequence of convex losses on C and (x;) be the iterates of Alg. 1 in response to ({;). If Alg. 1 is
run with subroutine A set to FTRL-prox with parameter R; Oco = OPT¢o (Alg. 3); and 6y = 5/t2,
t > 1, then forall T > 1 and p € (0,1), we have (z1),c7) C C and with probability at least 1 — p

T
Vo eC, Y (gn @ —x) <AL+ K)RYVr + R- (124 105/p) - ma|lg. ) 9)
t=1

where Vi =S ||\g,||? and g, € 8 (), for all t > 1.

Proof Sketch. By Lemma 7, we have x; € C, V¢t > 1. Lemma 7 also says that there exists a sequence
(A¢) C R> of non-negative random variables satisfying E;_;[A;] < §;, for all ¢ € [T'], such that
forall & and t > 1, (g,, @ — ) < (G;, w; — ) + (20; + A¢)R||g, . Letting Q; == S1_, g1
and summing the latter inequality fort = 1,...,T, we obtain,

T T

T
> g —x) = > (20 + A)Rllg <D (G, wy — ) < 2R\/2Qr, forallz € C, (10)

t=1 t=1 t=1
where the last inequality follows by the fact that A is FTRL-prox and the regret bound of the latter
in Prop. 25. Now, by the fact that ||g,|| < (1 + x + Ay)||gy|| (Lem. 7) and (a + b)* < 2a® + 2b*
for all a, b € R+, the RHS of (10) can be further bounded by 4(1 + x)Rv/V + 4 Z?zl AvR||g |-
It remains to bound the sum Zthl(Qét + 5A¢)R||g,|| in terms of 6 R max;<7 ||g,||/p, which we do
using Doob’s martingale inequality (see App. 1.2 for the full proof). |

The O(v/Vr) regret bound in Theorem 8 is known as an adaptive regret bound, and can be much
smaller than the standard O(+/T') worst-case regret; e.g. when the losses are smooth (Srebro et al.,
2010a; Cutkosky and Orabona, 2018). We say more on this in §4.2 below.

10
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Oracle Complexity. Note that at each round ¢, the instance of Alg. 1 in Thm. 8 invokes OPT¢o (+; d¢)
once. Thus, in light of the discussion in §3 (see also Rem. 12 in App. B), the algorithm makes at
most O(dT In(dT'k /) calls to the Membership Oracle MEM¢ after T' rounds. We also note that if
one has a Separation Oracle for C, then Alg. 1 can be executed with only 6(1) calls-per-round to the
latter (instead of O(d) calls to MEM¢) without compromising the regret bound in Thm. 8.

We can reduce the number of MEM¢ Oracle calls to a total of O(7'In(d7T'x/§)) by using the
“one-dimensional” stochastic version of OPT¢o we discussed in §3;i.e. OPT g co (Alg. 4). This will
come at the cost of a O(+/d) multiplicative factor in the regret bound (see App. C.1).

The strongly convex case. In App. C.2, we design a subroutine A (Alg. 5) such that the instance
of Alg. 1 with this subroutine achieves a logarithmic regret whenever the losses are strongly convex,
while maintaining a O (v/T) regret in the worse case. Further, the algorithm does no require any
curvature parameter as input. Finally, in Appendix E we present a general reduction that makes our
algorithm for the strongly convex case as well as many previous online algorithms (such as those by
(Ross et al., 2013; Wintenberger, 2017; Kottowski, 2017; Kempka et al., 2019)) scale-invariant; in the
sense that scaling the losses by some positive constant does not change the outputs of the algorithm
(consequently the algorithm does not require any scale information as input). The reduction is a
generalization of previous algorithms by Mhammedi et al. (2019); Mhammedi and Koolen (2020).

4.2. Algorithms for Stochastic and Offline Optimization

The stochastic setting. The guarantee of Alg. 1 in Thm. 8 readily transfers to the stochastic
setting (formally described in App. C.3) via well-known online-to-batch conversion techniques
(Cesa-Bianchi et al., 2004; Shalev-Shwartz et al., 2011), leading to a convergence rate of order
O(x/+/T) which is optimal in T'. What is more, it can be shown that the instance of Alg. 1 in Thm. 8
achieves a rate of order O(8k%/T + ox/+/T) when the objective function is 3-smooth, without
requiring 3 or o (the noise in the subgradients) as input. This follows by the fact that the bound in
Thm. 8 is of the form O(+/Vr)—enabled by the use of FTRL-prox—and (Cutkosky, 2019, Cor. 6).

In App. C.3, we build a subroutine A (Alg. 6) based on an existing reduction due to Cutkosky
(2019), such that the instance of Alg. 1 with this subroutine and O¢o = OPT¢o achieves the faster
rate O(Bk%/T? 4 ok //T), without knowing 3 or o (see Thm. 18).

The offline setting. Finally, in the offline setting (a special case of the stochastic setting with
zero noise, i.e. 0 = 0), the rates we just mentioned for general [resp. S-smooth] convex functions
imply that at most O(dx?/€?) [resp. O(dk/+/€)] Membership Oracle calls are required to find an
e-suboptimal point. Since state-of-the-art algorithms based on the cutting plane method require
O(d?In(1/€)) calls to a Membership Oracle to achieve the same guarantee (Lee et al., 2018), our
algorithm provides a viable alternative to the latter whenever d > Q(rx2/e?) for general convex
functions or when d > (k/+/€) for smooth functions. We note that the algorithm of Lan and Zhou
(2016) has a similar guarantee to ours in the offline setting, though they require a Linear Optimization
Oracle on C instead of a Membership Oracle.

5. Discussion

In this paper, we presented a novel projection-free reduction that allowed us to turn any OCO
algorithm defined on a Euclidean ball B, to an algorithm on any convex set C contained in B, without
sacrificing the performance of the original algorithm by much. Thanks to this, we were able to

11
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build explicit algorithms that achieve optimal regret bounds in OCO without incurring expensive
Euclidean projections. In particular, we swapped the latter for Gauge projections, which can be
performed efficiently using a Membership Oracle; our final algorithms make at most O(dT InT)
[resp. O(T'InT)] calls to such an Oracle after T' rounds and guarantee a O(kv/T) [resp. O(k\/dT)]
regret bound, where x := R/r and R,r > 0 are such that B(r) C C C B(R).

The multiplicative factor x in our regret bounds, which depends implicitly on the dimension,
replaces the v/d factor in the regret bounds of previous projection-free algorithms (see e.g. (Hazan
and Kale, 2012; Hazan and Minasyan, 2020)). From Table 2, we see that x < Vd for many sets
of interests (the bounds on x are derived in App. F). Furthermore, x can always be assumed to be
less than d [resp. v/d], without loss of generality, for general [resp. centrally symmetric] convex
sets by applying a certain affine reparametrization if necessary (Flaxman et al., 2005). We note that
% may be thought of as a measure of how well the set C can be approximated by a Euclidean ball
(a larger x means that C is not very “round”). If the set C is more like a “box”, then one way to
reduce « is to apply our reduction (Alg. 1) with a subroutine A defined on, for example, a hypercube
containing C (where Euclidean projections are still cheap), rather than a Euclidean ball. We leave
such investigations for future work.

For the same number of Oracle calls as in our reduction, no existing Frank-Wolfe-based algorithm
guarantees a O(1/T) regret for general convex sets (unlike with our approach). However, this would
be comparing apples to oranges unless we consider the computational cost of the different Oracles
involved: Membership versus Linear Optimization Oracle. In Table 2, we see that the computational
complexities of these Oracles are comparable for various popular sets (see also Tab. 3). In many
optimization settings, the set of interest is specified via a small number of inequalities. In such cases,
a Membership Oracle, which simply checks all the inequalities, typically admits a more efficient
implementation than an LOO (e.g. convex-hull of permutation matrices—see Tab. 2). On the other
hand, there are sets with combinatorial structure such as Matroids (where the number of inequalities
defining the set can be exponential), for which performing Linear Optimization can be more efficient
than Membership evaluation. In this case, Frank-Wolfe-style algorithms may be more practical.
More generally, since (C°)° = C for a closed convex set C, and LO on a convex set K is equivalent
to performing separation on its polar K°, it is always possible to pick a set C on which LO is cheaper
than performing separation/testing membership, and vice versa. For these reasons, our approach
(which relies on separation/membership evaluation) may be viewed as complementary to ones that
use an LOO.

Bonus results. Since our reduction works for any base algorithm, one can achieve different types
of guarantees (e.g. a dynamic/anytime regret or one that scales with the norm of the comparator
(Mhammedi and Koolen, 2020; Cutkosky, 2020)) by substituting A in Alg. 1 with an algorithm that
is known to achieve the desired guarantee. We also note that our reduction can easily be extended to
the setting where the losses are exp-concave instead of strongly convex using existing results due to
Mhammedi et al. (2019). One can also easily extend our reduction to the Bandit setting (Chen et al.,
2019; Garber and Kretzu, 2020).

12
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Domain C Upper bound on x post-reparam.  Computational Complexity of
(see App. F for param. details). LOO O¢(x;0) MO Mc(x;9)
¢,-ball in R? O(d/P=121) ‘whereC C RT  O(d) O(d)
Simplex Ay € R? O(d), where C C R? O(d) O(d)
Trace-norm-ball in R™*™ O(d'/*), where C C R? O(%) Cost(SVD)
Op-norm-ball in R”"*" O(d"*), where C C R? Cost(SVD) o(™421)
Conv-hull of Permutation Matrices in R™*™  O(d'/?), where C C R“ O(n®) O(n?)
Convex-hull of Rotation Matrices in R™*" O(d"/*), where C C R? Cost(SVD) Cost(SVD)
PSD matrices in R™*™ with unit trace O(d), where C C R? O(@) O(@)
PSD matrices in R™*™ with diagonals <1 O(d*/*), where C C R? O( ";;(:7)3 ) O(@)

Table 2: If C C R™*", then d := mn. nnz(-) = # of non-zeros. Table entries derived in App. F.
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Appendix A. Additional Notation

In this section, we present some additional notation that we omitted from §2 of the main body due
to space. We let Iny (u) := 0V In(u), for u > 0. For (x;) C R? and ¢ € N, we write &1,y =
(x1,...,2;) € R¥! For any real function f: A — R, we denote by arg max, 4 f(a) [resp.
arg min, ¢ 4 f(a)] the subset K of A such that f(b) = sup,c 4 f(a) [resp. f(b) = infaec 4 f(a)], for
allb € K. Forany p € RU {oc}, u € RY, and r > 0 we denote by B,(u, ), the || - ||,-ball of
radius r centered at u, where || - ||, denotes the p-norm. When u = 0, we simply write B,(r) for
B, (0, 7). For the special case where p = 2, welet || - || := || - ||2 and B(-) := Ba(-). We denote by
gy R? — B(r) the Euclidean projection operator onto the ball B(r). For any set K, we denote
by conv K [resp. bd C] the convex hull [resp. boundary] of K. We let 1xc: R — {0, +00} be the
indicator function of the set &, where ¢ (w) = 0 if and only if w € K. Finally, for any mathematical
statement £, we let g = 1 if £ is true, and 0 otherwise.

Appendix B. Efficient Gauge Projections using a Membership Oracle M,

In this section, we build explicit algorithms that use MEM¢ (see Definition 2) to efficiently approx-
imate 7¢ and its subgradients. As a result of this (and thanks to Lemma 6), we show that Gauge
projections can be performed efficiently for any bounded convex set C satisfying Assumption 1 using
a Membership Oracle—requiring only é(d) calls to the latter, where O hides log factors in the toler-
ated approximation error. Thanks to Lemma 6, Gauge projections have a very simple interpretation;
the projection of a point w ¢ C onto C is the point of intersection of the ray {\w : A > 0} and the
boundary of C (see Figure 1). Such a point always exists under Assumption 1. Gauge projections are
all we need to ensure the iterates of our new algorithms are within C thanks to the carefully designed
surrogate losses in Section 4.
Our starting point is Lemma 6. To prove it, we need the concept of a normal cone:

Definition 9 (Normal Cone) Let C C R? be a convex set. The normal cone of C at u € C is the set
Ne(u) ={seC:(s,w—u)<0,Vw e C}.

We also recall that ¢ denotes the indicator function of a set C (see notation in App. A). With this, we
now prove Lemma 6:

Proof of Lemma 6. Suppose that v¢(w) > 1 (note that by Assumption 1, we have ¢ (w) < 400).
Note that this is equivalent to w ¢ C by the definition of the Gauge function. We will show that
w/vc(w) € argmin, . yc(w — u), which is equivalent to showing that

w/rc(w) € axgmin {e(w —u) + ic(w)} = argmin {oc: (w — u) +1c(w)}

where the last equality follows by Lemma 42-(a). Thus, w/v¢(w) € arg min, e ye(w — u) if
0 € 9p(w/ve(w)), where o¢(u):=oco(w —u)+ tc(u). (11)

Using the sub-differential chain-rule and the fact that dic(u) = N (w) (see e.g. (Hiriart-Urruty and
Lemaréchal, 2004)), where N¢(w) is the normal cone at u (see Definition 3), we have

dp(u) = —doco(w — u) + Ne(u). (12)
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Let s, € Ooce (w — w/~e(w)). We will show that s, € Ne(w/~e(w)), where we recall that

Ne(w/ye(w)) = {s € R?: (s,y) < (s, w/yc(w)),Vy € C}, (13)

which will imply (11) thanks to (12). By Lemma 42-(b), we have s, € doce(w — w/ve(w)) =
Joco (w) = arg maxceo (8, w), and so by Lemma 42-(a), we get (s,, w) = o¢o(w) = yc(w). On
the other hand, by definition of the polar set C°, we have (s.,y) < 1, for all y € C. Using this and
the fact that (s., w) = vc(w), we get

Vy €C, (84,y) < 1= (s, w)/rc(w) = (s:,w/7c(w)).

Combining this with the definition of the normal cone N¢(w/~¢(w)) in (13), we get that s, €
Ne(w/~e(w)). This shows that s, € doco(w — w/ve(w)) N Ne(w/ve(w)), and so 0 €
0¢(w/~c(w)) by (12). This in turn implies that

w/ve(w) € argminye(w — u).
ueC

From this result and the definition of the proximity function S¢(w), we get

Se(w) = ve(w —w/ve(w)) = ve(w- (1 —1/7¢c(w))) = (1 = 1/vc(w)) - ve(w) = yc(w) — 1,
(14)

where the penultimate inequality follows by the current assumption that ¢ (w) > 1 and the positive
homogeneity of Gauge functions (Lemma 42-(b)). It remains to consider the case where y¢(w) < 1.
In this case, we have w € C, and so

Se(w) = inf ye(w —u) = ye(w —w) = 0. (15)

uecC
In combination with (14), (15) shows that S¢(w) = 0V (y¢(w) — 1), which is a convex function
(since it is the maximum of two convex functions). Finally, (14) [resp. (15)] shows that 0S¢ (w) =
arg maxXgcco (S, w) when w ¢ C(= ye(w) > 1) [resp. 0S¢c(w) = {0} when w € C]. [ |

As mentioned earlier, Lemma 6 shows the crucial fact that w/yc(w) € TIS (w), for any w ¢ C, and
so to perform approximate Gauge projections (which we need to build our efficient algorithms), it
suffices to approximate ~¢. We technically also need to compute approximate subgradients of S,
which according to Lemma 6 reduces to linear optimization on C°. Since we do not assume access
to a Linear Optimizer Oracle over C°, we will estimate subgradients of S¢ using our Membership
Oracle MEMg.

B.1. Approximating the Gauge Function . using M.
By definition of the Gauge function, we have for any w € R?
Yo(w) =1inf{\ € R>¢ | w € \C} = 1/sup{v € R>g | vw € C}. (16)

Using the Membership Oracle MEM¢, we can approximate the largest v > 0 such that vw € C via
bisection, which will lead to an approximation of v¢(w) by (16). This is exactly what we do in
Algorithm 2. We now state the guarantee of Algorithm 2 (the proof is Appendix H.1):
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Algorithm 2 GAU¢: Approximate Gauge Function using Membership Oracle and the Bisection

Method.

Require: Input (w,d) € B(6R/5) x (0,1) with R as in (1). e-Approximate Membership Oracle
MEMc¢(-; €) for C and € > 0 (see Definition 2).

Sete = 57“/(4%)2. // k=R/r, where r and R are as in (1)
if MEM¢(2w; €) = 1 or ||w]| < r/2 then
Return v = 0.
end if
Seta=0,8=2,and u = (a + f3)/2.
while 3 — o > §/(8x?) do
Set o = p if MEM¢(pw; €) = 1; and 5 = p otherwise.
Set u = (a+ f3)/2.
end while
Return 7 = (o — §/(8x2)) L.

R e A

_
e

Lemma 10 (GAU;: Approximate Gauge Function) Letr, R > 0 be as in (1). Forany § € (0,1)
and w € B(6R/5), the output ¥ = GAU¢(w; 6) of Algorithm 2 satisfies

Ye(w) <7 <ve(w) +96, if ye(w) >9/16 or > 1.

Furthermore, Alg. 2 calls the Membership Oracle MEMc (+; 78/ (41)2) at most [logy((4x)%/6)] + 1
times.

Algorithm 3 OPT¢o: Approximate Linear Optimization Algorithm on C°.
Require: Input point w € B(R) and § € (0,1/3).

1: SetEZ%,m:%,andugz 2’;}5// r and R are as in (1)

2: Sample u € Boo(w, v1) and z € By (u, v2) independently and uniformly at random.
3: fori=1,2,...,ddo

4:  Let w} and w; be the end point of the interval B (u,v2) N {z + Ae; : A € R}.

5: Set s5; = ﬁ(GAUc(w;;a) — GAUc(’wZ‘;E)). // GAU¢ is as in Algorithm 2
6: end for

7: Set 3 = (51,...,84) " and ¥ = GAU¢(w; §).

8: Return (7, 8).

B.2. Approximating the Subgradients of . using M;

In addition to approximating ¢, we will also need to approximate its subgradients, which would
then lead to approximate subgradients of the Gauge distance function S¢ by Lemma 6. The lemma
also implies that approximating subgradients of v¢ essentially comes down to performing linear
optimization on C°. Algorithm 3 (OPT¢.), which is based on (Lee et al., 2018, Alg. 2), uses GAU¢
and a random partial difference in each coordinate to approximate the subgradients of . In the next
proposition, we state the precise guarantee of the algorithm. The proof of the proposition, which is in

24



PROJECTION-FREE OCO VIA MEMBERSHIP ORACLE

Appendix H.2, is somewhat technical and relies heavily on existing results due to Lee et al. (2018)
that we restate in Appendix H.

Proposition 11 (OPT¢.: Approximate LOO on C°) Let k := R/r withr, R > 0 as in (1). For
any w € B(R) and § € (0,1/3), let (7,8) be the output of Alg. 3 with input (w,d). Then,
|3]|cc < o0 almost surely, and there exists a positive random variable A € [0,152d*k3672]
satisfying BE[A] < 6, and such that if ¥ > 1, then

ve(w) > ye(w) + (3, u — w) — A -max(1, |lul|/R), YueR?
<2+l s <2+ ana < (242)2 41 a7
oo = R T’ = R T’ an ~ , R T2'

R

Remark 12 (Complexity of OPT¢o) In the setting of Proposition 11, Algorithm 3 (OPT¢o) re-
quires 2d - ([logy((4k)%/e)] + 1) calls to the Membership Oracle MEMc(-;re/(4k)?), where
e = 126%/(103d"/2 R?), and one call to MEM¢ (-; 7/ (4)?). This follows by Lemma 10 and the fact
that OPT¢o makes 2 - d calls to GAU¢(+; €) and one call to GAU¢ (+;0).

In light of Remark 12, Proposition 11 implies that approximating the subgradient of 7¢ at a point
w € B(R) up to some random error A > 0 satisfying E[A] < §, requires only O(dIn(dr/d)) calls
to the Membership Oracle MEM¢. This means that the approximation error decreases exponentially
fast with the number of calls to MEM¢, which allows us to build our efficient projection-free
algorithms in Section 4.

Algorithm 4 OPT 4 ¢o: ‘One-Dimensional’ Stochastic Version of OPTco.
Require: Input point w € B(R) and § € (0,1/3).

. _ 283 VLT
1: Sete = 1Pd 2R a1z -

: Sample I € [d], u € Boo(w, v1), and z € Boo(u, v2) independently and uniformly at random.
: Let w’, and w; be the end point of the interval By (u, v2) N {z + Aej : A € R}.

: Set sy = ﬁ(GAUC(w’I;e) - GAUC(’U)];E)). // GAU¢ is as in Algorithm 2

: Set 4 = GAU¢(w;0) and § = dsy - e;.

: Return (¥, 8).

vy = ﬂ)id’and vy = // r and R are as in (1)

AN L AW

In some settings, calling a Membership Oracle 2(d) times per iteration might still be too
expensive. A way around this is to use a stochastic version OPT 4 co of OPT¢o that calls MEM¢
at most O(1) times and has the same output as OPT¢o in expectation. Algorithm 4, OPTiq,co,
achieves this by randomly sampling a coordinate I € [d] for estimating the subgradient of ¢ (Line 4
of Alg. 4) and using importance weights. We now state the guarantee of Algorithm 4 (the proof is in
Appendix H.3):

Lemma 13 Let ) € (0,1/3), w € B(R), and k = R/r, where r, R > 0 are as in (1). Further, let
(7,8) = OPTeo(w; 6) and (7,8) = OPT1q,co(w; ) (Alg. 4). Then, ||3|| < 400 a.s.; ¥ = 7, and if
4 > 1, it follows that

E[s] = E[3], and E[||5]*] <d-(1/r+3/R)>.
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Remark 14 (Complexity of OP T4 o) In the setting of Lemma 13, Algorithm 4 (OPT 4 co) re-
quires 2 - ([logy((4K)2/e)] + 1) calls to the Membership Oracle MEMc(+;re/(4k)?), where
e = r263/(103d"/2R?), and one call to MEM¢(-;6). This follows by Lemma 10 and the fact
that OPT1q o calls GAU¢(-; €) twice and GAU¢(+; 0) once.

Note that OPT 4 co randomly selects a single coordinate I along which to estimate the subgradient
of the Gauge function ~¢. Generalizing this idea to k& < d coordinates, one can build a version
of OPTyq,co, call it OPTyq co, that samples i € [[d/k]] uniformly at random and selects coordi-
nates {ik + j — 1 : j € [k]} N [d] along which to estimate the subgradients of . In this case,
OPT}q,co makes 6(1{) calls to the Membership Oracle and would lead to a natural trade-off between
computation (i.e. Oracle calls) and regret (see discussion in Section C.1).

Appendix C. Projection-Free Online and Stochastic Optimization (Detailed)

In this section, we provide the details of the online and stochastic optimization algorithms that we
omitted from §4 due to space. In §C.1, we consider the general OCO setting where the optimization
Oracle O¢o in Algorithm 1 is set to OPTyqco—the efficient stochastic version of OPT¢o. In
§C.2, we design a subroutine A (Alg. 5) such that Algorithm 1, instantiated with this subroutine,
achieves a logarithmic regret whenever the losses are strongly convex, while maintain a O(v/T)
regret in the worse case. In §C.3, we formally define the stochastic optimization setting and design a
corresponding subroutine A which, together with Alg. 1, lead to a final algorithm that adapts to the
noise and smoothness of the objective function.

C.1. A More Efficient Algorithm for General OCO
We now state the guarantee of Alg. 1 with O¢o = OPT 4 ¢o (the proof in in Appendix 1.3):

Theorem 15 Let ¢ € (0,1/3) and k := R/r, with r and R as in (1). Let (¢;) be any adversarial
sequence of convex losses on C and (x;) be the iterates of Alg. 1 in response to ({;). Further, let
g, € 0ls(xs), s > 1. If Alg. 1 is run with subroutine A set to FTRL-prox (Alg. 8) with parameter R;
Oco = OPT1qco; and 6; = 6 /1%, t > 1, then (x¢) C C and

T T

Yo €€, S Ellgne - @)] < 4R (1+d- (s + ) S Ellgdl?] + 607 - [maxa]]
t=1 t=1

(18)

The instance of Algorithm 1 in Theorem 15 invokes OPT14 ¢o (-; &;) at each iteration ¢. Thus, in light
of Remark 14 in App. B, the algorithm makes at most O(T In(dT'x /) calls to the Membership Oracle
MEM¢ after T' rounds. We also remark that our choice of tolerance sequence (d;) in Theorems 8
and 15 is too conservative, requiring the Membership Oracle to be more accurate than necessary to
achieve a O(v/T) regret. In fact, our choice of (d;) in Theorems 8 and 15 ensures that the errors
involved in the approximations of the subgradients of the surrogate losses add up to a lower order
term in the regret bound; i.e. the right-most terms in (9) and (18). We can choose a larger sequence
of tolerances as long as the sum of the approximation errors is of order O(v/T). Next we derive a
high probability regret bound for Algorithm 1 and show that one can pick d; as large as O(t_l/ 2.
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High Probability Regret Bound. We will now derive a high probability regret bound for Algorithm
1 where Oco = OPT14c0 (Alg. 4) and A is set to FTRL-prox. For the sake of simplicity, we will
assume that the losses are B-Lipschitz (see (20)). Technically, this condition is not needed to
derive the result in our next theorem (up to log factors in the regret), but we make it to simplify
the probabilistic argument we follow in the proof of the latter. We note that the algorithm does not
require knowledge of B.

Theorem 16 Let § € (0,1/3), B > 0, and k = R/r, with r and R as in (1). Let ({;) be
any adversarial sequence of B-Lipschitz convex losses on C and (x;) be the iterates of Alg. 1 in
response to (g, € 0li(xy)). If Alg. 1 is run with subroutine A set to FTRL-prox with parameter
R; Oco = OPTyqce (Alg. 4); and 6, = §/t71/2 t > 1, then (x;) C C and for all p € (0,1),
T > dIn(1/p), and x € C,

T

P | (g, @ — @) < 8RB(k+ 6)\/dT(3+ 2In(1/p)) + 2dBR(2k + 26 + 36vVT/p) | > 1—p.
t=1

The proof of the theorem is in Appendix 1.4. Once again, the instance of Algorithm 1 in Theorem 16
requires only O (T In(T'dk/§)) calls of the Membership Oracle MEM¢ (see the discussion proceeding
Theorem 15).

Optimality of the bounds and computational trade-offs. All the regret bounds in Theorems
8-16 have an optimal dependence in T'. As for the dependence in d, we see that the regret bounds
of Algorithm 1 in the settings of Theorems 15 and 16 can be improved by a factor of O(v/d) when
making O(d) calls to MEM¢ per round (as in the setting of Theorem 8) or O(1) calls to a Separation
Oracle for C, if available. We also note that OPT 4 co (Alg. 4), which is used in the settings of
Theorems 15 and 16, randomly selects a coordinate in [d] and estimates the subgradient of ¢ in
that coordinate’s direction. A version of this algorithm, call it OPTq co, that samples i € [|d/k]]
uniformly at random and selects coordinates {ik + j — 1 : j € [k]} N [d] to estimate the subgradients
of 7¢ would lead to a regret bound for Algorithm 1, with Oco = OPTq ¢o, of order O(\/dT'/k),
while making é(k) calls to MEM¢ per round. This leads to a natural trade-off between computation
(Oracle calls) and regret.

Finally, we note that there is another potential dependence in d in the regret bounds through
the asphericity . In Section F, we bound this quantity for the popular settings listed on Table 1.
We are able to show that  is often less than d*/2 in many settings. Nevertheless, we note that « is
present in our bounds because of our pessimistic upper bounds on the norms of the subgradients of
the surrogate losses; i.e. [|g,|| < (1 + At + k)]|g,||, for all ¢ > 1 (see Lemma 7). In fact, we do not
expect the magnitude of (g,) to be often much larger than that of (g, ) in practice; recall that g, # g,
only if the iterate w; of the subroutine A is outside C.

Implications for the stochastic and offline settings. The results we presented so far are also
relevant in the stochastic and offline settings thanks to the online-to-batch conversion technique
(Cesa-Bianchi et al., 2004; Shalev-Shwartz et al., 2011). In the latter settings (which we describe
in more detail in Section C.3), the losses (¢;) are i.i.d. and satisfy E[¢;] = f for some fixed convex
function f: C — R. Thus, if we let Regret(-) be the regret of Algorithm 1 in response to (¢;) and

27



MHAMMEDI

x4 € argming f(), then the average iterate Zp of Alg. 1 after T' rounds satisfies

Regret,(x.)

) _ (01 &
E[f(&r)] — inf f(x) < TZE[&(%) — b)) < —

zeC (19
t=1

where () follows by Jensen’s inequality and the fact that «; is independent of ¢;. Plugging the regret
bounds of Alg. 1 in the settings of Theorems 15-16 into (19) leads to a O(+/dr?/T) rate in stochastic
and offline optimization, which is optimal in 7. Therefore, Alg. 1 in the latter settings requires
5(dn2 /€2) calls to the Membership Oracle to attain an e-suboptimal point in offline optimization.
Thus, whenever d > (k2 /€?), our algorithm is a viable alternative to those based on the cutting
plane method, which require at least O(d? In(1/¢)) calls to a Membership Oracle to achieve the same
guarantee.

When the objective function f is 3-smooth our adaptive bounds® in Theorems 8 and 15 together
with an extension of the online-to-batch conversion analysis (Cutkosky, 2019, Corollary 6) automat-
ically imply a rate of O(3x2/T + or/\/T), where o2 is the variance of the stochastic noise (see
Section C.3 for a precise definition). Thus, in the offline setting (i.e. ¢ = 0), our algorithm achieves
the fast O(3x2/T) rate without knowing the smoothness parameter 3. In Section C.3, we show how
this rate can be improved further.

C.2. Algorithm for Strongly Convex Online Optimization

In this section, we will build a subroutine A for Algorithm 1 that will enable the latter to ensure a
logarithmic regret when the losses are strongly convex, while maintaining the worst-case O(\/T )
regret up to log-factors. The subroutine in question is displayed in Algorithm 5. This subroutine is
based on an exiting reduction due to Cutkosky and Orabona (2018) with the following key differences;
I) we perform clipping of the subgradients (g,) in Alg. 5; IT) we slightly change the expression of
the variables (Z;) in Line 8 of Alg 5; and III) we use FreeGrad, a parameter-free OCO algorithm
(Mhammedi and Koolen, 2020), as the underlying OCO subroutine. These differences will allow
us to make our final algorithm scale-invariant in the sense that multiplying the losses by a positive
constant does not change the outputs of the algorithm. Crucially, the algorithm does not require any
prior scale information on the losses unlike many existing OCO algorithms (see e.g. (Mhammedi and
Koolen, 2020)).

2. The rate O(1/ ﬁ) is optimal when no further assumptions on f are made (other than convexity).

3. Adaptive in the sense that they scale with y/>°/_, ||g,||2 instead of v/T".
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Algorithm 5 Subroutine A for Algorithm 1 for Strongly Convex Online Optimization.
Require: Parameters ¢, R > 0, with R as in (1) and OCO Algorithm FreeGrad (Alg. 9). Input
(x¢, f;) from the Master Algorithm 1 at each round ¢ > 1, where x; € R? and ft: RY — R.

1: Initialize FreeGrad with parameters ¢, R > 0, and set ug to FreeGrad’s first output.

2: Set By = €; Zo = 2¢%; and vy = 0.

3: fort=1,2,... do

4 Play wy = utyq + vy/Z; and observe g, € th(wt). // f¢ is specified by Alg. 1

5: Set Bt = Bt—l vV ||gt|| and gt = gt . Bt—l/Bt-

6:  Send linear loss w +— (g,, w) to FreeGrad as the ¢th loss function.

7. Setuy; € B(R) to FreeGrad’s (¢t 4 1)th output given the history ((w;, w — (g;, w)))i<¢.

8: Set Z; = Zi 1 + HQtHQ + Bg - Btz_l and vy = Vi—1 + ||gt||233t.
// x¢+ 1s specified by Alg. 1

9: end for

The underlying subroutine FreeGrad is displayed in Algorithm 9 in Appendix G. The key feature
of FreeGrad that allows us to adapt to strong convexity is that its regret is bounded from above
by O(||w||v/V7), up to log-factors in |jw| and Vi, where Vo = "1 |lg,||* and (g,) are the
observed subgradients at the iterates of the algorithm (the precise statement of the regret bound
is differed to Appendix G). Thus, similar to FTRL-prox, FreeGrad also has an adaptive regret that
can be much smaller than the worst-case O(+v/T'); e.g. when the losses are smooth (Srebro et al.,
2010a). Furthermore, FreeGrad’s regret bound scales with the norm of the comparator ||w||, and
thus becomes small for comparators close to the origin. This property will be crucial to prove a
logarithmic regret for strongly convex losses (Cutkosky and Orabona, 2018).

To simplify the analysis, we will state our result for B-Lipschitz losses (¢;) which are those that
satisfy, for all t > 1 and g, € 0¢;(x):

lg:ll < B (20)
We also recall that (¢;) are u-strongly convex, for p > 0, if forallt > 1, & € C and g, € 9;(x):
Yy €C,  li(y) = li(x) + (g, y — ) + pllx — yl*/2,

where || - || is the Euclidean norm. With this, we now state our main result for this subsection (the
proof is in Appendix 1.5):

Theorem 17 Let 1, B > 0, 6 € (0,1/3), and k := R/r, where r and R as in (1). Suppose that
Algorithm 1 is run with Oce = OPTyqco (Alg. 4); 6y = §/t2, ¥t > 1, and sub-routine A set to
Alg. 5 with parameter € > 0. Then, for any adversarial sequence of convex [resp. p-strongly convex]
B-Lipschitz losses (¢;) on C the iterates (x;) of Algorithm 1 satisfy (x;) C C, and for all T > 1 and
x € C, we have,
T
> E[t(;) — f(x)] < UrRBVT + RBUZ /v, 1)
t=1

)

d R B )
resp. ;E[ﬁt(mt) —lU(x)] < (1/ + 2#) BU#

where Up = O (vd*?In(e + “LBY)) v .= 1/(R A1) + K + 0; and g, € Oly(zy), Vt > L.
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We note that the instance of Algorithm 1 in the preceding theorem automatically adapts to the strong
convexity constant ;. > 0 of the losses (¢;), where it achieves a logarithmic regret. For general
convex losses, the algorithm ensures the optimal worst-case O(+/T) regret up to log-factors.

Computational Complexity. The instance of Algorithm 1 in Theorem 17 makes the same number
of calls to the Oracle OP T4 co as in the setting of Theorems 15 and 16. Thus, this instance makes at
most O(T In(dkT'/¢)) calls to the Membership Oracle MEMc. Further, we note that the sequence
(6¢) may be set to 6; = §/ =172 [resp. 0; = d&;/t], for all ¢ > 1, for general convex [resp. strong-
convex] functions, allowing the Membership Oracle MEM¢ to be less accurate while maintaining the
same regret bound as Theorem 17 up to constant factors (see discussion after Theorem 15). Finally,
we restricted the losses to be B-Lipschitz in Theorem 17 only to simplify the proofs—the algorithm
need not know B.

Scale-invariance. Though the instance of Alg. 1 in Theorem 17 does not require a bound on the
norm of the gradients (an information typically required by other OL algorithms (Orabona and Pal,
2016)), the algorithm is not scale-invariant; multiplying the sequence of losses (¢;) by some fixed
constant changes the iterates () of the algorithm. In general, this is an undesirable property for OL
algorithms (Orabona and Pal, 2016).

Note also that the regret bound in Theorem 17 can technically be unbounded due to the fraction
B/e in the expression of Up. This fraction can be arbitrarily large if € (a parameter of the algorithm)
is too small relative to the Lipschitz constant 5. Such a problematic ratio has appeared in previous
works such as (Ross et al., 2013; Wintenberger, 2017; Kotlowski, 2017; Mhammedi et al., 2019;
Kempka et al., 2019). To tame such a ratio, Mhammedi et al. (2019) and Mhammedi and Koolen
(2020) presented a technique for certain OCO algorithms, such as MetaGrad (Van Erven and
Koolen, 2016; Van Erven et al., 2021) and FreeGrad, based on the idea of restarting these algorithms
whenever the ratio between the maximum norm of the observed subgradients and the norm of the
initial subgradient is too large. In Appendix E, we extend this technique and present a general
reduction (Algorithm 7) that makes a large class of Online Learning algorithms (including the
instance of Alg. 1 in the setting of Theorem 17) scale-invariant and gets rid of problematic ratios in
their regret bounds.

Optimality and link to stochastic optimization. The regret bounds in Theorem 17 are optimal
in T'. For the dependence in d in the regret bounds, the computational trade-offs, and the link to
stochastic and offline optimization, see the discussion at the end of Section C.1.

C.3. Efficient Projection-Free Smooth Stochastic Optimization

So far, we have mainly considered the setting where (¢5) is a sequence convex losses that may be
chosen in an adversarial fashion, and the goal was to choose a sequence of iterates (x;) C C such
that the cumulative loss Zthl ¢¢(x;) is small. In this subsection, we are interested in minimizing a
fixed convex differentiable function f : C — R, with only access to a Stochastic Gradient Oracle for
the function f. Formally, we assume there exists a o > 0 such that for any round ¢ > 1 and some
query point x; € C, we have access to a subgradient g, € 9/(x;), where

ls(x) = f(x) + (x, &), (22)
and (€, € R?) are i.i.d. random vectors satisfying
El¢,] =0 and E[|£,[*] <o® Vs>1. (23)
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We will also assume that the function f is S-smooth; that is, f is differentiable* on C and

Yoy e C f(y) < f(@)+ (Vi()y @)+ Dy el @)

It will be instrumental to use the following consequence of (24) (see e.g. (Srebro et al., 2010b; Levy
et al., 2018; Cutkosky and Busa-Fekete, 2018)); if f is S-smooth, then |V f(x) — V f(x.)||?> <
26 - (f(x) — f(x+)), where x, € argming. f(x). Thus, when «, is in the interior of C, we have
Vf(x.) = 0, and so it follows that

IVf(@)|]* <28 (f(x) = f(m)). (25)

For the sake of clarity, we now summarize the assumptions we make on the loss process in this
section:

Assumption 2 The sequence ({5) in Algorithm 6 satisfies (22) with I) &1, &5, - -- € R i.i.d. vectors
as in (23); and Il) f is B-smooth, for B > 0, and satisfies int(C) N arg ming. f(x) # 0, where
int(C) denotes the interior of C.

Without loss of generality (by making R larger if necessary), we assume that there exists R’ < R
such that:

B(r) CCC B(R)CB(R)/(1+v), where v:=4vV2(1+k), and k:=R'/r. (26)
We now state the main result of this section (the proof is in Appendix 1.6):

Theorem 18 Let § € (0,1/3), and v, R, R', v, and k be as in (26). Further, suppose that Alg. 1
is run with Oge = OPTeo (Alg. 3); 6; = 5/753, YVt > 1, and sub-routine A set to Alg. 6 with input
¢ > 0. Then, under Assumption 2, the iterates (x;) of Alg. 6, satisfy (xy) C C, and forall T > 1,

E[f(ZBT) . f(iL'*)] < 2V€R’—|—I/2ﬁ(R/)2UT+:;§2R(IHT+6)\/OW N 2VR\/;_T UT’

where T, € argmingce f(x) and Up == In (14 2e7%(o? + 2R'B)T?).

The proof of Theorem 18 is based on an extension of a result due to Cutkosky (2019). The instance
of Algorithm 1 in Theorem 18 invokes OPT¢o (+; d;) at each iteration ¢. Thus, in light of Remark 12
in App. B, the algorithm makes at most O(dT In(dT'k/¢) calls to the Membership Oracle MEM¢
after T" rounds.

Optimality of the rate and application to the offline setting. The rate in Theorem 18 is optimal
in T and implies the fast O(3x?/T?) rate in the offline smooth setting (i.e. ¢ = 0), which is also
optimal in 7. Thus, Algorithm 1 in the setting of Theorem 18 reaches an e-sub-optimal point
in offline smooth optimization after O(dk/+/€) calls to MEM¢. Since state-of-the-art algorithms
based on the cutting plane method require O(d?In(1/¢)) calls to a Membership Oracle to reach
an e-sub-optimal point (Lee et al., 2018), our algorithm provides a viable alternative to the latter
whenever d > (k/+/€) and the objective function is smooth. As we shall see in Section F, « is less

4. To avoid boundary issues, we assume (similar to (Hiriart-Urruty and Lemaréchal, 2004, Section B.4.1)) that C is
contained in a open set §2 on which f is differentiable.
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than v/d in many settings of interest. We also recall that the presence of & in our bounds is due to an
over conservative upper bound on the norms of the subgradients of the surrogate losses, and so we
expect the rates of our algorithms to scale better with d in practice.

Algorithm 6 Subroutine A for Algorithm 1 for Stochastic Convex Optimization.

Require: r, R, R, v, and « as in (26). Input ¢ > 0. Input (¢, f;) from the Master Algorithm 1 at
each round ¢t > 1, where z; € R% and f;: R — R.

Initialize FTRL-prox with parameter R’ > 0 and set u; = O (i.e. FTRL-prox’s first output).

1:

2: Set Ay = 0; Zy = €2; and w; = 0.

3:fort=1,2,... do

4:  Output wy and observe g, € dfy(wy). // fi is provided by Alg. 1

5. Setuyy1 € B(R') to FTRL-prox’s (¢ + 1) output given the history (u;, w + i(g;, w))i<;.
6: SetZy = Zi_1 + Mi||g,||? and my = vR' [/ Z;.

7: Set Ajyy1 =AM +t+1and ppy 1 = (t + 1)/At+1.

8:  Setwir1 = (1 — pyy1) (@t — Mmgy) + Met1Wes1. // T is provided by Alg. 1

9: end for

Appendix D. General Regret Reduction

In this section, we state and prove a regret bound for Algorithm 1, when A is a general OCO
algorithm.

Proposition 19 Ler§ € (0,1), B > 0, T > 1, and A be the sub-routine of Algorithm 1. Suppose
there exists a function R : C x U,?ileXt — R>q such that for any adversarial sequence of convex
losses (ft) on C, the iterates (w;) of A in response to (fi), and the subgradients V; € 0 fi(w;),
t € [T), satisfy

T
Z(Vt,'wt —x) < RNz, Vi.r),Ve € C,
t=1
as long as || V|| < (1+ % + k) B, forallt € [T). Then, for any adversarial sequence of B-Lipschitz
convex losses ({y), the iterates (xy) of Alg. 1 with tolerance sequence 0 = t%, and the subgradients
g, € 0l (xy), satisfy

Vo € C, YL (g — @) < RN, g10) + (44 22T) BB
and Yt € [T], g, < (1 + 6/t +K)B

P >1-2p,

forall p € (0,1) and (g,) as in Algorithm 1.
Proof By Lemma 7, we have, forallw € Candt > 1,
(g, @0 — ) < (g4, wr — ) + (20 + Ar)R|| gy, 27

where Ay > 0 is a non-negative random variable satisfying E;_1[A;] < §;. Thus, by the law of total
expectation and Markov’s inequality, we have

P[A; > £26,/p] < p/t*.
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Let &7 be the event that {A; < t26,/p,Vt € [T]}. By a union bound and the fact that 72, 1/t? < 2,
we get that P[E7] > 1 — 2p. For the rest of this proof, we will condition on the event £7. We have,
by our choice of (d;),

T

d d 9 0InT
D A< Phifp=23 6/(pt) < ——. (28)
t=1 t=1

t=1

Also, note that by Lemma 7 (and the fact that &7 holds), we have,
194l < (1 + Ar+ w)llgell < X+ 6/t +K)llg,ll < (1 + 0/t + K)B, (29)

where the last inequality follows by the fact that ¢; is B-Lipschitz. Now, by summing (27) for
t=1,...,T, we obtain, for all z € C

T T

T
Z(gta Ly — $> S Z<gt7 w — $> + 2(2515 + At)RHgtH7
t=1 t=1 t=1
T
< RA(@, grg) + ) (20 + Ar)Rl|gy ), (30)

t=1
< RA(®,91,4) + (4 +55/pIn(T)) RB,

where (30) follows by (29) and the assumption made about the regret of Algorithm A, and the last
inequality follows by (28) and the fact that ¢; is B-Lipschitz. |

Appendix E. Algorithm Wrapper for Scale-Invariance

In this appendix, we extend the technique of Mhammedi et al. (2019); Mhammedi and Koolen
(2020) by presenting a general reduction (Algorithm 7) that makes a large class of Online Learning
algorithms scale-invariant and gets rid of problematic ratios in their regret bounds. In particular,
we will consider all Online Learning algorithms whose regret bound can be expressed as a map
R:Cx UtZﬂRdXt xR — R such that for any comparator = and sequence of observed subgradients
(V4), the regret of the algorithm after ¢ > 1 rounds is bounded from above by R(x, V1.7, Li/€),
where € > 0 is a parameter of the algorithm and L; := € V max;¢[7] || V¢/|. We note that so far we
have not restricted the class of eligible algorithms by much. We will further require the following
monotonicity property, which is satisfied by most popular Online Learning algorithms:

R(u,gy.5,0) < R(u,gy1.4,q), forallp <gq,s <t,uecCand(g,) C R, 3D
With this, we now state our reduction result for scale-invariance:

Proposition 20 Let A be the sub-routine of Algorithm 7. Suppose there exists RA satisfying (31)
and such that for any adversarial sequence of convex losses (f;) on C, the iterates (x;) of A in
response to ( f;) satisfy

t
x1 =0 and Z(Vs,ms —x) < SRA(a:,VLt,Lt/e), vVt > 1,Vx € C, (32)

s=1
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Algorithm 7 Scale-Invariant Wrapper via Restarts.
Require: OCO Algorithm A on C taking parameter € > 0.

1: Initialize 7 = 1, ] = 0, and Sy = By = 0.

2: fort=1,2,... do

3:  Play y, = @] and observe g, € 9/,(y,).

4 Set By = B;_1V ||gt|| and Sy = S;_1 + ||gt||/Bt. // With the convention that 0/0=0
5. if By = 0 then

6 Set Y11 = Yy

7 Continue. // play the zero vector until the first non-zero subgradients
8 else if B;_1 = 0 then

9 SetT =t.// (B:/Br > S:) = (B/B- >3 _ |lg.ll/Bs)

10: Initialize A with parameter e = B;. // 7 is the new ‘round 1’

11:  end if

12:  Send linear loss w — (g;, w) to A.

13:  Setx], ; toA’s (t + 2 — 7)th output given history ((z],w — (g;, w)))r<i<i-

14: end for

where € > 0 is a parameter of A; V5 € 0fs(xs), for all s € [t]; and Ly = €V max,cpy ||Vs||. Then,
for any adversarial sequence of convex losses (1), the iterates (y,) of Algorithm 7 in response to

(4y) satisfy
T
Z<gt7 Yy — (L’) S 2UQA(:ngl:T7jj) + 4RBT7 vT Z 17V$ € Ca
t=1

where gy, t € [T, is any subgradients in 0¢;(y;) and By = € V maxycr ||gs |-

Proof of Proposition 20. We say that 7 = ¢ is the start of an epoch of Algorithm 7 if the condition
in Line 8 is satisfied. We use the convention that the “last epoch” starts att = T 4 1. Let 7 < ¢ be
the start of two consecutive epochs. Then, by the condition on Line 8 of Algorithm 7, we have

t—1 t
Bi1/B; <> |lgyll/Bs<t—1, and B;/Br > |g,ll/Bs. (33)
s=1 s=1

Recall also that at round s = 7, sub-routine A is initialized with ¢ = B;. Thus, by our assumption in
(32), we have T = 0 and

t—1 t—1
2
Ve eC, > (ghyi—x) = (Y, 0.) + > (9,2 —x) < (Y,,9,) + RA(®, gro1, Bior/e),

S=T S=T
< RB: + RA("LgT:t—lﬂt - 1)7
< RBr+®z.g91.0,T), (34)
where the last inequality follows by the fact that R* satisfies (31). If there are two epochs or less,

summing (34) across the epochs leads to the desired result. Now suppose that there are more than
two epochs, and let 7 [resp. t] be the start of the ante-penultimate [resp. penultimate] epoch (recall
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that the last epoch starts at T' + 1 by convention). By (34), the regret across these two epochs is
bounded as

T
S g,y — @) < 2RBr + 2R, 911, T). (35)

S=T
We will now bound the regret across the earlier epochs. We have

7—1

7—1 7—1 t
(33)
S lgiy — =) <2RY |lg.l| <2RB. Y ”f’};‘ <2RB. Y ”;"BS” < 2RB, < 2RBr. (36)
s=1 s=1 s=1 S s—1 S
Combining (35) and (36) leads to the desired result. |

Appendix F. Applying the Projection-Free Reduction in Practice

In this section, we consider various popular settings where our algorithm may be applied. We note
that Assumption 1, i.e. the condition that B(r) C C C B(R) may not always be satisfied in these
settings, but one can easily reparametrize the problem to satisfy the condition. We will derive explicit
reparametrizations for the popular settings studied in (Hazan and Kale, 2012; Jaggi, 2013) (those in
Table 3). But, first we will present a general reparametrization recipe.

Suppose that the available losses (f;) are defined on a convex set L C R? that does not
necessarily satisfy (1) (e.g. if X has an empty interior like the simplex). Further, suppose that we
have a Membership Oracle M for I and a subgradient Oracle for (f;). We will show that one can
easily reparametrize the problem on a set C satisfying (1) and whose Membership Oracle can easily
be constructed from that of K.

Let H be the subspace generated by the span of C; that is, H := {\xz : A € R and € convK}.
Further, let (u;)1<i<m, m < d, be an orthogonal basis of H (this can be computed offline once for
the given problem), and let ¢ be a point in the relative interior of K. Then, one can work with the
surrogate losses /; : R™ — R U {400} defined by

lo(x) = fele+ Y0 vuy), ife+ >0 zu; € K;
! ~+00, otherwise.

The convexity of ¢; follows immediately from that of f;. We also note that since ¢ was chosen
in the relative interior of /C, there exists , R > 0 such that the domain C C R™ of ¢; satisfies
B(r) € C C B(R); that is, Assumption 1 is satisfied. We now show that a Membership Oracle
for C [resp. subgradient Oracle for ¢;] can easily be constructed from a Membership Oracle for
[resp. subgradient Oracle for f;].

Starting with the Membership Oracle: for any & € C, a Membership Oracle M¢ for C can be
implemented as Mc¢(x) = Mx(c+ > ", u;z;). Now, given a subgradient Oracle for f;, it is
also easy to get a subgradient Oracle for ¢;; for any « € R™ such that y == >, w;z; € K, we
have 94, (x) = {>°1" 1 (ui, Q)u; : ¢ € df:(y)}. Using this method, one needs to perform O(md)
arithmetic operations at each round to compute a subgradient of ¢;. It is possible to avoid this
computational overhead by, instead, using a finite difference approach for estimating subgradients of
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Domain C Operation Required by Computational Complexity of
LOO O¢(x;-) MO Mec(z;-) LOO Oc¢(+;0) MO Mc(+;9)
¢y-ball in R [zlq [zl 0(d) 0(d)
Simplex A, € R? |z || oo (1, x) O(d) O(d).
Trace-norm-ball in R™*" llz]lop EG] O(nnz(x) /) Cost(SVD)
Op-norm-ball in R™*" |ESI lz||op Cost(SVD) O(nnz(x) /)
Conv-hull of Permutation ejxl=1; . 3 5
Matrices in R™*"™ ezl = LW O(n”) O(n?)
Convex-hull of Rotation
Matrices in R" <" Cost(SVD) Cost(SVD)
PSD matrices in R™*"™ Amin ()
with unit trace Ama (2) tr(x) O(nnz(z)//3) O(nnx()/V/6)
PSD matrices in R™*™ Amin () /73755
with diagonals < 1 maxX;e|n](Tii) O(mnz(z)+/n?/6%)  O(nnx(@)/V5)
The flow polytope with ~
(#nodes, #edges)=(d,m) O(d +m) O(d+m)
The Matroid polytope for ~ O(d®Cost(Zar)
Matroid M; #elem.=d O(dCost(Zn)) +d%)

Table 3: Computational complexity of performing linear optimization [resp. testing membership]
for different sets of interest. O¢ [resp. M¢] denotes a Linear Optimization Oracle (LOO)
[resp. Membership Oracle (MO)]. 6 > 0 represents the allowed Oracle error (see Section
2). We hide any logarithmic dependence in 1/9. Cost(SVD) [resp. Cost(Z,;)] represents
the computational cost of performing SVD [resp. testing if a set is independent in M (see
Section F)]. For x € R™*™, nnz(x) represents the number of non-zeros of . The details
for the computational cost of the Linear Optimization Oracles listed can be found in (Hazan
and Kale, 2012; Jaggi, 2013). The details for the Membership Oracle complexities can be
found in Section F.

£;, requiring only 2m calls to a value Oracle for f; per round. Lemma 29 provides the means for
doing this”.

We now show that in many popular settings there are natural parametrizations that do not
require any expensive pre-processing step such as identifying a basis for the span of H. In Table 4,
we summarize the upper bounds we derive on the asphericity « for different sets of interest after
reparametrization. In Table 3, we summarize the computational complexity of a Membership Oracle
for these sets.

F.1. /,-Norm Balls

Consider the setting where the losses are defined on C = {x : ||z||, < 1}. In this case, the span of
C is R? and we can pick ¢ = 0. For 1 < p < 2 Assumption 1 is satisfied with = d'/2~1/? and
R = 1; this follows by the fact that the £, norm satisfies ||| < ||z||, < d*/P~1/?||z|,Vx € R%.
When 2 < p Assumption 1 is satisfied with » = 1 and R = dr/2=1/p Thus, in either case, the
asphericity is

k=R/r< dl/r=1/2l,

5. Technically, Lemma 29 provides a way of approximating the subgradients of a function whose domain is unconstrained.
However, one can extend the result to the constrained case by a careful treatment of the region around the boundary of
the set.
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Domain Upper bound on & post-reparametrization
{,-ball in RY d/P=1721 O (dV/P=1721) where C c R?
Simplex Ay € RY 2d O(d), where C C R?
Trace-norm-ball in R"**" vVmAn  O(d'*), where C ¢ R?
Op-norm-ball in R™*" vmAn  O(d'*), where C ¢ R?
Conv-hull of Permutation Matrices in R™*" NG O(d'/?), where C C R?
Convex-hull of Rotation Matrices in R™*" 2n1/? O(d'/*), where C C R?
PSD matrices in R"*™ with unit trace 8n? O(d), where C C R?

PSD matrices in R"*" with diagonals < 1 4n3/? O(d**), where C C R?

The flow polytope with (#nodes, #edges)=(d,m) Problem dependent

The matroid polytope for matroid M ; #elem.=d Problem dependent

Table 4: Upper bounds on the asphericity « for the different settings of Table 3 after reparametriza-
tion.

and there is no need to reparametrize. The operation needed for the Membership Oracle is simply
computing ||z||,, whereas linear optimization on C° amounts to evaluation the dual norm ||«
where 1/q + 1/p = 1 (Jaggi, 2013).

q»

F.2. Simplex A,

Let d > 1 and consider the setting where the losses (f;) are defined on the simplex Ay == {x €
R‘io :1Tx = 1}. Since A4 has an empty interior, it does not satisfy Assumption 1. However, we
can easily reparametrize the problem to ensure Assumption 1.

Letc = (% + ﬁ)ed + Zf;ll %ei and consider the sequence of reparametrized losses (¢;) given

by
l(x) = fi (c—|— JT$) , t>1, where J:= [Id_l —1} e R4, 37

For any ¢, the function ¢; is convex and defined on the set

1 1
C = {wGRd_l:xi>—2danlem< —I—}- (33)

1
2 2
We now show that for this reparametrized setting, Assumption 1 holds with » = 1/(2d) and R = 1,

which implies a asphericity of k = R/r < 2d:

Proposition 21 The set C in (38) satisfies B(1/(2d)) C C C B(1).

Proof Note that the vertices of the set C are v, ..., vy, Where
Vield—1, vi=e— > 2. and vg=- Y 2
AR 2d’ , 2d’
j€ld—1] jeld—1]

Since v; € B(1) for all i € [d], we get that C C B(1). We now show that B(1/(2d)) C C. For this,
we need to find the point w in the boundary of C that is closest to the origin. This point must be the
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orthogonal projection of the origin onto one of the (d — 2)-dimensional faces of C; there are d-many
such faces corresponding to one of the inequalities defining C being satisfied with equality. Thus, u
must satisfy one of the following:

tu= (dT11 - 2%1) > icid—1] €i-
* Ji € [d— 1], such that u = — 2.

In all cases, we have ||u|| > 1/(2d), and so this shows that B(1/(2d)) C C. |

It is clear from the definition of the set C that the operations required to test the membership of
a point € RY~! are T) computing (1, x); and II) evaluating z;, for i € [d — 1]. Therefore, the
corresponding computational complexity is O(d). We now show how to build a subgradient Oracle
for the reparametrized losses (¢;). By the chain-rule, g is a subgradient of ¢; at « if and only if
g = J¢, for ¢ € Ofi(c+ J x). Here, J¢ can be evaluated in O(d).

F.3. Trace and Operator Norm Balls

Trace norm ball. Letm,n > 1, s :== m A n, and consider the setting where the losses are defined
on the trace-norm ball C := {& € R™*"™ : }~? | o;(x) < 1}, where o1 (x) > --- > o4(x) are the
singular values of « in non-increasing order. Implementing a Membership Oracle M. for C requires
computing the sum of singular values of a matrix 2, and so the computational complexity of Mg is
at most that of performing SVD. Since the trace-norm || - || satisfies

1 S
—lzle < | > 0i(@)? < |,
\/g i=1

and />, 0s(x)2 = \/tr(xz ) = ||| is just the Euclidean norm on R™*" (|| - || denotes the
Frobenius norm), we have that Assumption 1 is satisfied with r = 1 and R = +/m A n, and so the
asphericity is K = v/m A n.

Operator norm Ball. Let m,n > 1, s :== m A n, and consider the setting where the losses are
defined on the operator-norm ball C = {x € R™*" : gi(x) < 1}, where o1(x) > --- > o4(x)
are the singular values of . The operator norm || - ||op is the dual to the trace-norm || - [|. Since
|| ||op is the largest singular value of &, we have ||z||op < ||Z|F < v/s||2|op, and so Assumption 1
is satisfied with r = (m A n)_l/ 2 and R = 1. Implementing a Membership Oracle for C requires
computing the largest singular value of a given matrix «. It is possible to approximate the largest
singular value up to error & using O(nnz(z)/+/§) arithmetic operations, where nnz(z) represents
the number of non-zeros of x (Jaggi, 2013, Proposition 8). That is, the complexity of implementing
a §-approximate Membership Oracle Mc(-; §) (see Definition 2) is O(nnz(z)/v/9).

F.4. Convex-hull of Permutation Matrices

We now consider the setting where the losses (f;) are defined on the convex-hull of permutation
matrices, also known as the Birkhoff polytope K = {x € R%” cejxl =e/z'1l = 1}

Assumption 1 is not satisfies since the Birkhoff polytope has an empty interior. However, as we did in
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the case of the simplex, we can easily reparametrize the problem to satisfy Assumption 1. We assume
that n > 1. Before presenting the reparametrized losses, we first introduce some notation. Let

. 1 1 1 1 €ij
C = Z <2+2n) €in + Z <2+2n> €nj + Z on’
1<i<n 1<j<n 1<i,j<n

and for any & € R"~1*"~! define the matrix & € R™*" such that

) T, Vi, j € [n —1];
Tij = { 0, otherwise. (39)

With this, consider the sequence of reparametrized losses (¢;) given by

li(x) = filc+ Mz +aM"), Yo e R
where M :=[JT 0] € R"™*" and J asin (37) with d = n. (40)

For any ¢, the function ¢; is convex and defined on the set

c R i e o1, > - "i PRI d”i SO
= : — i > == ; —+ —; an i< -+ —>.
Z 2,7 n y Lij =2 m’ Tik > 2 om’ L > 2 m

k=1 k=1
We now show that for this reparametrized setting, Assumption 1 holds with » = 1/(2n) and

R = +/5/2. Note that the vertices of the set C are vy, ... s V(n—1)241, Where

. . €; &
Vie [(TL - 1)2], U =€ — Z ﬁ, and V(n—1)241 = — Z —j7

j€l(n—1)7] j€l(n—1)?]

where €; = e, and p, g are the unique integers satisfying i = p+ (n — 1)(¢ — 1) and p, ¢ € [n —1].
Since v; € B(\/5/2), forall i € (n —1)2 4 1, we get that C C B(v/5/2). We now show that
B(1/(2n)) C C. For this, we need to find the point w in the boundary of C that is closest to the origin.
This point must be the orthogonal projection of the origin onto one of the ((n — 1) — 1)-dimensional
faces of C; there are (n? — 1)-many such faces corresponding to one of the inequalities defining C
being satisfied with equality. Thus, w must satisfy one of the following:

» Fie [n—1]suchthatw = (717 — ) 5y e

* 3Jj € [n — 1], such that u = (ﬁ — %) > ieln—1] €ij-

* Ji € [(n — 1)?], such that uw = S5

In all cases, we have ||u|| > 1/(2n), and so this shows that 5(1/(2n)) C C. Thus, the asphericity
for this reparametrized setting is
k= R/r </5n.

It is clear from the definition of the set C that the operations required to test membership for a point
x € R™ " are I) computing e; 1 and e/ x "1 for i, j € [n]; and II) evaluating ;;, for i, j € [n].
Thus the computational complexity of testing membership in C is O(n?). We now show how to build

39



MHAMMEDI

a subgradient Oracle for the reparametrized losses (¢;). By the chain-rule, g is a subgradient of ¢; at
x, if and only if, for all i, j € [n — 1],

9ij = 2Gij = Cnj — Gin,  for (€ 0fi(c+ Mz +2M "),
where & and M are as in (39) and (40), respectively. Since M has 2(n — 1) non-zero entries, g can

be computed in O(n?) time (this is linear in the dimension of C).

F.5. Convex-hull of Rotation Matrices

We now consider the setting where the losses (f;) are defined on the convex-hull of rotation matrices;
that is,

C :=convSO(n), where SO(n) = {x e R™":a'x =1, det(x)=1}.

This set satisfies Assumption 1 with r = 1 — 2/n and R = n (implying a asphericity of at most
k =n?/(n —2) = O(n)), and so there is not need to reparametrize as we show next:

Proposition 22 Let n > 2. The convex hull C of Orthogonal matrices in R™*" satisfies
B(1/2) C C C B(v/n).

Proof Let O(n) the set of orthogonal matrices in R™*™. By (Saunderson et al., 2015, Proposition
4.6), we have

conv SO(n) = (convO(n)) N ((n —2)SO™ (n)°), 41)

where SO~ (n) == {x € R™" : &' = I, det(x) = —1}. It is know that conv O(n) coincides
with the operator-norm ball (Saunderson et al., 2015), and so we have (see paragraph on the operator
norm ball above)

B(1) C conv O(n). (42)

We will now show that B(1/1/n) C SO~ (n)° from which we conclude that B(1/2)  B(1V (n'/? —
2n~1/2)) C convSO(n) using (41), (42), and the fact that n > 2. Let D be the diagonal matrix
satisfying D;; = 1 for all i € [n — 1] and Dy, = —1. It is known that SO~ (n) = D - SO(n) (see
e.g. (Saunderson et al., 2015)). Therefore, since D € O(n), we have

sup  [[zflop = sup [llop = 1.
eSO~ (n) xeS0(n)

Thus, by the fact that || - [|[r < \/n]| - [|op, we have SO~ (n) C B(y/n), which implies that B(1/y/n) C
SO~ (n)°. In fact, since SO~ (n) C B(y/n), we have (u,x) < 1, for all w € B(1/y/n) and
x € SO~ (n), and so B(1/y/n) € SO~ (n)° by definition of a Polar set. Combining this with the
fact that B(1) C conv O(n) and (41), we get that

B(1/2) "€ B(1 v (n"/? — 20~ 1/2)) C convSO(n) = C.

We now show that C C B(n). This follows by the fact that C = conv SO(n) C conv O(n) and that
conv O(n) C B(y/n) since conv O(n) is the operator norm ball. [
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To assess the complexity of a Membership Oracle for conv SO(n), we use the characterization of
SO(n) in (41). Also, as argued in the proof of the previous proposition, conv O(n) coincides with
the operator-norm ball (Saunderson et al., 2015). Thus, in light of (41), to test if « is in conv SO(n),
it suffices to test if « is in the operator norm ball and in the set SO (n)°, simultaneously. The
complexity of the former test is at most that of SVD (Saunderson et al., 2015). We now show that
the complexity of testing for x € SO~ (n)° is also at most that of SVD up to a constant factor.
First, we note that testing membership for SO~ (n)° can be performed using a single call to a Linear
Optimization Oracle on SO~ (n) (by leveraging the definition of a polar set). Furthermore, LO
on SO~ (n) can be done using one call to a LOO on SO(n). The latter follows by the fact that
SO~ (n) = D - SO(n) (see e.g. (Saunderson et al., 2015)), where D is the diagonal matrix defined
in the proof of Proposition 22, and so

Ogo-my(@) = sup (y,m) = sup (y,Dz)= Osom (D).
yeSO™ (n) y€eS0(n)

Finally, since the complexity of linear optimization on SO~ (n) is at most the cost of SVD (Jaggi,
2013), we conclude, in light of (41), that the complexity of a Membership Oracle for conv SO(n) is
also at most that SVD up to a constant factor.

F.6. PSD Matrices with Unit Trace

We now consider the set PSD matrices with unit trace. This set does not satisfy Assumption 1 and
so we need to reparametrize. It will be useful to introduce the operator U : R*"—1)/2 _ Rnxn,
where for each z € R*("=1)/2, U(z) is the upper-triangular matrix whose ith column is equal to
(Zi(i—1)/2415 - - > Zi(i+1)/2 05 - - - ,0)T € R™. Further, for any € R", we let diag(z) be the matrix
whose diagonal constructed from the vector a, and define

O(y, z) = diag(J'y) + U(z) + U(2)",

forall y € R" ! and z € R™"~1/2 where J is as in (37) with d = n. With this, we consider the
set of reparametrized losses (¢;) given by

l(x) = fr(c+ O(y, 2)), (43)

1 1 n—1
— -1 (n—1)/2 — =
where x = (y,z) e R" " xR" and c¢:= (2 + 2n) enn + E .

For any ¢, the function ¢; is convex and defined on the set
C= {(y, 2) e R x RMD/2 . ¢ 4 Oy, 2) = o} . (44)

Furthermore, this set satisfies Assumption 1 with r = n=3/2/4 and R = 2/, leading to an
asphericity of at most x = 8n? for the set (this is linear in the dimension of C):

Proposition 23 The set C in (44) satisfies B(n=3/2/4) C C C B(2/n).

To implement a Membership Oracle for C one needs to be able to test if a matrix of the form
¢+ O(y, z) is positive definite. Since this matrix is symmetric, it suffices to check if the smallest
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eigenvalue of O(y, z) is non-negative. We now present a way of approximating the smallest
eigenvalue of a symmetric matrix, which will then lead to an approximate Membership Oracle for
C. Given a symmetric matrix M and ¢ > 0, first approximate its largest singular value o1 (M) up
to error §/2. This can be done using O(nnz(M)/+/§) arithmetic operations (see (Kuczyfiski and
WozZniakowski, 1992) and (Jaggi, 2013, Proposition 8)). Next, approximate the largest singular value
o1(M') of M" := M — o1(M) - I, up to error 6/2. This also requires O(nnz(M)/+/§) arithmetic
operations. Now, since the smallest eigenvalue of M is given by Ayin(M) = 01 (M) — o1(M'), we
can compute a J-approximate value of A\, (M), and thus implement a d-approximate Membership
Oracle, using O(nnz(M)/+/§) arithmetic operations.

We now show how to build a subgradient Oracle for the reparametrized losses (¢;). By the
chain-rule, g == (g, g,) is a subgradient of /; at  := (y, z) if and only if

g, = Jdiag”'(¢) and g.:=U"'(¢), for¢edfi(c+O(y,2)),

where J is as (37) and U~': R™*" — R™"=1)/2 [resp. diag™': R™*" — R"] is any operator
satisfying U~! o U(z) = z, for all z [resp. diag—! o diag(a) = «, for all ]. Thus, the subgradient
Oracle for /; requires only an additional O(n?) operations (this is linear in the dimension of C). We
now prove Proposition 23:

Proof of Proposition 23. By the fact that ||diag(J " y)|[r < 2v/2/ly|| and |[U(2) + U(2) T ||r <
2||U(2)||g, for all y € R*~ ! and z € R™"~1)/2, we have

18(y, 2)lr/(2vn) < lI(y, 2)Il = llyll + 2[l < 1O(y, 2)l|F- (45)

We will now bound the norm of O(y, z). For any orthogonal matrix H € O(n), w € R™*", and
A € R"! | define

Py(w) = —en,/(2n) + H wH;  W(X\) = diag(e,/2 + J'N),

-1 11
and C'=J{AeR" 1 : \>_——and 1'A< -4 —¢,
2n 2 2n

where J is as in (37) with d = n. Since a similarity transformation does not change the trace, or the
eigenvalues for that matter, we have ¢ + @ o U(A) € C, VH € O(n),VA € C'. In particular, this
implies that

U @wow(C)co@). (46)
HeO(n)

We will now show that for any H € O(n) and X on the boundary of C’, we have ||® o ¥(A) —Ppyo
U(0)||r > 1/(2n). This, combined with (46), would imply that 5(1/(2n)) C ©(C). Let H € O(n)
and X € bd C’. Since ®y is an isometry with respect to the distance induced by the operator norm,
we have
@m0 W(A) = g o W(0)[[p = [|[Pg 0 W(A) — Py o W(0)]|op
= [1W(X) = ¥ (0)llop = [|J " All > [IX]] > 1/(2n),

where the last inequality follows by Proposition 21. Thus, we have that B(1/(2n)) C O(C).
Combining this with (45) implies that B(n=%/2/4) C C.
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We will now show that C C B(2+/n). For this, we will first show that (46) holds with equality.
Let ©'(:,-) == enn/2 + O(+, ), and observe that the constraint defining the set C in (44) translates
to I,/(2n) + ©'(-,-) = 0. Let (y, 2) € C. Since ©'(y, z) is a real symmetric matrix, there exists
an orthogonal matrix H such that A := HO'(y,z)H T is a diagonal matrix. Let Ay,...,\, be
the diagonal elements of A. Since these are the eigenvalues of ©'(y, z), the fact that I/(2n) +
O©'(y,z) » 0 implies \; > —1/(2n), for ¢ € [n]. Furthermore, since tr(®'(y, z)) = 1/2, we have
S, Ai = 1/2, and so since A, > —1/(2n), it follows that 327"~ \; < 1/2 + 1/(2n). Thus, we
have X' := (A\1,...,\,—1) € C’ and

enn/2+0(y,2z) =0 (y,z) = H diag(e /2 + J ' XN)H = epn /2 + @ o U(XN).

Therefore, we have O(C) € Upep(,) Pro¥(C'), and so by (46), we have that ©(C) = Uy co(n) Pro
U(C"). Now, for any H € O(n) and A € C’, we have

@0 W(A)— P oW(0)|[r < Vn||PgyoT(A) — Py o T(0)]op,
= v/n[|¥(X) = ¥(0)]lop,
= VAT < VAN + VAL, V)] < 2v5,

where the last inequality follows by Proposition 21, and the fact that (1, A) < 1/2+1/(2n) < 1 by
definition of C'. Therefore, by (45), we have C C B(2y/n). [

F.7. PSD Matrices with Bounded Diagonals
We now consider the set of PSD matrices with bounded diagonals; that is, K = {x € R™*" : & =
0,and 0 < z; < 1,foralli € [n]}. This set does not satisfy Assumption 1 and so we need to
reparametrize. As in the case of PSD matrices with unit trace, we let U/ : R*("~1)/2 _ R"*" be the
operator such that for each z € R™"~1/2 [J(z) is the upper-triangular matrix whose ith column
is equal to (2i(i—1)/2415 - - +» Zi(i+1)/2, 05 - - - ,0)" € R™. Also, for any y € R, we let diag(y) be the
matrix whose diagonal constructed from the vector y, and define

Z(y, z) = diag(y) + U(z) + U(2)".
With this, we consider the set of reparametrized losses (¢;) given by

l(x) = fi(c+Z(y,2z)), where x:=(y,z) and c:=1I,/2.

For any ¢, the function ¢; is convex and defined on the set

C = {(y, 2)eR" xR V2 e 4 2y, 2) =0, yu<1/2,Vie [n]} , (47)

Furthermore, this set satisfies Assumption 1 with r = 1/4 and R = n3/? /2, and so the asphericity is
k= 2n3/2;

Proposition 24 The set C in (47) satisfies B(1/4) C C C B(n®/?).
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To implement a Membership Oracle for C one needs to be able to test if a matrix of the form
¢+ Z(y, z) is positive definite. Since this matrix is symmetric, it suffices to check that the smallest
eigenvalue of Z(y, z) is non-negative. This can be done in the same way as in Subsection F.6 (PSD
matrices with unit trace), and so a d-approximate Membership Oracle for C can be implemented
using O (nnz(x)/+/9) arithmetic operations for any input € R” x R™"~1)/2 and tolerance § > 0.

We now show how to build a subgradient Oracle for the reparametrized losses (¢;). By the
chain-rule, g == (g, g,) is a subgradient of ¢; at  := (y, z) if and only if

g, =diag '(¢) and g.:=U"'¢), for¢ € file+I(y, 2)).

where U~': R™" — R™"=1/2 [resp. diag~': R"*" — R"] is an operator satisfying U~! o
U(z) = z, for z [resp. diag_1 o diag(x) = @, for all ]. Thus, the subgradient Oracle for ¢, only
requires an additional O(n?) operations (this is linear in the dimension of C).

Proof of Proposition 24. By the fact that ||diag(y)||r = ||y|| and ||U(z) + U(2)"||r < 2||U(2)
for all y € R™ and z € R™"~1/2 we have

F,

1=y, 2)[[e/2 < [I(y: 2) || = llyll + [Iz] < [1=(y, 2)[|F- (48)

We will now bound the norm of =(y, z). Let (y,z) € C. Since =(y, z) is a real symmetric
matrix, there exists an orthogonal matrix H such that A := H=(y, z)H ' is a diagonal matrix. Let
A1, ..., A\ be the diagonal elements of A. Since these are also the eigenvalues of Z(y, z), the fact
that 1,,/2 + Z(y, z) = 0 implies that A\; > —1/2, for all ¢ € [n]. Furthermore, since y;; < 1/2 for
all i € [n], we have tr(E(y, z)) <n/2andso > ; \; < n/2. Thatis,

-1
)\EC’::{:CER”: xiz? and 17.1;33}.

The argument above implies that

EC)C |J @u(C), where @p(X)=H'diag(A) H.
HeO(n)

Using that || A]| < n, for all A € C’, and the fact that multiplication by an orthogonal matrix does not
change the operator norm, we have

nzsup A= sup  [[®u(N)]lop = sup |Z(z)lop = sup [|E(z) e/ v = sup [l@]|/v/n,
Aec’ AeC’,HeO(n) xzeC xeC zeC

where the last inequality follows by (48). This implies that
C C B(n*?).

We now show that B(1/4) C C. For this, we need to evaluate the quantity infzepac ||x||. Let
a € bdC. The fact that « is on the boundary of C implies that at least one of the inequality constraints
in the definition of C must be satisfied with equality; that is, one of the following must be true:

(a) 3i € [n], such that x;; = 1/2.

(b) Ju € R", such that ||u|| = 1 and Z(y, 2)u = —cu.
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If (a) is true, then ||| > 1/2. In case (b) holds, then by (48), we have

[l > [[E(y, 2)llr/2 = [E(y, 2)llop/2 = E(y, 2)ull/2 = |cul|/2 = 1/4.

Since x was chosen arbitrarily on the boundary of C, we have that 5(1/4) C C, which completes the
proof. |

F.8. The Flow and Matroid Polytopes

Flow Polytope. For this polytopes, we do not present an explicit parametrization since it is highly
dependent on the specific problem at hand. We only study the complexity of the Membership Oracles
for this case. The flow polytope represents the convex hull of indicator vectors corresponding to paths
in a directed acyclic graph with d nodes and m edges. This polytope can be described with O(m + d)
linear inequalities (Hazan and Kale, 2012; Mészaros et al., 2019). Therefore, a Membership Oracle
for this polytope can be implemented using O(d + m) arithmetic operations. Linear optimization on
the flow polytope has the same complexity up to log-factor (Schrijver, 2003).

Matroid Polytope. Same as in the case of the flow polytope, we only comment on the computational
complexity of a Membership Oracle. A Matroid Polytope is the convex hull of indicator vectors
corresponding to the independent sets A € I of a matroid M = (F,I). The polytope can be
described using O(2?) linear inequalities where d = |E|. Thus, the naive implementation of the
Membership Oracle that checks all these linear inequalities would be intractable. We will present
an alternative approach to designing a J-approximate Membership Oracle for M that requires only
O(d3+d? In(d)Cost(Zy;)) In(1/6) arithmetic operations, where Cost(Zy) is the computational cost
(number of arithmetic operations) of testing if a subset of E is independent (i.e. an element of I).

Let C denote the matroid polytope corresponding to our matroid M = (E,I). As we have
shown in App. B, the complexity of a Membership Oracle on C is the same as linear optimization
on C°. Furthermore, a J-approximate Linear Optimization Oracle for C° can be implemented
using O(d? + dCost(S¢o)) In(1/6) arithmetic operations, where Cost(Sco ) is the computational cost
(number of arithmetic operations) of a Separation Oracle on C° (Lee et al., 2018). The fact that
(C°)° = C for a closed convex set and our results from App. B (see also (Grotschel et al., 1993;
Molinaro, 2020)) imply that the complexity of Sco is the same as linear optimization on C. The
latter can be performed using O(d In(d)Cost(Zyy)) arithmetic operations (Schrijver, 2003, Section
40.1). All in all, a Membership Oracle for C can be implemented using O(d> + d? In(d)Cost(Zys))
arithmetic operations (omitting log-factors in 1/6).

Appendix G. Adaptive OCO Algorithms

We now present two algorithms for Online Convex Optimization that we will build on to derive our
results.
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Algorithm 8 FTRL-proximal on B(R) (McMahan, 2017, Algorithm 2 & Section 3.3)
Require: Radius R.

1: Initialize w1 = 0, Gy = 0, and Vj = 0.

2: Initialize ng = oo and X9 = 0,

3 fort=1,2,... do

4:  Play w; and observe V; € 00, (wy).

5: Set = ﬂR/\/V, Ot = 1/7715 — 1/771571, and X = i1 + o

// With the convention 1/oco:=10

6: SetGy =Gy_1+Viand V; =V, + ||Vt||2

7. Setwiyy = lgg)(Wey1), where Wiy = (=Gt + Zizl oswWs) /3.

8: // The vector wy1 above satisfies wit1 € argmin,ep g) (Gt w) + S ol w — wsl?/2.
9: end for

The first algorithm, FTRL-prox(Alg. 8), requires R as input, but does not require an upper bound on
the norm of the input loss vectors (V) (i.e. the algorithm adapts to the norm of the loss vectors).
We now state the guarantee of FTRL-prox which follows from (McMahan, 2017, Theorem 2 &
Section 3.3) with the choice of learning rate 1, := V2R /\/V;, where V; :== 3L _ | || V4||%:

Proposition 25 (FTRL-proximal’s regret) For any adversarial sequence of convex losses ({;) on
B(R), the iterates (w;) of FTRL-prox (Alg. 8) with parameter R > 0 in response to ({;), satisfy for
allT > 1 and w € B(R),
T T
Z(ﬁt(wt) - &(w)) S Z<Vt,wt - w> S 2R\/ 2VT,
t=1

t=1

where V, t > 1, is any subgradient in 9¢y(wy) and Vp = Zthl W2

Algorithm 9 FreeGrad (Mhammedi and Koolen, 2020) with the unconstrained-to-constrained reduc-
tion due to Cutkosky (2020).
Require: Parameters ¢ > 0 and R > 0.

1: Initialize w; = s1 =0, By =€, Gy = 0, and Q = €.

2: fort=1,2,... do

3.  Play w; and observe V; € 94 (wy).

4: Set B, = B;_1V HVtH and ?t =V,;- Bt—l/Bt-

5: Set 6,5 = 6,5 — H(Vz,'wt><0 . <vt,8t>8t. // 8¢ is defined on Lines 1 and 8
6 Set Gt = Gt—l + 675 and Qt = Qt—l + H@tHz

_ (2Q: + Bi||Gil) - € |GI”
T Yy T A Vo R <2@t+2BtuGtu>'
8:  Set wy = llgg(zir1) and  siq =z /el o L >R
// We use the convention that 0/0=0.
9: end for

Another algorithm that will be instrumental to developing our projection-free (and scale-free)
algorithms for strongly convex losses is FreeGrad (see Algorithm 9). An important property of
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FreeGrad that will be useful to us when developing a projection-free algorithm for strongly convex
losses (see Section C.2) is that its regret scales directly with the norm ||w|| of the comparator, as
opposed to the worst-case R. We note that FreeGrad internally clips the sequence of observed
sub-gradients. In our application of FreeGrad, it will be useful to state the guarantee of its iterates
(w;) in response to the sequence of clipped subgradients (V):

Proposition 26 (FreeGrad’s clipped linearized regret) For any adversarial sequence of convex
losses (£;) on R, the iterates (w;) of FreeGrad with parameter ¢, R > 0, satisfy for all T > 1 and
w € B(R),

T [/ —
v " 2[|w|[V4 AB v
3 (Fawr ) < ol i, (P05 4o (o5

t=1

where V€ Oly(wy) (any sub-grad.), By = €V max,cq) [| V4], V. = V- By 1/B;, and

_ e
Vpi=e+ 3 Vel

Technically, the original version of FreeGrad applies to unbounded OCO, whereas the version of
FreeGrad in Algorithm 9 generates outputs in B(R) using the same constrained-to-unconstrained
reduction due to Cutkosky (2020). We constrain the outputs of FreeGrad to ensure that the iterates
(wy) of Algorithm 1 in the setting of Section C.2 are bounded, which in turn ensures that the
approximation errors of OPT¢o in Algorithm 1 are not too large. The proof of Proposition 26 follows
by (Mhammedi and Koolen, 2020, Theorem 6) and (Cutkosky, 2020, Theorem 2).

We close this section by mentioning that the unbounded version of FreeGrad, where V; = V,;
and w; = x, is an FTRL instance with the specific sequence of regularizers (¢; ), where ¢; is the
Fenchel dual of

1 HwH2 ) 2 : 2
di(x) = ex , Vi=e+ g V|

In particular, the iterate x;,; on Line 7 of Algorithm 9 is given by

1 € argmin {(Gy, ) + ¢ ()} = {Vor(=Gi)} -

xcRd

We recall that the Fenchel dual ¢} of ¢; is defined as ¢; (x) = sup,cpa {(u, ) — ¢¢(u)}.

Appendix H. Linear Optimization on C° using a Membership Oracle for C

In this section, we restate and prove a slight extension of (Lee et al., 2018, Lemma 9 & 10), which
we need in the proof of Proposition 11 at the end of this section. Our extension involves showing that
the approximate subgradient in (Lee et al., 2018, Lemma 10) has bounded norm in high probability,
which we need in the proof of Proposition 11. We also make the limiting argument used in the proof
of (Lee et al., 2018, Lemma 9 & 10) more explicit; in particular, for any convex function f : RY SR
(not necessarily differentiable) and € > 0, we explicitly construct a twice differentiable function fa
such that || f — f. |l < . This will then allow us to make a limiting argument precise via Fatou’s
lemma to get the final result we want (see proof of Lemma 29).

Throughout this section, we let Us(u, ) denote the uniform distribution over Bo (u, v), for
any u € R? and v > 0. The next lemma is taken from (Lee et al., 2018, Lemma 9) with only minor
notation adjustments.
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Lemma 27 For any w € R 0 < vy < 11, and twice differentiable convex function h defined on
Boo(w, v + o) with || Vh(z)||,, < L forany z € Boo(w, v + 1) we have

vod3/2 L

EUNUOO('LU,V1)EZ~UOO(U,V2) HVh(Z) - g(u)Hl < ) )

where g(u) = E, .y (uv,)[VI(2)] and Uso(u, v) denotes the uniform distribution over Boo(u, V).

Algorithm 10 Approximate Subgradient Oracle (Lee et al., 2018).

Require: Inputs v > 0,L>0,e>0,and w € R%
L: Function f : R — R.

Setvy = 4 /df/VQlL'

Sample u € By (w,v1) and z € Boo(u, v2) independently and uniformly at random.

for:=1,2,...,ddo
Let w; and w; be the end point of the interval Boo(u, v2) N {2z + Ae; : A € R}
Set §; = 5 (f(w}) — f(wy)).

end for

Set3 = (51,...,5q) .

Return s.

D A S

We now restate and slightly extend (Lee et al., 2018, Lemma 10) for twice differentiable functions.
We then extend the result to non-differentiable functions using Fatou’s lemma—see Lemma 29.

Lemma28 Let L,y > 0, w € R% and h : R — R be a twice differentiable convex function such
that |Vh(z)|| ., < L, for any & € Boo(w, 211). Also, let € € (0,11v/dL] and b : R® — R be such
that ||h — hl|so < €’ for some €' > 0. Then, the variables v, u, 2, 3, and (w;, w});c|q) generated
during a run of Alg. 10 with input (h,v1, L, e, w) satisfy

Yo € RY, h(v) > h(w) + (3,v — w) — [|[Vh(z) — 3|1 - |[v — w]||,, — 4dw L,

Furthermore, for §; = (h(w}) — h(w;))/(2v2), for all i € [d], we have

IVh(z) — 3|1 < |Vh(z) — 8|1 + d&’'Jvs  and B[|Vh(z) — 5|1] < 2d°/*\/Le/v1.

Proof Let u, w;, and w/, be the random vectors generated during the call to Algorithm 10 in the
lemma’s statement. Further, let 3 € R? be such that §; := (h(w!) — h(w;))/(212), for i € [d].
Applying the convexity of & yields, for any v € RY,

(Vh(z),v — 2)

(3,v —w) + (Vh(z) — 8,v —w) + (Vh(z),w — 2)

> h(w) + (8,0 —w) = [Vh(z) = 8[|, [v - wll, = [[VA(2)] [w = 2|, -

h(v) > h(z
=h

) +
(2) +

Now, ||Vi(2)|l < Land [[w—=z]; < d- ||lw—z|, < 2d(v1 + 1v») by definition of z in

Algorithm 10. Furthermore, since ¢ < 11V dL, we have vy = , / df}’; 7 < v1. Plugging these facts in

the inequality of the previous display implies

h(v) > h(w) + (8,v — w) — ||[Vh(z) — 8|, [[v — w||, — 4dv1 L.
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This shows the first inequality we are after. Now, by the definition of s in Algorithm 10 and the fact
that h satisfies ||h — h||o < &', we have

IVh(z) = 3l < [Vh(2) = 8]y + de'/va.

It remains to bound E[||Vh(z) — 3]|]. For this, let g(u) = E. .y (u,)[Vh(2)] and note that

],
<. [ [ |tz 4 2e) ~ )
(2) - lo(w); ] ,

where we used that both z + Ae; and z are uniform distribution on B (u, 12) in the last line. Hence,
we have

E. (|5 — [g(uw)]]] = E,

‘Mw>—h<w> ol

d)\} ,

=FE
o _‘dwz

E: (I8 = VA(2)[] < E. [[IVA(2) = g(uw)ll, + Ez [[5 — g(y)[l,] < 2E: [[VA(2) — g(y)l],]

< o3/t |2
— Vl 9
where the last inequality follows by Lemma 27 and the fact that v, = df}’; 7 <. |

Lemma29 Let L,y > 0, w € R and f : R* — R be convex (not necessarily differentiable)
function such that supgeyi(a) gl < L, for any @ € Boo(w,2v1). Also, let e € (0, viVdL]

and f : R* — R be such that ||f — flleo < &. Then, the output  of Algorithm 10 with input
(f,v1, L, e, w) satisfies

Yo € RY, f(v) > flw) + (3,9 —w) — X - ||[v —w|,, —4d L;
18]l < L+d"*\/Lefvn; |13 < X + L < [|3]1 + (d+ 1)L;
and ||3|% < (4L + d1/4\/L5/u1) X + L2,
where X > 0 is a non-negative random variable satisfying E[X] < 3d°/*\/Le [v,.

Proof Let 12, u, 2, 3, and (w;, w;);c[q be the variables generated during the call to Algorithm 10
in the lemma’s statement. Further, let o > 0 and h, : R — R be such that

he(w) = E[f(w + x)], where x ~ N(0,0%I,).

It is known that h, is twice differentiable (Bhatnagar, 2007; Nesterov and Spokoiny, 2017; Abernethy
et al., 2014), and satisfies (Duchi et al., 2012, Lemma 9),

Vw € RY, [|[Vhe(w)| <L, and f(w) < ho(w) < f(w) + LoVd.  (49)
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Thus, we have ||f —holloo < e =g+ Lo+/d, and so by Lemma 28
ho (V) > ho(w) + (8,v — w) — ||[Vhe(2) — 3|1 - |v — w]|, —4d1 L, YveR?,
and for 3, == (ho (W) — ho(w1),. .., ho(W))) — he(wy)) " /(219),
IVho(2) =31 < [Vho(2) = Bolli +deo/va, and  E[|Vho(2) = 34[l1] < 2d°*\/Le/un,
(50)

where the expectation is with respect to z ~ Uso(u, 12) and u ~ Uy (w, v1). Combining this with
(49) leads to

F(0) = f(w) + (5,0 — w) — [IVhe(2) - 31 - v — wll.. — ddinL — Lovd, Vo e R
(5D
Now, define X, := ||[Vhy,,(2) — 8[[1, » > 1 and note that
0< X, <dL+|5]i < +o0, Vn.

Therefore, we have X := liminf,, o X, < ||8|| + dL < 4o0. Furthermore, by Fatou’s lemma and
(50), we have

E[X] = Eflim inf X,,] < lim inf E[X,,] < liminf B[ Vhy ,,(2) = 81/ ]l1] + de /v < 3d°/4\/Le vy,

n—oo

EV1
di/2L-

(51) leads to the first inequality of the lemma. Now, we have, for any ¢ € [d],

Fon
o fwD = Fw) _Ifwh—fw)l e e [T
219 219 1) 2 141

where the last inequality follows by the definition of w; and w;, and the fact that supgep f(a) [|91l < L
(and so f is L-Lipschitz). In particular, this implies that

Vield, |5 —[Vhim(2)i| <2L+d""\/Le/v. (52)

where the last inequality also follows by (50) and the fact that vy = Combining this with

Using this, we get
131> < 118 = Vhi/n(2)II” + 2118 = Vhi/n(2) VR (2)[| + VR (2)]7,
< (2L + d1/4\/L€/1/1> 18 = VA ()1 + 218 = Vhy ()1 L+ L2, (by (52)

AL + dV4\/Tefn Le/l/1) 13 — VA (2)|1 + L2,

<4L+d1/4 La/m)hmmf\\s Vhifn(2)ll + L7,
<4L+d1/4 Ls/m)X-i-LQ

It remains to bound the norm ||3||. Similar to how we bounded ||3]|?, we have
15l <118 = Vhym(2)l + [[Vhyn(2)]],
< H"é - vh’l/n(z)Hl + L,
<liminf ||8 — Vhy/(2)[1 + L =X + L.
n— oo

This completes the proof. n
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H.1. Proof of Lemma 10 (Approximate Gauge Function)
Proof of Lemma 10. Let ¢ = §r/(4k)2. We will first show that for all w € B(6R/5),

e(w) > 9/16 or 5> 1] — [MEMc(2w;e) = 0 and [[w] > r/2]. (53)

Suppose that 4 > 1. By Lines 2 and 3 of Algorithm 2, this implies that MEM¢(2w; ¢) = 0. Now
suppose that y¢(w) > 9/16. Note that MEM¢ (2w; €) = 1 only if 2w € B(C, €). By the fact that
B(r) C C (Assumption 1) and § < 1, we have that C + B(¢) = B(C, €). Thus, by a standard result
in convex analysis, see e.g. (Hiriart-Urruty and Lemaréchal, 2004, Thm C.3.3.2), we have, for all
xcC,

oB(c,e)(T) = oc(x) + ope (). (54)

Let z, € Oyc(w) = arg max,cco (@, w). Since x, € C°, we have (z.,y) < 1, forall y € C, by
definition of C°. Further, since w/v¢(w) € C (implied by Lemma 6) and (z,, w) = yc(w), we
have

oc(xy) = sup(@., y) = (T, w/vc(w)) = 1. (55)
yel

Plugging this into (54) and using the fact that o3¢ (2.) = 0r||2.]|/(8x?), we get
opc.o (@) = 1+ 6rfl@.]|/(85%) < 1+ /(8K%) < 9/8, (56)

where the last inequality follows by the fact that § € (0, 1) and ||z.|| < 1/r (because x. € C°, see
Lemma 42-(c)). On the other hand, since ¢ (w) > 9/16, we have, by (55)

9/8 =9/8(xs, w/vc(w)) < 9/8(xs, 16w /9) = (x., 2w).

This inequality together with (56) implies that the vector @, separates 2w from 5(C, €) and so we
have MEM¢ (2w; €) = 0 by definition of the Membership Oracle MEM¢(-; €). It remains to show
that ||w| > /2. If y¢(w) > 9/16, then ||w|| > 9r/16 by the fact that y¢(w) < ||w]|/r (Lemma
42-(c)). Also, if # > 1, then Lines 2 and 3 of Algorithm 2 imply that ||w|| > r/2. So far, we have
shown that (53) holds. By definition of « and /3 in Algorithm 2, (53) implies that if y¢(w) > 9/16
or v > 1, then

MEM¢(aw;e) =1 and MEM¢(Sw;e) = 0. (57)
Next, we will show that if either v¢(w) > 9/16 or 4 > 1, then for any p > 0,

5 1 )
—~_ and MEM =1 —= u< —.
an c(pw;e) p < ~e(w) t g2

(58)

MEM¢ (pw;e) =0 = p >

Ye(w) — 8k2

Suppose that MEM¢ (pw; €) = 0. By (2), this implies that pw ¢ B(C, —¢). On the other hand, since
w/vc(w) is on the boundary of C (by definition of the Gauge function and Lemma 6), the vector
v = w/ve(w) —ew/|wl isin B(C, —¢). Since v and pw are aligned, the fact that pw ¢ B(C, —¢)
and C is convex implies that

lpwll > w/e(w) — ew/|[wll]| = [lwll/ve(w) - r8/(165%) > [lwl|/ve(w) — [[w]|5/(8x%),
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where the last inequality follows by the fact that ||w]| > r/2 (see (53)). Dividing by ||w|| (this is
non-zero by (53)) on both sides shows the first implication in (58). Similarly, if MEM¢ (pw;e) = 1.
Again by (2), this implies that pw € B(C, €). Combining this with the fact that w /¢ (w) + ew /|| w]|
is on the boundary of B(C, ¢€) (since w/~¢(w) is on the boundary of C) implies that

lpwll < lw/e(w) + ew/|[wll]| = [lwll/ve(w) + or/(165%) < [lwl|/ve(w) + d]|wl/(8x%),

where the last inequality follows by the fact that [|w|| > r/2 (see (53)). This shows the second
implication in (58). Let & and (3 be the values of « and 3 in Algorithm 2 after the while-loop is over.
By combining (57), which we recall holds when ¢ (w) > 9/16 or ¥ > 1, and (58), we get

1 1 5 - 5§ & 3
vew) 7 qe(w) <O‘ 8,@) Sh-d+ ot og <o (59

¥ > ve(w); and

where the last inequality follows by the fact that the while-loop in Algorithm 2 terminates when
B — a < §/(8x%). Multiplying both sides of (59) by 7 - yc(w), we get

7= e(w) <7 e(w) - 36/(8x%). (60)
Using (59), we get that 7 < (1/7¢(w) — 35/(8x2))~!. Plugging this into (60), we get

Ye(w) - 35/ (8k2) (2 6r/5 - 30/ (8K2) <s
= 1/vc(w) —36/(8x2) ~ 5/(6k) —35/(8k%) ~

¥ = ye(w)

where (a) follows by the fact that v¢(w) < ||w]|/r < 6k/5, for all w € B(6R/5), and the last
inequality follows by the fact that 6 € (0,1) and x > 1.

We now consider the computational complexity. Note that at every iteration of the while-loop
in Line 7 of Algorithm 2, the difference 8 — « halves. Thus, since 5 — « is initially equal to 2, the
algorithm terminates (i.e. when 8 — o < §/(8x?)) after at most [log,((4)2/8)] + 1 steps. [ |

H.2. Proof of Proposition 11 (Approximate LLO Oracle on C°)

Proof of Proposition 11. Let ¢ and ¥ be as in Algorithm 3. First, suppose that ¥ > 1. We will show
(17) using the result of Lemma 29 with (f, f) = (y¢, GAU¢(+;¢)) and (v1, v2, w) as in Algorithm 3.
First, note that by our choice of v; and ¢, the technical condition € < v v/dL under which Lemma
29 holds translates to § < 10d%/?f. This holds since § € (0,1) and «,d > 1. We also need to check
the technical condition ||f — f|loc < € of Lemma 29. We note that in Algorithm 3 we only ever
evaluate f = GAU¢(-; €) at the points (w;, w});e[q)» and so we only need to check the condition

[ve(w;) — GAUc(w;; €)| V [ye(w)) — GAUe(w);e)| < e, Vi€ [d]. (61)

The condition would follow from Lemma 10 if w; and w), satisfy y¢(w;) A y¢(w}) > 9/16 and
w;, w, € B(6R/5), foralli € [d]. Leti € [d] and v € {w;, w)}. By definition of w;, w/, and u in
Algorithm 3, we have

11ré
o — il < Vlw — ulloo + Villju —vllo < Vin + Vs < J55 (62)
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where the last inequality follows by our choice of 11 and 5. Combining (62) with the fact that
w € B(R) and triangular inequality, we get ||v|| < ||w]|+11r6/100 < 6R/5, and so v € B(6R/5).
On the other hand, by the fact that vz = o¢o and the sub-additivity of the support function (Lemma
42-(e)), we have
(@) 116 _ 9

Yo (v) = o¢o (V) > oco(w) — oco(w — v) = Yo (w) — e (w —v) > Ye(w) — 100 > 16’
where (a) follows by the fact that y¢(w — v) < |Jlw — v||/r (Lemma 42-(c)) and (62), and the
last inequality follows by the fact that § < 1/3 and ¢ (w) > 2/3; the latter is because 4 > 1 and
~ve(w) > 4 — § (Lemma 10). Therefore, by Lemma 10, (61) holds, and so does the result of Lemma
29 with (f, f) = (ve, GAU¢(+;€)) and (v, ve, w) as in Algorithm 3. We will now use this fact to
show (17).

By Lemma 42 (points (a) and (b)), we have ¢ (x) C C° for any « € R?, and so we get

1
sup [[0e(z)]| < sup [y| < -,
xrcRd yeCe r
where the last inequality follows by Lemma 42-(c). This implies that the Lipschitz constant L in
Lemma 29 can be set to 1/r. Furthermore, by our choice of ¢ and v; in Algorithm 3, we have
e = v}/(R?rv/d) and so Lemma 29 implies that there exists a non-negative random variable X

satisfying E[X] < 3v1d/(rR), and for all u € R?
ve(u) > ye(w) + (8, u — w) — X ||lw — ulloc — 4dvy /7,
where § is as in Algorithm 3. Thus, with A := 2RX + 4dv;/r > 0, we get
ve(u) > ye(w) + (8, u — w) — A -max(1, ||u||/R), and E[A] < 10dw,/r, (63)
where we used the fact that w € B(R). Further, Lemma 29 implies ||5||oc < 1/ 4+ d'/*\/Le/v1,
3] < X +1/r, and ||3]]? < (4/7~ + d1/4\/Le/u1> X +1/72, and so

I3lloc < d**V/Lefri+1/r; |I3] < A/R+1/r; (64)
and 3|2 < (2/7’ + d1/4\/L5/u1) A/R+1/r (65)

Now, since ¢ = v}/(R?*rv/d) and v; = §r/(10d), we get that 10dv /r = & and d"/*\/Le/v; =
d/(10Rd). Plugging these into (63) and (65), we get (17) for the case when ¥ > 1.

It remain to show that ||§||o < 400 almost surely and bound A. We do not assume that ¥ > 1
anymore. Let i € [n] and (w;, w}) be as in Algorithm 3. Let v € {w;,w)} and suppose that
GAU¢(w;e) > 1, then by Lemma 10 and Lemma 42-(c), we have

R d d
1 < GAU¢(v;e) <e(v) +e < |v||/r+e < + Vi + Vv +¢e < +o0.
r
Alternatively, we have 0 < GAU¢(v;¢e) < 1. Therefore, for all i € [d], we have
|GAUC('U);,€) — GAUC(’U},L,EN < R+ \/gvl + \/le/g n =

|§Z| - 2u:
2 vor 1)
100d%/2k2  10d2%k ) Vid
+ + + —,
52r or 10dR r
112d5/2K2
< -
- 782

< 400. (66)
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Finally, by Lemma 29, we have X < ||3||; 4+ d/r and so combining this with (66), we get

224d*K3 46 _ 15%d*K3
A—QRX—I—4dV1/T<T+2dK+1O T,
where the last inequality follows by the fact that § < 1/3. This completes the proof. |

H.3. Proof of Lemma 13 (Efficient Stochastic LO Oracle on C°)

Proof of Lemma 13. Let I € [d] be the random variable in Algorithm 4 generated during the call
to OPT 14 cc in the lemma’s statement. Note that the approximate Gauge function GAU¢ (Alg. 2)
is deterministic and so 4 = 7. On the other hand, by definition of s and § in Algorithms 3 and 4,
respectively, we have

E[5] = E[3; - ef] Zd R[5 | =] e & Zd 'E[d3 =3,

where (x) follows by the fact that, conditioned on I = 4, §;/d has the same distribution as §;.
Similarly,

d 2
. _ N ) 1 6
E[|51%] = E[||3re7?] Zd 'Elgfe; | I =i] =) d 'E[d°5e;] = dE[||3]*] < d- (T+R> ,
=1

where the last inequality follows by the fact that ||3]|? < (2/r + §/R)A/R + 1/r% (Proposition 11),
where A > 0 is a random variable satisfying E[A] < §. Finally, the fact that || §|| < +o0 a.s. follows
from the fact that ||$||cc < 400 a.s. (Prop. 11), and for any ¢ € [d], conditioned on I = i, §;/d has
the same distribution as s;. |

Appendix I. Proofs of the Regret Bounds and Convergence Rates
I.1. Proof of Lemma 7 (Instantaneous Regret Bound)

To avoid expensive projections our main algorithm (Alg. 1) makes use of surrogate losses of the
form {(w) = (g, w) + bSc(w), w € R% and b > 0. The choice of such a surrogate loss function is
inspired by existing constrained-to-unconstrained reductions in OCO due to Cutkosky and Orabona
(2018); Cutkosky (2020). We will use the approximate optimization Oracle OPT¢o from App. B
to compute approximate subgradients of such surrogate losses. In particular, OPT¢o (Algorithm 3)
guarantees the following:

Lemma 30 Lerg € R% b >0, and § € (0,1/3). Let Sc be the Gauge distance function in (3) and
define {(w) = (g, w) + bSc(w). Then, for w € B(R), the output (7, 8) of Alg. 3 with input (w, 6)
satisfies (17) and

Yu € B(R), {(u)>l(w)+ (g+bv,u—w)—b-(A+90) Tz>1y,  where v i=1T155133,

and A € [0,15%2d*k3572] is the same random variable satisfying (17); in particular, E[A] < 6.
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Proof First suppose that 7 < 1. If y¢(w) > 9/16, then by Lemma 10, we have y¢(w) < 5 < 1.
Alternatively, yc(w) < 9/16 < 1. Therefore, by Lemma 6, 9Sc(w) = {0}, and so g € 9¢(w).
Since the function ¢ is convex, it follows that

[case where 7 < 1] Vu € B(R), f(u) > l(w) + (g,u — w). (67)

Now, suppose that 4 > 1. In this case, by Lemma 10, we have y¢(w) < 4 < «¢(w) + 0. Combining
this with the fact that S¢(w) = 0V (7y¢(w) — 1) (Lemma 6), we get

(W)~ 1> 51— 8 2 0V (ve(w) — 1) — 6 = Se(w) — 4, (68)

where (a) follows from the fact that 4 > 1 (by assumption) and 5 > ~¢(w). Using this, we get

[case where 7 > 1] Vu € B(R), l(u) = (g,u) + 0V (byc(u ) b),
> (9, u) + bye(u) -
> (g, u) + bye(w) — b + (b8, u — w) —bA,  (69)
> (g,u) + bSe(w) + (bs,u — w) — bA —bs, (70)
— /(w) + (g + b3, u — w) — DA — bJ,
= l(w) + (g + bv,u — w) — bA — bJ, (71)

where (69) follows by the fact that 4 > 1 and Proposition 11; (70) follows by (68); and (71) follows
by the fact that s = v since 7 > 1. Combining (67) and (71) implies the desired result. |

Lemma 30 shows that for any ¢ > 1, the vector g, in Algorithm 1 is an approximate subgradient
of the surrogate loss 4;(-) = (g;,-) — g, wi)<0{Gt, Tt)Se(-), where g; € Ofy(x,) and x; is the
tth iterate of Alg. 1. We now use this to prove Lemma 7. We actually state and prove a slight
generalization of Lemma 7, which will be useful when considering the stochastic optimization setting
of Section C.3. In this generalization, we assume that for some R’ € [r, R],

B(r) CC C B(R') C B(R). (72)

Lemma 31 Let k := R'/r and A be any OCO algorithm on B(R), for r, R, R' > 0 as in (72).
Further, for t > 1, let wy, g,, ¢y, and g, € Oly(xy) be as in Alg. 1 with Oco = OPT¢o and any
tolerance sequence (d5) C (0,1/3). Then, (x¢) C C, and for all t > 1, there exists a variable
Ay € [0,152d4(R/r)36; %] st Ea[Ay] < 0 [1G4]] < (14 A¢ + k)|l gy]|, and

Ve €C, gy x —x) < l(wy) — (x) + 6, Rl gl < (Gp, wi — ) + (26, + A¢)Rl|g,ll. (73)
Proof of Lemma 7. Let 7, v¢, we, g;, and x; be as in Algorithm 1. We will first show that
—Rllgll < Lig, wiy<o - (g Te) <0 (74)

First suppose that 7 < 1. In this case, ; = w;, and so

_RHgtH < H(gt,'wf,><0 ) <gt7$t> = H(gt,wt)<0 : <gt’ wt> <0.

55



MHAMMEDI

Now suppose that v, > 1, then g, w,)<0 - (9t 1) = Lig, w,y<0 * (g4, Wi /1) and so

0> Lig, wi)<0 (Gt Tt) > Lig, w)<0(gs wi) > —Rllgyl,

where the last inequality follows by the fact w; € B (R). This shows (74). Now recall the definition
of the surrogate function ¢; : B(R) — R:

li(w) = (gy, w) — g, wy<0 - (91, 1) - Sc(w),

where Se is as in (3). By (74) and Lemma 30, there exists a r.v. A; € [0, 1525(24”3] such that
Et—l[At] < (St and

Ve eC, l(wy) —bi(w) < (g, wi — ) + R|gy]| - (Ar + 6¢). (75)

It remains to show that (g,, z; — &) < {;(w;) — ly(x) + 6:R| g, ||, forall t > 1 and « € C. First,
note that for all € C, we have S¢(x) = 0, and so

l(x) = (g, x), VY eCl. (76)

We will now compare (g, ;) to gt(wt) by considering cases. Suppose that vy, < 1. In this case, we
have x; = w; and so

(gsy @) = (g4, wy) = Et(wt). [case where v < 1] 77)
Now suppose that ¢ > 1 and (g,, w;) > 0. In this case, we have x; = w;/~;, and so
(g1, @) = (g, wi /) < (gy,we) = li(wy).  [case where y; > 1, (g, wy) > 0] (78)

Now suppose that ¢ > 1, (g, wt) < 0, and w; € C. We note that this implies that v¢(w;) < 1 and
so S¢(w;) = 0 (Lemma 6). Thus, ¢;(w;) = (g;, w). On the other hand, by Lemma 10 we have
Y < ve(wy) + 0 < 1+ 0y, and so since x; = w; /7y, we have

(gr,@e) < (gp,we) /(L4 61) = (gy, wi) — 6(gy, we) /(14 6¢).
Thus, since ;(w;) = (g;, w;), the previous display implies that
(g1, @) < by(wy) + 6 R\ gy||. [case where v; > 1, (g, wy) < 0,w; € C] (79)

We now consider the last case where v, > 1, (g;, w) < 0, and w; ¢ C. We note that this implies
that y¢(w;) > 1. By the fact that v, < v¢(w;) + §; (Lemma 10), we have

~ Ot/ve(wy)
1+ 01/7c(wr)

<gt7wt> o <gt>wt/7C(wt)> _
(94, @) < (W) + 6 140 ve(wr) (g, wi/ve(wy))

(g, wi/ve(wy)),
(80)

Thus, since S¢(w;) = ve(wy) — 1 (by Lemma 6 and ¢ (w;) > 1), we get

St/ ~ve(we)

6t(gy, we)
7~ g wirelw)) + 5T TS

W (g, we/ve(wt)).

(94, t) - Se(we) < (gy, wy) —
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Adding this together with (80) and using the fact that ||w;|| < R, we get
(90, ®t) + (g4, @) Sc(wy) < (g, we) + 6:R|gyl],
and so after rearranging and using that £, (w;) = (g,, w;) — (g;, ;) Sc(wy), we get
(g, @) < l(wy) + 6 R||g;||. [case where v, > 1, (g,, w;) < 0,w; & C] (81)
By combining, (77), (78), (79), and (81), we obtain:
(ge,me) < lo(wy) + 61 R g,l-
Combining this with (75) and (76), we get
(gp @ — @) < ly(wy) — l(@) + 6, R\ gyl < (g, wi — ) + (26, + A)R|gll, Ve €C.

This shows (73). It remains to bound ||g,|| in terms of ||g, || and show that z; € C. When y; < 1,
we have g, = g, and x; = wy, and so ||g;|| = ||g;||. Furthermore, we also have that z; € C. In
fact, if y¢(w¢) < 9/16, then by definition of the Gauge function we have w; € C and the same
holds for x; (since x; = w;). On the other hand, if y¢(w;) > 9/16, then by Lemma 10, we have
vo(we) <y < 1 (7 < 1isthe case we are currently considering), and so x; = w; € C.

Now suppose that v; > 1. In this case, we have x; = w¢ /v and g, = g; — L(g, w,)<0(Gs, Tt) Vi-
The latter fact together with the positive homogeneity of the Gauge function (Lemma 42-(a,b))
imply that ve(®:) = Ye(wi/v) = ve(we)/v < ve(we)/ve(w) = 1 (since ye(w;) < v by
Lemma 10), and so ; € C. Using that ¢; € C (which implies that ||z;|| < R’) and that g, =

9t — Lig, wi)<0{gy, T1) Ve, we get

1g:ll = llg: = Lig, wiy<o(ge ) Vel < llgell(L + R vell) < (L + A¢ + 5) gy,

where the last inequality follows the fact that || v¢|| < A;/R + 1/r (by (17) which is implied by
Lemma 30). u

Proof of Lemma 7. Follows from Lemma 31 with R’ = R. [ |

1.2. Proof of Theorem 8 (Regret Bound in High Probability using OPT¢o)

Proof By Lemma 7, we have, forall w and t > 1, (g;, z¢ — ) < (g;, ws — x) + (20: + A¢) R||g,]|»
where (A¢) C R is a sequence of positive random variables satisfying E;_1[A;] < §;, for all
t € [T]. Summing this inequality for ¢ = 1, ..., T, we obtain, for all € C,

T T T
(g m— @) <) (G we— @)+ > (20 + A Rl|g]l,
t=1 t=1 t=1
T T
<2R, |12 @2+ (26 + AR g, (82)
t=1 t=1
T T
<A1+ KRR gl + D (200 + 580 Rllgq ]I, (83)
t=1 t=1
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where (82) follows by our choice of the subroutine A and the regret bound of FTRL-prox in Proposi-
tion 25, and the last inequality follows by the fact that ||g,|| < (1 4+ & + A¢)||g,|| (Lem. 7) and the
fact that (a + b)? < 2a? + 2b* for all a,b € R~g. By Lemma 7, we also have x; € C, Vt > 1.

We now instantiate (83) with the specific choice of tolerance sequence (d;) in theorem’s statement,
where we explicitly bound the right-most sum in (82) involving (A;). For this, we let X; =
Zle(Ai — &;), where 6; = E;_1[A;] < ;. The process (X;) is a martingale; that is, for all i > 1,
we have, E;[X;] = Xj, for all ¢ < t. Thus, by Doob’s martingale inequality (Durrett, 2019, Theorem
4.4.2) we have, forany p € (0,1) and T' > 1:

T T T
P ZAtZ(l—i—l/p)Zdt SIP’[XTZZ(L//) [maxXt>Z(5t/p]
t=1 t=1 = t=1
_PE[Xr VO] _
DT A

where the last inequality follows by the fact that E[ X7 V 0] < E[ZtT:l Ay < Zthl d¢. Using this
and the fact that Ztoil 1/ t? < 2 in combination with (83), we obtain (9). |

I.3. Proof of Theorem 15 (Regret Bound in Expectation using OPT 4 ¢-)

Proof Let (;)./t’ ét) = OPTCO (wt; (575) and (’%7 ét) = OPT1d7CO (wt; 5t) Further, let {/t = H{%Zl}gt’
and ~y; and v, be as in Algorithm 1. Note that by Proposition 11 and Lemma 13, we have || 5[]V ||| <
400 almost surely and so the expectations E; 1 [[(5,>118¢] and E;_1[[5,>1,8¢] are well defined. We
also note that v, = 44 = ¥, and v, wy, g,, and x; are all deterministic functions of the past (wy it
the output of FTRL-prox, which is a deterministic function of the past).

By Lemma 7, there exists a random variable A; > 0 satisfying E;_1[A;] and such that for all
t>1,

Ve el, (gyx—x) < (g, — H(gt,wt)<0<gta Ty) Ve, wy — ) + (200 + Ay) R| g, ], (84)
Now by Lemma 13, and the law of total expectation, we have, for all € C,

E

E[<gtvmt >] E,— 1[<gtvmt m>H’

[
< E[Ei-1[{g; — Lig, we)<0(Gt, Tt) Ve, we — ) + (20t + Ar) R gy[[]], (by (84))
< E[Ei-1[{g; — Lig, . we)<0(gs, Tt) Vi, we — )] + 36: R g, ][],
= E[ {fe<1} " Ei1[(g;, ws — x)]]

+ E[H{’?t21} . Et—1[<gt — H<9t7’wt><0<gt7wt>'§ta wy — 33)] + 35tR||gt||],
= E[l5,<1y - Ei—1[(gs, wr — x)]]

+ El5,>13 - Bi1[(g: — Lig, w,)<0(ge> 1) 81, we — )] + 30 R||g,ll],  (85)
= E[Ei—1[(g; — Lig, w,)<0(gs> Tt) Ve, we — )] + 30: || g4 |1,
= E[(g;, w; — ) + 36:R||g,|l], (86)
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where (85) follows by the facts that 4, = 44 and E;_1[8;] = E;_1[8;], when 4; > 1 (Lemma 13).
Summing (86) fort =1,...,T, we obtain,

)

T r T T
Ve eC, Y Elg,m —a) <E|> (g, w—x)+3) &R|gl
t=1 | t=

t=1 t=1
e
<E 2R\22||§t||2+325tRHgtH : ®7)
i t=1 t=1
— T
<2R\|E(2) B [llg )| +E 3D 6Rlgll|. (88)
L t=1 t=1

where the last step follows by Jensen’s inequality and (87) follows by our choice of the subroutine A
(=FTRL-prox) and the regret bound of FTRL-prox in Proposition 25.

It remains to bound ||g,|| in terms of ||g,|| and show that ; € C. First, if , < 1, then
(gsy @) = (g4, wy), and s0 ||g|| < ||g¢]|(1 + R||s¢]|). Furthermore, we also have that x; € C. In
fact, if y¢(w:) < 9/16, then by definition of the Gauge function we have w; € C and the same
holds for x; (since x; = w;). On the other hand, if y¢(w;) > 9/16, then by Lemma 10, we have
ve(wy) <y < 1,and so ¢y = wy € C.

Now suppose that 7, > 1. In this case, we have ; = w;/v; and v; = s;. Using this, the
triangular inequality, and Cauchy Schwarz, we get

19:1l = (g0, w) = Tig, wiy<o - (Gss ®e) - sell = llgell + Nlgellllwell /v - [l sell < [lgell (1 + Rllse]]),

where the last inequality follows by the fact that 7, > 1. Therefore, using Lemma 13, we get
1921l < [lgell (1 + A¢ + <) and

Ee-1(lg)%] < 20lg./*(1 + R*Eer[llsell*]) = 2llg,|* (1 + RPEe—a[[5)1%]) < 2llge*(1 + d - (5 + 6)%).

Plugging this into (88) leads to, for all x € C,

T T T
S Bllg @ - @)] < 4R[S (1 +d- (5 +8)2) - Ellg? + 38 | 3 - \gt\] ,
t=1 t=1 t=1
T
<R\ Y1+ d (5401 Bllgy 2]+ 007 B [maxg].
t=1

where in the last inequality we used that Z:;Of 1/ t2 < 2. Furthermore, when v > 1, we have

Ye(xt) = ve(we/ve) = ve(we) /v < ve(we)/ve(we) = 1 (since ye(wy) < 74 by Lemma 10), and
soxy € C. [ |

L.4. Proof of Theorem 16 (Regret Bound in High Probability using OPT 14 co)

To prove Theorem 16, we need the following extension of Lemma 13:
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Lemma 32 Lero € (0,1), w € B(R), and k == R/r, with ry,R > 0 as in (1). Further, let
(7,8) = OPTeo(w; §) and (4, 8) = OPT 14 co(w; d) (Alg. 4). Then, ¥ = 7, ||8]| < +o0 a.s., and if
4 > 1 it follows that

E[3] =E[3], E[|3|*] <d-(1/r+3§/R)*, (89)

I3loc < d - (1/r +38/R), I8l <d-(1/r+06/R), and E[|3]"] <d®-(1/r+5/R)".
(90)

Proof Lemma 13 implies (89). We now show (90). Proposition 11 implies that §; < §/R + 1/, for
all i € [d]. Let I € [d] be the random variable in Algorithm 4 generated during the call to OPT 4 co
in the lemma’s statement. Since, conditioned on I = 1, §;/d has the same distribution as §; and
$; = O when I # i, we getthat §; < d - (1/r + §/R). This implies the first inequality in (90). Using
this, we get

Bllsl) = Bllsred ) =Elf) < & (1 + 5 ) B =& (5 +5) Ellsl?

where the last inequality follows the right-most inequality in (89). This shows the right-most
inequality in (90). Finally, we have

131 = 181] < Hé%(|§i| <d-(1/r+6/R),

where the last inequality follows by the first inequality in (90), which we already showed. Now we
do not assume that 4 > 1 anymore. Finally, the fact that ||| < +oc follows by Lemma 13. [

Proof of Theorem 16. The fact that (;) C C follows from Lemma 15. Let (%, §;) = OPTco (wy; 6¢)
and (%, 8;) = OPT1q,co(wy; 6;). Further, let v, := I{5,>1}8t, and ¢ and v; be as in Algorithm 1.
Note that by Proposition 11 and Lemma 13, we have ||| V ||8¢|| < +oc almost surely and so the
expectations Et,l[}l{:ﬂzl}ét] and Et,l[]l{%zl}ét] are well defined. We also note that v, = J4 = 4,
and y;, wy, and x; are all deterministic functions of the past (w; it the output of FTRL-prox, which
is a deterministic function of the past).

By Lemma 7, there exists a random variable A; > 0 satisfying E;_;[A;] and such that for all
t>1,

Ve €C, (gp @ — ) < (g — Lig, w,)<0(Gt, Tt) Vi, we — ) + (20 + Ar) R||ge ||
= (G, wt — x) + Lig, w)<0(gs ) (Ve — Vi, W — )
+ (20; + A¢)R||g,]|- 1

Fix € C and let X; := ]I<gt7wt><0<gt, x;) - (V¢ — Vi, wy — x). We start by bounding | X;| from
above. By the fact that ; € C and the B-Lipschitzness of ¢;, we have

1 Xe| < 2[lg, || Rllve = vill <2RB - (|[vell + [[vell) < 4dRB - (s +9), (92)

where the last inequality follows by the fact that v; [resp. V;] has the same distribution as ]I{%Zl}ét
[resp. I{5,>1}8¢], and [|8; - Iy, >y || < d- (/R + 1/r) by Lemma 32 [resp. [|8; - L5513 <
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d- (6/R+ 1/r) by Proposition 11]. We now show that E;_;[X;] = 0. Using the definition of X,
we have
By 1[Xe] = Be1[liz, <1y - Lig, i) <0(Gt ®t) - (Vi — Vi, wy — )]
+ Er1[li5,513 - Lg, iy <0(ges o) - (Vi — Vi, wi — )],
=Ei1[li5,51y - Lig, i) <0(ge: T) - (80 — 8, wie — )] = 0, (93)
where the equalities in (93) follow by the facts that 4; = 44+ = v (by Lemma 32); v; = & = 0
if 74 > 1; and that E;_1[[5,>1y - (8t — 8;)] = 0 (by Lemma 32). Using that a; is a deterministic
function of the past, we get
Ee1[X7] < [l ge P B[l ve = Vil* - [l — |%],
< 8RY|gy|PEea[([vel® + [Vel®)], (2 €C)
< 8RYgylIPEe1[Lgg,>1y - (136]” + 113:]°)],
< 8R*B%d(k + 0)%. (94)

where the last inequality follows by Lemma 32 and Proposition 11. Thus, by (91), (92), (93), (94),
and Freedman'’s inequality (Theorem 40), we have, for any p € (0, 1), with probability at least 1 — p,

t=1
T T
=) (@ wi—x)+ Y (26 + A)R| gl + 4RB(k + 6)\/2dT Inp~! + 4dRB - (k + 6),
t=1 t=1
T T
<2R\ |2 (1@l + D (20 + A)Rl\gy|l + ARB(k + 6)\/2dT In p~' + 4dRB - (r: + 0),
t=1 t=1

(95)

where the last inequality follows by the regret bound FTRL-prox in Proposition 25. We now bound
the first two terms on the RHS of (95). We start with 1| [|g,||*. With Y; == ||g,||%, we have

Er-1[Ye] < Ee-1[2]lgl* + 2l gel* e[ vel”],
< 2B RPEr1[l5, <1y - [VelP) + 2B° RZEea [Tz o1y - 1517 + 20l (e €C)
< 2dB*(k + 6)* + 2B?, (96)
where the last inequality follows by Lemma 32. Similarly, we also have
Ee-1[Y?] < Ee-1[8llgoll* + 8llgll*lze [l vell"],
=8B*R'Ey_1[||v¢||*] + 8B*, (z: €0)
=8B R'Ey_1[I{5,<1y - [ vel|*] + 8B*R'Ey 1[I, 51y - 13:]"] + 8B,
< 8d3B*(k + 0)* + 8B4, 97)
where the last inequality follows by Lemma 32. Also, we have

Vil < llgell + llgellllee[l[lvell < B - (1 + Rllvell) < B- (1 +d- (s +9)), (98)
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where the last inequality follows by the fact that v; has the same distribution as I, >1; 8¢, and
I8¢l < d-(6/R~+1/r) by Lemma 32. By combining (96), (97), and (98), and applying Freedman’s
inequality (Theorem 40), we get for all p > 0, with probability at least 1 — p,

T T
S gl <D Eealllgel?]) + 44/2BA1 + B3 (s + )N T In(1/p) + B*(1 + d(k + 6))* In(1/5),
t=1 t=1

< 4B2%d(k 4 0)*T + 84*?B%(k 4 6)%\/TIn(1/p) + B>(1 + d(k + 6))*1In(1/6),
< 12B%d(k + 6)*T + 4B%*d*(k + 6)*In(1/6), (99)

where the last inequality follows by the fact that dIn(1/p) < T'. Finally, by Markov’s inequality and
the fact that ¢; is B-Lipschitz, we have, for all p,

T T T T
— = E[AtHg H] PZ — E[At] PZ _10¢
P A > 2B6VTp | < P2z < =1 < =120 < p,
Z tllgell > P = 95 BT = 95v/T = 2 =p
(100)

t=1

where the last inequality follows the fact that 6, = 6 /¢~/2 and Z?zl 1/t=12 < 2y/T,forall T > 1.
By combining (95), (99), and (100), and a union bound, we get, with probability at least 1 — 3p,

T

Z(gtv Tt — ZI)>

t=1
<4RB(k 4 0)\/6dT + 2dIn p~! + 6RBSVT/p + 4RB(k + 0)\/2dT In p=! + 4dRB - (k + 9),
<8RB(k +0)\/dT(3+1Inp=1) + dlnp=! +2dBR- (2 + 6 - (2+ 3VT/p)),

where the last inequality follows by the fact that \/a 4+ v/b < v/2a + 2b. This completes the proof. H

L.5. Proof of Theorem 17 (The Strongly Convex Case)

Before proving Theorem 17, we present a result that may be viewed as an extension of Lemma 7:

Lemma 33 Let wy, g, and x; be as in Algorithm 1 with Oco = OPT¢o, any tolerance sequence
(6s) € (0,1/3), and any OCO subroutine A defined on B(R) (R as in (1)). Then, for allt > 1 and
all x € C, we have

(Ge, ) < (G wi) + (200 + Ag) Rl g4
where A, € [0, 152d4n35t_ 2] is the random variable in Lemma 7, which satisfies Ey_1[A¢] < 6.
Proof Instantiating (5) in Lemma 7 with x = x, we get
(@ wi) = o(wi) = b(@p) + (@ @) — (0 + Do) R gy (101)

Now, to get the desired result, we need to show that £;(w;) — y(x;) > —6;R||g,||. When ; < 1,
we have x; = w; and so

l(xy) = gt(wt). [case where v < 1] (102)
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Now, suppose that ; > 1 and (g,, w;) > 0. By the fact that x; = w; /7, we get

Zt(mt) =(g;, 1) < (gy, wy) = Zt(wt). [case where v > 1, (g,, w;) > 0] (103)
Now suppose that y; > 1, (g, wt) < 0, and wy € C. We note that this implies that y¢(w;) < 1 and
so S¢(w;) = 0 (Lemma 6). Thus, ¢;(w;) = (g;, w¢). On the other hand, by Lemma 10 we have
Y < ye(wy) + 6 < 1+ 0, and so since x; = wy /v, we have

(g1, ) < gy, we) /(1 +6t) = (gy, wr) — 0egy, we) /(1 + J¢).

Thus, since ¢ (w;) = (g;, w;) and l;(x;) = (g,, ®;) (because x; € C), the previous display implies
that

gt(ibt) = <gtﬂ wt> < &(wt) + 5tRHgtH [case where Y > 1, (gt,wt> < O,wt S C] (104)

We now consider the last case where v, > 1, (g;, w) < 0, and w; ¢ C. We note that this implies
that ¢ (w;) > 1. By the fact that v, < v¢(w¢) + ; (Lemma 10), we have

ot /e (wy)
W (g, wt/Vfl(;l;t))%

<gt7wt> _ <gt>wt/7C('wt)> _
(94, xe) < W) + 6 140 ve(wr) (g4, wi/ve(wy)) —

Thus, since S¢(w;¢) = ve(w) — 1 (by Lemma 6 and ¢ (w;) > 1), we get

o¢/ve(we) )(gt,’wt/VC(wt»

(gs ) - Se(wy) < (gy, wy) — W

6t(gs, wi)
150, /7c(ws) (g4, wi/ve(wy)) +

Adding this together with (105) and using the fact that ||w;|| < R, we get
(ge> 1) +(gp, 1) Sc(wi) < (g, wi) + 9 R|gel;

and so after rearranging and using that Zt(g;t) = (x4, g,) (since x; € C) and Zt(wt) = (g;, w;) —
(g, ) Sc(wy), we get

(g ) < by(wy) + 6 R||gy]|. [case where v > 1, (g,, w;) < 0,w; & C] (106)
By combining, (102), (103), (104), and (106), we obtain:
gt(ﬂ’ﬁt) < gt(wt) + 0t Rl|g,||-
Combining this with (101), we get

(Gp> o) < (G, we) + (20: + Ay R||gy |-

We now present the versions of Lemmas 7 and 33 when O¢o = OPT1qco:
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Lemma 34 Let wy, g;, and x4 be as in Algorithm 1 with Oce = OPT1q co; any tolerance sequence
(6s) € (0,1/3); any tolerance sequence (65) C (0,1/3); and any OCO subroutine A defined on
B(R) (R as in (1)). Then, for all t > 1, x; € C and there exists a family of random variables
{&(x) : @ € C} such that for all x € C, Ey_1[&(x)] = 0, |§(x)| < 4d(k + 0r) R||g || almost surely,
and

(g, xt —x) < (gy, we — ) + (20 + Ar) R||ge || + &(); (107)
(Gps ) <Gy, wi) + (200 + Ap) R|| gy || + & (4), (108)

where A; € |0, 152d4/€35t_ 2] is a random variable satisfying By_1[A] < 0. Furthermore,
(1+ dr + dAy)||g,ll and Be1[]|g, 1] < 2(1 + d(k + 6:)%)[|g,|I>-

g:ll <

Proof Lett > 1; & € C; (3, 8:) = OPTco(wy; 0¢); and (94, 8;) = OPTyq,co(wy; 0¢). Further,
let v; := Iyy5,>138¢ and () = Lig, w,)<0(Gt, Tt) (Vi — Vi, w; — x). By Lemma 7, there exists a
random variable A; > 0 satisfying E,_;[A;] < d; and such that forallt > 1 and x € C,

(91 — Lig, i) <0(Gs, Tt) Vi, wi — ) + (26 + Ar) R g,
(g, we — ) + (20t + Ar) Rl|gy]| + ().

<gt7xt - (E> <
<

By Proposition 11 and Lemma 32, we have ||5;|| VV ||5¢|| < d - (1/R 4+ ¢/r) whenever 4, = 7 > 1.
This implies that || v¢|| V ||[V¢]| < d- (1/R+ d/r), and so | ()| < 4d(k + 0)R||g;||. We now show
that the conditional expectation of &;(x) is zero. By Lemma 13, and the law of total expectation, we
have

Et—l[gt(m)] < Et—l[ﬂ<gt,wt><0<gtv wt><vt — Vi, Wy — :13>],

= Li5,>1) - Lig, i) <0(Gp ) (Be—1[ve — Vi], we — ), (109)
= I5,>1y - Lig, wi)<0(ge> ) (Be—1[s¢ — 5¢], wy — ),
—0. (110)

where (109) follows by the fact that wy, v, ¢, and g, are deterministic function of the past, and
(110) follows by the fact 44 = 44; and E;_1[8;] = E;_1[8¢], when 44 > 1 (Lemma 13). This shows
(107). We follow similar steps to show (108), but we use the result of Lemma 33 instead of Lemma
7. By Lemma 33, we have

<gt - H(gt,'wt><0<gt7 $t>\~/t7 xt> < <gt - H(gt,wt><0<gt7 mt>\~/t7 wt> + (2515 + At)RHgtHa
and so by rearranging, we get

(@1, ®0) < (Gp, wi) + (200 + Ar) Rllgyl| + & ().
This shows (108). We now bound ||g,||. When 7; < 1, we have g, = g, and so ||g,|| < (1 + dr +
dAy)]|g;| holds trivially. Now suppose that 4; > 1. In this case, v, has the same distribution as
I¢4,>1y8t, and so
[
Tt

1921l = 1Ky, w) = Tig, wiy<0(ge e) Vel = llgell + 1. Vel < llgell (X + Rl[vell)

< (1+dA; +dr)|gq,
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where the last inequality follows from the fact that Iy5,>1;[|8:|| < d - (A¢/R + 1/7), by Lemma 32.
From the penultimate inequality in the above display and Lemma 13, we also have

Ec-1(lg:1%] < 2lgil*(1 + R*Eea[l13:]°]) < 2llg,[(1 +d - (r +6:)°).

Finally, the fact that ; C C follows from Theorem 15. In fact, looking at the proof of Theorem 15 it
is clear that the fact that (;) C C only uses the fact that the subroutine A outputs iterates in (x;) in
B(R). |

We now present the proof of Theorem 17. We note that the proof follows from that of (Cutkosky and
Orabona, 2018, Theorem 7) with small modifications to account for the differences between their
constrained-to-unconstrained reduction and our projection-free reduction (Algorithm 1), as well as
the differences described in Section C.2 to achieve scale-invariance.

Proof of Theorem 17. First of all, note that () C C follows directly from Lemma 34. Next, we
will instantiate Theorem 35 below with &; = 6 /2 for all t > 1 and some 6 € (0,1/3). By Lemma
34 and the fact that the losses are B-Lipschitz, the variables (7, Z7, M, and Nt in Theorem 35
below satisfy

* E[¢r] < 1+ drk + 2dS7, where we used the fact that E;_1[A¢] < §; and Y 50 1/t2 < 2.

(r < 162d°K3 /62, where we used the fact that Ay < 152d*k3 /62, Vt.

Zp < €2+ B2(164d'"9x5/63)(1 + T) < B2(16*d*°:%/6%)(2 + T)).

My <2, /Iny (21691559 /04.(2T + 1)2RB2/¢?).

E[N7] < E[4(1+4dk+2d8)BIny (4(16%d"5%/6%)(2T + 1)>RB?/€*) + ¢/ R+ (1 + 2dk +
8d5) B]. This follows by the facts that E[(7] < 1+ dk + 2d§ and (1 < 16%d°k3 /2.

Ee1[19:]1%] < 2(1 + d(x + 6,)?)||g;||* by Lemma 34.

Thus, for v .= 1/(R A 1) 4+ k + 26, there exists W = O (In(e + kdRT B/(d¢))) such that

T r T
E|Y (gs @ — @) | < Wry |E|D |Gl ||z — 2|?| + dvRBWZ,
t=1 Li=1
r T
= Wr\|E Y B[l @ — @] | +dvRBWS,
Li=1
r T
< Wiy |E (2402 |lg,|?|@: — 2||?| + dvRBW?Z,
L t=1
T
< Ur E[Z]gt]2||:ct—az||2 + RBU% /v, (111)
t=1
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where Ur = O (vd'/?In(e + kdRTB/(d¢))). Thus, for general convex functions, we have, in
expectation

T
> (t(xy) — ty()) < UrRBVT + RBU}/v.
t=1

For p-strongly convex functions (¢;), we have

T
E Z(Zt(mt)—ét(m))]
t=1
T i T
<E |3 (g, —m>] ~E [22\\@ —ww] ,
t=1 t=1
T i T
<Ur,|E ;HgtH?llmt—wlP + RBU; /v —E Z;Ith—wH?], (112)
T T
§7i]gg{E > gl — 2| /n +77UT/4} py e —|*/2| + vRBUZ /v,
t=1 t=1
T 2 2772
B*U.
S%E Z”*‘;fﬂ e — | + = T—E[gZ]wt—ml2 + RBUZ /v, (113)
t=1 K t=1
<B*U%/(2u) + RBUZ /v
where (112) follows by (111) and (113) follows by setting 17 = 2B2/u. |

Theorem 35 Let 0 € (0,1/3) and k = R/r, with r and R as in (1). Suppose that Algorithm 1 is
run with Oco = OPT g0, 0p = §/t2, ¥t > 1, and sub-routine A set to Alg. 5 with parameter € > 0.
Then, for any adversarial sequence of convex losses ({) on C, the iterates (x;) of Alg. 1 in response

to (£y) satisfy,

T
VT > 1Yz €C, Y (g, @ — @) < Mp, |2
t=1

T
_ Zr
(€ + ¢rBR) |z l|2 + ) 11§l — 2 ‘In =5

t=1

Z
+2RNp - <1 +In 62T> + Er(z),

where g, € 0l(x¢), Vt, Br = e V maxycr) ||g:|,

Zr, Mrp,E7(x) and Nt are such that:

e (r =1+4+dr+ dmaXtG[T] Ay, with Ay > 0 a non-negative random variable satisfying
Ei—1[Af] < 6.

>, T ~ T
* Zr <+ Br+ Y 19 < €+ GBE+ G lladl®

* Mr = 2\/1H+ (2¢2(R + 2GRT)Qr/€?), and Q1 = € + >, |lgil>
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e Zp(x) = Ethl &(x), where {&(x) = @ € C} is a family of random variables satisfying for
allx € C, Et_l[ft(:c)] =0.

* Np:=4Bring (4¢2Br(R + 2G:RT)/Qr/€?) +BT+§+ZtT:1(25t+At)HgtH +2d(k+
8)Br.

Proof Define (; := 1 + dx + dmaxs<¢ As, where kK = R/r and A, is the same random variable
as in Lemma 34. Note that (; > 0 and E[(;] < 1 + dk + dZizl ds. For any t > 1, consider the
random vector X, that takes value azl for s < t with probability proportional to ||g;||?, and value
0 with probability proportional to €2 + B2, where B; := € \V max;ep [|g;]| and g; =~ g, - B 1 / By
(see Algorithm 5). Moving forward, we define

= Hflt”2> and  zoy = e+ Btz,

sothat Z; := 204 + >y 2z = €2+ B + 3°4_, [1:]|>. We make the following definitions/observa-
tions:

* We define Vp(x) = zo.7||z|? + S0, zillxe — ®|? = Zr - E[| X1 — 2||?] .

« 7 < (2B2 - (T +1) + €2, forall t € [T, which follows from Lemma 34.

z, = E[ X, = Zt_1 . 2221 zi - ®; = vy/Z;, where (v;) are as in Algorithm 5.

of = (204 Tel* + iy 2 - @i = Tel|?)/Ze so that of = E[|| X — 7).

To prove the theorem, we are going to show for any « € C,

T
/ Z Zr
Z<gt, wt—w> < MT\/ZT . HCB — .’L‘TH2+MT O’% - Zr-In ?g—l-QRNT <1 +1In — >+._T( )

t=1

(114)
where M7 and N are as in (116) and (117) below, respectively, which implies the desired bound by
a bias-variance decomposition:

Zy || — Fp|* + Zy - 0% = Zr - B[|| X1 — z|?] = V().

In particular, combining this with (114) and using the fact that \/z + \/y < /2(x + y) for all
z,y > 0, we get

T

7 7z
> gy x —x) < MT\/2VT(ac) N — @2 1n€—2T +2RNp - (1 +1In ;) + Ep(x).
t=1

To get to (114), first observe that for all € C, the linearized regret of Algorithm 5 satisfies

T T T

*)
Z<gt7 Ty —T) — Z<gtv T —T) = 9y — Gy, @ — ) < QRZ(Bt — Bi-1) < 2RBr,
t=1 t=1

t=1 t=1

Fjﬂ
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where (x) following by Cauchy Schwarz. Using this together with (107) (multiplied by Bi_1/By)
and the clipped regret of FreeGrad in Proposition 26, we have, for all x € C,

W

(gyyxy —x) — 2RBp

t=1
T
< Z<gt7 Ly — :B>7
t=1
T T T
< Z(Qu wy—x) + 2(25t + Ay)R[gyl| + Z ()
=1 t=1 t=1
T T T
= (Gpur— (@ —21) + Y (90T 1 — 1) + Y _(&(®) + (200 + AR gy]),
=1 =1 =1
T
=Mr\/Zr - l& = Zr|2+ Y (9, Fe1 — Tr) + 2RNy + Ep(2), (115)

t=1

where Zp(x) = Zthl &i(x). Note that the first term on the RHS of (115) is exactly what we want,
so we only have to derive an upper bound on the second one. This is readily done through Lemma 36
that immediately gives us the stated result. |

Lemma 36 Under the hypotheses of Theorem 35, we have
T
Z 91, Ti—1 — @) < Myor\/ Zr ln Ty 2RNr - ln , Where
t=1

2
My = 2\/1n+ <2Ct (R+€22<tRT)QT>, Qr = 2 + Z ”gt”Q; and (116)
t=1

Np =4 BrIny <4gthT(R +€§QRT)\/@>

T
+ Br+ — + Y (26, + Ay)llg, | + 2d(r + 8)Br
R t=1
(117)

Proof We have that

t

t—1
Z@i@i—l —Ty) — Z 9, Ti—1 — Ty_1) <ngwt 1= wt> :
i=1

i=1

The telescoping sum gives us

T ¢ T
Z@tajtfl —z7) = Z <Zfli>$t1 - iBt> < Z
t=1 t=1

t=1

@1 — ¢ -

t
D4
i=1

So in order to bound Zthl@t,fH — ), it suffices to bound HZle 9i|| |Ti—1 — =] by a
sufficiently small value. First, we will tackle HZle a; H By Lemma 34 (in particular (108)) and the
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fact that g, = g, - By—1/ B, we have, for all z > 0,

t t
E g;
i=1

MH

> —2R||gill +

i=1

r< > (g,xi —Ti1) + (since z;, ;1 € C)

=1

<giawi — T 1 z+ Zéz mz 26 + A )RHg'L”)

'M“

1

7

Zgz

(ir wi)

x+Z (26; + ARl g, +Z£Z x;),

Il
AM“

=1

t 2 t
<ar (@5 1o s (252) S em
=1

i=1

t

2
+ 3726 + A)Rlg;]| + 4w n (W) be  (113)

=1

where w; is the ith output of FreeGrad, Q; := >+ 3_/_, [|g;]|* < €2 +¢B?, and (] := maxycp {(1+
dr + dAs)Bs}. The passage to (118) follows from the regret bound FreeGrad (see Proposition 26)
and the fact that ||g,|| < ¢;|g,|| (see Lemma 34). Moving forward, we let Gy == e + > _i_,(26; +
A;)R||g;||. Dividing by z in (118) and solving for HZ:Zl giH, we get

t
2 2
<2 <e2 +3° |ygl-||2> In, ( Cteth)
i=1
42 BzVQ G: 2R~ .. ., 1<
+4¢;In (t;t + ?t +— Z 195!l + p Z&‘(ﬂ%‘) :
=1 i=1

Setx = R+ 2R, (13, V lg:])/ Br and using the facts that [|3,]| < Gulg, | and |é()] <
4d(k + 6¢)R||g,||, for all z € C (see Lemma 34), we conclude that:

t

> 4

i=1

t

> 4

=1

t
2+ > [1gill? + Vi, where
=1

M = 2\/ln+ <2<t2(R +6§Cth)Qt>,

2
and Ny = 4¢] - Ins (4Ct Bt(R—i-Z?Cth)VQt) LB C;% +2d(k + 8) By
€

< M;

We recall that Q; == €2 + S°4_, ||g,]|> < €% + tB?. With this in hand, we have

T t
Z<gta7 - Zgz
t=1 1=1

|21 — 2],

t T
&+ 3 g l21Ter — Tl + Nr Y [Tes — Fl|
i=1 t=1
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Now, we relate ||Z;—; — T|| to ||x; — &)

_ _ Zy 1T 1 + ||gy]|?x a2 G112 a2
LTt—1—Lt = Tt—1— i th Gl = ”thtH (Tp1—2¢) = HthtH (wt—mt)-i-HthJ‘ (Tp1—T4),
that implies
Zi - (@1 — %) = 9l (@0 — ) + [|G]* (@1 — F0),

that is

gl -

L1 — Lt = 7 (ar;t — $t) . (119)

t—1

Hence, we have

T t T ~ 112
A 120 = g _
2@+ a2 - el < MY V2 e,
t=1 i=1 t=1 =1
and
o A ~ g
Np > |z — Zea| < NTZKH@ T < QRNTZT1 :
t=1 t=1 "7 t=1 "7
Using Cauchy—Schwarz inequality, we have
~ el ~ladl? |5~ Ze o :
MTZthf\\wt — | < Mpy | Y > 7 H Pl — 2e]|?
t=1 t=1 t=1 <=1 \ =1 7t
So, putting together the last inequalities, we have
£ 9t Ti—1 T)> MT o 71&—1 t—1 gs t— Tt Zt L

||gt||

We now focus on the the term Zt 1 that is easily bounded:

[

Z 19: Z 1911 e Zr
Zt 1 B +Zz 1” z”z B 62

where the first inequality follows by the fact that B; 1 > ||g,||,

inequality
T T
a 00
Z - 3 <In tho t 7
=1 Zi:o aq ao
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for all a; > 0. To bound the term 3.7 | 2t||g,|?|lz+ — %|? from above, observe that

Zy—1
~ T
o7 Zr = (€ + BE)|[®0[1” + > g P llz: -z,
t=1
~ T—-1
> (& + Br_)lzell” + D Nl llee — z2|” + g7l |@r — 22 )%,
t=1

= Zr_1-(op_y + @1 — T |?) + |g7 | |er — 7|,

~ 2
N g —
~ Zracha + larl? (14 970 for - a0,
T-1

. Zr _
=Zr_10p_ + HQTHQ?HCET —z7|?,

where the third equality comes from bias-variance decomposition and the fourth one comes from (119).
Hence, we have

T T
Zt a2 — 2 2 2 2
> 7 19el” e — 2" = > (072 — 07 1Zi1) < 05 Zr .
=1 “t-1 t—1
Putting all together, we have the stated bound. |

1.6. Proof of Theorem 18 (The Smooth Stochastic Case)

We will need to use the result of Lemma 31 (in particular (73)) to show the desired convergence rate.
In order for the result of Lemma 31 to be valid in the setting of Theorem 18, we need to show that
the iterates (w;) in Algorithm 6 are in B(R), which is what we do next:

Lemma 37 In the setting of Theorem 18, we have (w;) C B(R).

Proof Let v be as in Algorithm 6. For ¢ = 1, we have w; = 0. For{ > 1, we have w; =
(1 — pe)(@i—1 — M—19;_1) + peue and ||ug]| < R’ (since it is the output of FTRL-prox with
parameter R'), and so

vR|g;||
lwell < (1= p)ll@erll + B + ne-alllge 1| = 1 = p)|@ea |l + R + Ttl
< (1= po)lleall + (e + V)R

Thus, w; € B(R) if &; € C (which implies ||x;|| < R’). We will now show that ¢; € C. We consider
two cases. Suppose that ¢ < 1. In this case, x; = wy. If y¢(w;) < 9/16, then by definition of the
Gauge function we have w; € C and the same holds for x; (since ; = w;). On the other hand, if
~ve(we) > 9/16, then by Lemma 10, we have ¢ (w;) <y < 1, and so ¢y = w; € C.

Now suppose that v, > 1. In this case, we have x; = w; /7y and so vc(x:) = Ye(wi/v) =
Ye(we)/ve < ve(we) /ve(we) = 1 (since ye(wy) < ¢ by Lemma 10), and so z; € C. u

The following lemma will also be useful to us in the proof of Theorem 18:
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Lemma 38 Let 3 > 0,t > 1, &, € R? be a random vector satisfying (23) for o > 0, and {; be as
in (22). Further, suppose that C satisfies (26). When f is 3-smooth on C, we have,

E[HgtHQ] < o?+2R'B, forany x € C and g, € 0ly(x).

Proof Let x € C and g, € 9/, (x). First, since f is differentiable, ¢, is also differentiable. Thus,
g, = Vf(x) + &, and so

Ellg:?] = ENVf(@)|* + 2V f(x),&) + 1&]°) = [Vf ()| + El& %) < 2R3 + 02,

where the last inequality follows (23) and (25). |

We now present the proof of Theorem 18. We note that the proof is very similar to that of (Cutkosky,
2019, Theorem 4) with modifications to account for the application of our projection-free reduction
(Algorithm 1).

Proof of Theorem 18. Throughout this proof, we let \; = t, V¢, and v and R’ be as in (26). Note
that A; in Algorithm 6 satisfies A; = 2221 As. By a standard convexity argument, we have

T
E [Z N(f (@) - f(@))
t=1

r T
<E D Mlgym— m>]
Li=1

r T T
<E Z)\t<gt7wt —x)| +E Z3>\t5tRH9tH , (by Lemma 31)
Lt=1 t=1
A T
=E Z )\t@t,ut - $> + Z >\t<gt, w¢ — Ut>]
Lt=1 t=1

+E
t=1

T
> M6 R-Efllg| | iEt]] ;

<E

T
Z At(Gy ue — @) + Z Au(gp, we — ut>]

t=1 t=1

T
+ 3R\ 02+ 28R " N6y, (120)
t=1

where the last inequality follows by Lemma 38 and Jensen’s inequality. By letting y, := s — 159,
we have by Line 8 of Algorithm 6

As - (ws —ug) = A1 - (Y, —ws), foralls > 1. (121)

Moreover, the first term on the RHS of (120) is the regret of the FTRL-prox instance (Algorithm A)
within Algorithm 6. Thus, by Proposition 25 and Lemma 31, this term is bounded from above by

T T

RETRE(2) == A(1+ )R\ | Y M llge|? + 4R > MAdllgll, Ve eC. (122)
t=1 t=1
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Plugging (121) and (122) into (120), yields
[T
E Z Ae(f(xr) — f(w))]
ZAt 1090, Y1 — wy)

ZAt UGt Y1 — )]
+ 3R\/02? + 28R’ Z \eSe, (123)

<E :RFTRL }—HE

+ 3R\/o? + 28R’ Z \ede,

+E

T
Z3At 16:Rlg,|
=1

[RFTRL }—FE ZAt g6 Y1 — )

T
Z?)(StAt 1R -Efllgell | 2]

+3R\/02 + 28R’ Z \eSt,

<E [rR;FpTRL(w)} +E

+3R\/0?2 + 28R’ Z(At + Ay_1)b,
t=1

Z Ai—1(gs Y1 — 1)
t=1

where (123) follows by Lemma 31, and the last inequality follows by Lemma 38 and Jensen’s
inequality. Next, we use convexity again to argue

E[{gs, Y1 — 20)] <E[f (Y1) = f(=0)],

and then we subtract E[3"7_, A f ()] from both sides:

T

T
E[-Arf(z)] <E [R;TRL(-’E)} ) (A f(ye1) = Auf (@) + 3RV o2 + 28R (M + Ar-1)dy
t=1

t=1

Now we use smoothness to relate f(y,) to f(x;). Let v := 4v/2(1 + k) so that n; = vR'/\/Z;,
where Z, is as in Algorithm 6; i.e. Z; := €2 + >_'_, As||g,||>. With this, we have:

Elf(y)] < E[f (@) + Vf(2e)(y; — x1) + gHmt — %),
5”?”91&”2 '

<E |flen) — mlonl? + m(eeg0) + 7

Then multiply by Ay:

VR Ayl|g,|? N BniAdllg,|?

- 5 + neMi(€rs 9r)
Ve + T Adllg,|?

ElA(f(ys) = f(m))] <E |-
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Next, we make use of the following facts (see e.g. (Cutkosky, 2019; Levy et al., 2018)): for positive
numbers «y, . . ., Gy,

n
Ck—zi' <In (ao —|—Zai> — In ayg.

j=1 o7 i=1

Using this, we obtain

rT
E ZAt(f(yt) - f(CCt))] (124)
=1
[ T 2( p\2 T 2
, v (R')*p Zt:l AtHQtH
<E|-vR' |2+ ;AtHgtHQ - (14 SR
i T
+vR'e+E Znt<€t7Atgt> ;
t=1
T T
<E |-vR' |2+ ZAtHQtHQ +vRe+E Znt<£t>Atgt>
t=1 t=1
2 /\2 T ME 2
I 1% (R) ,3 1 + Zt:l t [”gt” ] ’ (125)
2 g2
a V2(R)28 (02 +2R'B) X1 A,
<E |-vR 52+ZAtHgtH2 +vRe+——""In|1+ 5 =1
t=1 2 ¢
T
+E D mi&n Mgy | (126)
t=1

where (125) follows by Jensen’s inequality (the log is concave) and the triangular inequality, and
(126) follows by Lemma 38. Using Cauchy-Schwarz, we obtain:

- -
E <E [\ Do M&IR | D nihidlgl?|
t=1

= t=1

T
> & Mgy)
t=1

T T
SE|vR LD Adg]P - In (He‘QZAngsHQ) :
t=1 s=1

T T
<E [vR\| D A& In (1 +2e72> A€ )12 + ||Vf(acs)H2)> :
t=1 s=1

T T
<E uR’\ZAtHStH?Jn <1+2522A3(|§S||2+2R’6)> . (by (25)),
t=1

s=1
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T T
<E |vR |3 Ad&)? In <1+25—2ZA3(\55H2+2R’6)> . (127)
t=1

s=1

T 2 / T
<wvoR,|Y Ai-In <1+2(0 +2R5)251A5>,

2
9
t=1

where (127) follows by the concavity of the function = + y/z - In(a + bx), forany a > 1, b > 0,
and x > 0 (see Lemma 41) and Jensen’s inequality, and the last inequality follows by the fact that
E[[l€|I?] < o2.

Combining everything, we get

T T
E Z; _/\tf(w)] <E|RG RN (x) + Z; (A1 f(y;y) — Atf(yt))]
— =
23(R")2 T A (o2 + 2R ) T
y LA 6(2 ) In (1 + 2t t(; i 5)) —vi |2+ ;AtHQtHQ

T T

2(c2 4+ 2R/ A

+vRe+vRo g AsIn <1 + (0° +2R g) 2s=1 )
t=1 <

T
+ 3R\ 02+ 2BR > (A + Ay1)dy.
t=1

Now observe that t2 > A; > X\?/2 and recall RETRN (@) = 4(1 + k)R'\/ 31, M2lg.]|? +
4RSI X/At||g, || Therefore, since v = 4v/2(1 + k) we have:

[ T
E | RETR () — R\ [ e2 + ) Ayllg,||?
t—1

T
> Mllgil? - 4v2(1 + m) R

t=1

T
AR  NAdgy|

t=1

T
> Mlgi?/2| +E
t=1

T
<4R'\/0? + 28R Moy,
t=1

)

T
=E 4Ry NA;-Ellg,|| | 4]
t=1

where the last inequality follows by Lemma 38. Also, observe that 23:1 A < ZtT:1 t2 < T3, Thus,
we telescope the sum to obtain:

E[Ar(f(yr) — f(2))]

(R *+2R'B)T? 2(o2 + 2R'B)T3
SVR’g—i—V(];)ﬁln <1+(U—1—€2R/8)>+VR/T3/20'\/111 <1+ (o +62Rﬂ) >

T
+ 3RV 02+ 26R Y (A1 + 3\,
t=1
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2 /\2 2 / 3 2 / 3
<R+ TP (};) 51 <1+(" +2f5)T >+VR’T3/2U\/1n <1+ 20” + 2R BT )

€ g2
+30R(InT + 6)\/0? + 28R/, (128)

where the last inequality follows by the fact that §; = §/t3, Zthl 1/t <InT};and ZtT:l 1/t? < 2.
Dividing (128) by Ap = ?:1 At = % > T? /2 shows the inequality of theorem. Finally, the
fact that (x;) C C follows by Lemma 31. [ |

Appendix J. Technical Lemmas

This section contains some technical lemmas we need to prove our results.

Lemma 39 Let (Y;) C R>g be a sequence of random variable satisfying E[Y; | Gi—1] < &, for all
t > 1, for some sequence (0;) C R>q. Then, for any p € (0,1) and T > 1, we have with probability
at least 1 — p,

T T
PN Vi>(1+1/p)Y 6| <p.
t=1 t=1

Proof Let X; =Y '_,(Y; — §;), where §; := E[Y; | G;_1] < &;. The process (X;) is a martingale;
that is, for all 7+ > 1, we have, for all 7 < ¢,
i —
E(X: | Gi] =) (Vs —ds) = Xi.

s=1

Thus, by Doob’s martingale inequality (Durrett, 2019, Theorem 4.4.2), we have, for any p € (0, 1),
andT > 1

T T T
p ZYt>(1+1/p>Zét] <P XT>Z5t/P] =P
t=1 t=1

t=1

Theorem 40 Let F1,...,F, be a filtration, and X1, ..., X,, be real random variables such that
X is Fi-measurable, E[X; | Fi_1] =0, | X;| < b and ;| E[X? | Fi—1] <V for some b,V > 0.
Then, for any 6 € (0, 1), with probability at least 1 — 6,

Zn:Xi <2y/V,In(1/6) +bIn(1/9).
=1

Lemmad4l Foranya>1,b> 0, themap f : x — +/x - In(a + bx) is concave for x > 0.
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Proof Leta > 1 and b > 0. We will show that the second derivative of f is negative for all x > 0.
We have

vz >0, f'z)= —(a+ ba:)ziogz(a + [2)1') + 2abx log(c;+ bx) — b2m2,
(a + bx)?(xlog(a + bx))3/2
< —a?log?(a + bx) + 2abx log(a + bx) — b2z?
- 4(a + bx)2(zlog(a + bx))3/2 ’
_ —(alog(a+bz) — bx)? <0
4(a + bx)2(zlog(a + bx))3/2 —

Lemmad2 Letw € R%\ {0} and 0 < r < R. Further, let C be a closed convex set such that
B(r) € C C B(R). Then, the following properties hold:

(a) oco(w) =ye(w) and (C°)° = C.

(b) oc(ow) = aoe(w) and doe(aw) = doe(w) = arg max, o (w, w), for all a > 0.
(c) rllw| < oc(w) < Rllw|, [[w]|/R < e(w) < [|wl|/r, and B(1/R) € C° € B(1/r).
(d) (w,u) < oe(w) - ve(u), for all u € R (Cauchy Schwarz)

(e) oc(w +u) < oc(w) + ac(u), for all u € RY. (Sub-additivity)

Proof Points (a), (b), and (e) follow from standard results in convex analysis, see e.g. (Molinaro,
2020, Lemma 2) for point (a) and (Hiriart-Urruty and Lemaréchal, 2004) for points (b) and (e). Point
(d) follows from (Friedlander et al., 2014, Equation 2.3 & Proposition 2.3) and Point (a). We now
show point (c). The first inequality in Point (c) follows by the fact that

Rllw| S supfu, w) = oc(ow) > inf (w,) > rlw]
uel uel
where (7) and (77) follow by the assumption that 5(r) C C C B(R). We now show that B(1/R) C
C° C B(1/r). For any x € B(1/R), we have (z,w) < 1 for all w € C, since C C B(R). By
definition of the polar set, this implies that B(1/R) C C°. Now, let € C°. This implies that
(z,w) < 1forallw € C. For w = ra/| x| (which is guaranteed to be in C since B(r) C C)
this inequality implies that ||z|| < 1/r, and so C° C B(1/r). Finally, |[w||/R < ye(w) < ||w||/r
follows by point (a) and the facts that 5(1/R) C C° C B(1/r) and that (B(r) C C C B(R) =
r||w|| < o¢(w) < R||w]|), which we just showed. [ |
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