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Abstract
We develop parameter-free algorithms for unconstrained online learning with regret guarantees that
scale with the gradient variation VT (u) =

∑T
t=2 ∥∇ft(u)−∇ft−1(u)∥2. For L-smooth convex

losses, we provide fully-adaptive algorithms achieving regret of Õ(∥u∥
√
VT (u) + L ∥u∥2 +G4)

without requiring prior knowledge of comparator norm ∥u∥, Lipschitz constant G, or smoothness
L. The update in each round can be computed efficiently via a closed-form expression. Our results
extend to dynamic regret and find immediate implications for the stochastically-extended adversarial
(SEA) model, which significantly improves upon the previous best-known result (Wang et al., 2025).

1. Introduction

Online learning (Cesa-Bianchi and Lugosi, 2006; Orabona, 2019) is a fundamental paradigm in
machine learning for modeling and analyzing sequential prediction and decision-making problems.
An online learning process is formalized as an interaction between a learner and the environment.
At iteration t ∈ [T ], the learner chooses a decision wt from a feasible domainW ⊆ Rd, after which
the environment reveals a loss function ft :W → R, and the learner incurs a loss ft(wt). A general
performance metric is the dynamic regret (Zinkevich, 2003; Zhang et al., 2018), which evaluates the
cumulative loss against a sequence of comparators:

REGT (u1:T ) ≜
T∑
t=1

ft(wt)−
T∑
t=1

ft(ut), (1)

where the comparators u1:T ≜ (u1, . . . , uT ) in W are unknown, and their variability is typically
measured by the path length PT (u1:T ) ≜

∑T
t=2 ∥ut − ut−1∥. When restricting to a fixed compara-

tor u ∈ W , dynamic regret reduces to the standard notion of static regret, denoted by REGT (u).

* Equal Contribution.
† Corresponding Author.
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1.1. Gradient-Variation Adaptivity

A rich theory has been developed for both static and dynamic regret minimization in the last decades
(Zinkevich, 2003; Shalev-Shwartz, 2012; Orabona, 2019; Hazan, 2022). Notably, recent studies
suggest the importance of problem-dependent adaptivity (de Rooij et al., 2014; Foster et al., 2015;
Roughgarden, 2021; Zhao et al., 2024), which aims to achieve tighter bounds for benign problem
instances while preserving minimax optimality in the worst case. Among various measures of prob-
lem difficulty, a key quantity is the gradient variation (Chiang et al., 2012; Yang et al., 2014),
defined as

V +
T ≜

T∑
t=2

sup
w∈W

∥∇ft(w)−∇ft−1(w)∥2 , (2)

which captures how the problem evolves over time in terms of the function gradients. When the
feasible domain is bounded (i.e., ∥x− y∥ ≤ D for all x, y ∈ W) and the online functions are convex
and L-smooth (i.e., ∥∇ft(x)−∇ft(y)∥ ≤ L ∥x− y∥ for all x, y ∈ W), it is known that optimal
O
(
D
√
V +
T + LD2

)
static regret (Chiang et al., 2012) and O

(
D
√
V +
T (1 + PT ) + L(D2 +DPT )

)
dynamic regret (Zhao et al., 2020) can be achieved. Gradient-variation-based online learning has
attracted growing interest in recent years. In particular, Zhao et al. (2020) introduced gradient
variation into dynamic regret minimization and proposed novel techniques that have inspired many
subsequent works (Zhang et al., 2022; Sachs et al., 2022; Xie et al., 2024; Mhaisen and Iosifidis,
2025; Zhao et al., 2025c; Wang et al., 2025; Zhao et al., 2025b; Yu et al., 2026). Gradient-variation
adaptivity has been revealed to have tight connections to a broad class of optimization problems.
For example, this adaptivity is shown to be crucial for achieving fast convergence rates in minimax
optimization/games (Syrgkanis et al., 2015; Zhang et al., 2022), as well as for attaining acceleration
in offline smooth convex optimization (Cutkosky, 2019a; Zhao et al., 2025c). Moreover, recent work
demonstrates that controlling gradient-variation regret is essential for obtaining adaptive guarantees
under the Stochastically Extended Adversarial (SEA) model, which interpolates between adversarial
online optimization and stochastic convex optimization (Sachs et al., 2022; Chen et al., 2024).

1.2. Parameter-Free Online Learning

Most existing gradient-variation online learning algorithms rely on the assumption of a bounded
feasible domain. In many practical scenarios, however, the domain is naturally unbounded, making
it infeasible to impose an a priori diameter upper bound D on the comparator norm ∥u∥. This
limitation motivates the study of parameter-free online learning (Chaudhuri et al., 2009; Mcmahan
and Streeter, 2012; Orabona, 2013; McMahan and Orabona, 2014; Orabona and Pál, 2016; Jacobsen
and Cutkosky, 2022; Cutkosky and Mhammedi, 2024), which aims to design algorithms that do not
require such problem-dependent quantities as inputs.

A central requirement of parameter-free algorithms is being comparator-adaptive: the abil-
ity to achieve regret bounds that scale favorably with the unknown comparator norm ∥u∥. When
the Lipschitz constant G of loss functions is further unknown,1 a parameter-free online algorithm
must also be Lipschitz-adaptive, meaning it attains the desired regret without prior knowledge
of G. Algorithms that satisfy both comparator-adaptivity and Lipschitz-adaptivity are sometimes
referred to as fully-adaptive methods (Cutkosky and Mhammedi, 2024). The best known fully-

1. The Lipschitz constant G is used to denote the empirical gradient norm maxt ∥∇ft(wt)∥, when there’s no ambiguity.
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adaptive result is achieved by Cutkosky and Mhammedi (2024), who attained a static regret of order
REGT (u) ≤ Õ

(
∥u∥G

√
T + ∥u∥2 +G2

)
with Õ(·) omitting poly-logarithmic factors.

For gradient-variation regret over unbounded domains, two previous works are most relevant.
Jacobsen and Cutkosky (2022) proposes a mirror descent-based algorithm that obtains comparator-
adaptive gradient-variation regret, but requires full-information feedback ft(·) since it applies an
implicit update (Campolongo and Orabona, 2020) in its optimistic step. Wang et al. (2025) study
the stochastically-extended adversarial (SEA) model—a closely related setting where gradient-
variation online learning plays a central role—and attain a comparator-adaptive regret bound of
Õ
(
∥u∥

√
V +
T + ∥u∥2

)
when the Lipschitz constant is known, using only first-order feedback.

However, their algorithm relies on a two-layer meta-base structure that maintains O(log2 T ) base
learners, which is significantly more expensive than the O(d) per-round computation used to obtain
gradient-variation bounds in the bounded domain setting. Moreover, when further targeting Lips-
chitz adaptivity, their method suffers a significant deterioration of the leading term to ∥u∥2

√
V +
T ,

giving a sub-optimal dependence on the comparator norm. As such, a natural open question arises:

Is it possible to achieve gradient-variation regret in a fully adaptive, parameter-free manner over
unbounded domains with an efficient algorithm?

1.3. Our Contributions

In this paper, we provide an affirmative answer by developing the first fully-adaptive algorithm for
gradient-variation online learning in the unconstrained domain, requiring no prior knowledge of
the comparator norm ∥u∥, the Lipschitz constant G, or the smoothness parameter L. Notably, our
algorithm is efficient, with a closed-form update that can be computed in O(d) time per round.

To begin, we clarify the definition of gradient variation in the context of unbounded domains.
The original definition of V +

T in Eq. (2) does not work well in this context, as the Rd-domain may
easily cause it to scale asO(G2T ), reducing back to a non-adaptive worst-case dependence. Instead,
we introduce a more appropriate definition that supports arbitrary comparators u1:T ∈ Rd as:

VT (u1:T ) ≜
T∑
t=2

∥∇ft(ut−1)−∇ft−1(ut−1)∥2 , (3)

which quantifies the gradient variation between consecutive functions on the sequence. The time-
varying comparators primarily serve to accommodate dynamic regret. For static regret over a
bounded domainW , it captures the original definition in Eq. (2) since VT (u) ≤ V +

T for any u ∈ W .
We provide both comparator-adaptive and fully-adaptive gradient-variation regret bounds. A

summary of our contributions and a comparison to prior works can be found in Table 1.

Comparator-adaptive regret. We first propose an optimistic-to-gradient-variation reduction,
which transforms the challenge of achieving comparator or fully-adaptive gradient-variation regret
bounds into the problem of attaining standard optimistic regret in online learning. This reduction
leverages the negative Bregman divergence terms that naturally arises in regret linearization. As
a warm-up, we show that by instantiating this reduction with the existing optimistic comparator-
adaptive algorithm from Jacobsen and Cutkosky (2022), we obtain a comparator-adaptive gradient-
variation bound of Õ(∥u∥

√
VT (u) + L ∥u∥2 + G ∥u∥) with efficient closed-form updates requir-

ing only O(d) computational cost per round, significantly improving the efficiency of the best-
known prior result (Wang et al., 2025), which maintains a meta-base ensemble structure requiring
O(log2 T ) computation on each round.
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Table 1: Comparison of parameter-free gradient-adaptive regret, where gt ∈ ∂ft(wt) denotes the gradient
feedback on round t. “Efficiency” denotes the order of per-round computational cost.

Setting Reference Regret in Õ(·)-notation Efficiency

Comparator
Adaptive

Jacobsen and Cutkosky (2022) ∥u∥
√∑T

t=2 ∥gt − gt−1∥2 +G ∥u∥ O(d)

Wang et al. (2025) ∥u∥
√
V +
T + L2 ∥u∥2 /G2 +G2 ∥u∥2 O(d log2 T )

Ours, Theorem 2 ∥u∥
√
VT (u) + L ∥u∥2 +G ∥u∥ O(d)

Fully
Adaptive

Cutkosky and Mhammedi (2024) ∥u∥
√∑T

t=1 ∥gt∥
2 + γ ∥u∥2 /ϵ+ ϵG2/γ O(d)

Wang et al. (2025) ∥u∥2
√
V +
T + L2 ∥u∥4 +G ∥u∥3 +G2 ∥u∥2 +G2

√∑T
t=1 ∥gt∥ O(d)

Ours, Theorem 3 ∥u∥
√
VT (u) + L ∥u∥2 + γ ∥u∥2 /ϵ+ ϵG2/γ O(d+ log T )

Ours, Theorem 4 ∥u∥
√
VT (u) + L ∥u∥2 + γ ∥u∥2 /ϵ+ ϵG4/γ3 O(d)

Fully-adaptive regret. We then design fully-adaptive methods for gradient-variation regret that
require no prior knowledge of ∥u∥ orG, which is the main focus of this work and constitutes the key
technical contributions of the paper. We provide two algorithms. (i) Starting from the comparator-
adaptive optimistic result of Jacobsen and Cutkosky (2022), we propose a simple algorithm to in-
corporate Lipschitz adaptivity, which is accomplished by a virtual clipping technique over the op-
timistic gap in the regularizer and adding a quadratic penalty to form a hybrid regularizer. This
yields a fully-adaptive gradient-variation bound Õ(∥u∥

√
VT (u) + L ∥u∥2 + G2), strictly improv-

ing the prior best-known result of Wang et al. (2025) whose leading term is ∥u∥2
√
V +
T . However,

its update lacks a closed-form expression and may incur a computational cost of O(d + log T )
per round. (ii) We extend the fully-adaptive non-optimistic algorithm of Cutkosky and Mhammedi
(2024) by equipping it with optimistic guarantees, which is achieved by a refined optimistic reduc-
tion (Cutkosky, 2019c). The resulting algorithm admits closed-form updates inO(d) time per round
and achieves regret Õ(∥u∥

√
VT (u) + L ∥u∥2 + G4), though suffers a slightly larger lower-order

dependence ofG4 instead ofG2. A comparison of the results can be found in second half of Table 1.

Dynamic regret and the SEA model. We extend our fully-adaptive algorithm to optimize dy-
namic regret in Eq. (1). By combining it with a one-dimensional reduction (Cutkosky and Orabona,
2018) and an anytime Lipschitz-adaptive algorithm over the unit ball, we obtain a dynamic regret
bound with leading terms as Õ(

√
(M2 +MPT )VT (u1:T ) + L(M2 + MPT ) + GPT ), where

M = maxt ∥ut∥, using O(d log t) time per iteration t. We further apply this to the Stochastically
Extended Adversarial (SEA) model (Sachs et al., 2022), an intermediate setting between adversarial
and stochastic convex optimization. Our gradient-variation dynamic regret bound translates to the
SEA setting by replacing VT (u1:T ) with the sum of stochastic variance and adversarial variation.
This yields the first dynamic regret guarantee for the SEA model in the unconstrained setting and
substantially improves upon Wang et al. (2025), who only provide static regret and suffer a quadratic
dependency ∥u∥2

√
V +
T , where V +

T can be much larger than our problem-dependent VT (u1:T ).

Notations. Let [N ] = {1, . . . , N} denote the set of integers up to N ≥ 1. We define log+(·) ≜
max{1, log(·)}. For an indexed collection {at}t≥1, we also write (at)t when it is clear from the
context. The Bregman divergence with respect to a differentiable convex function ψ is Dψ(x, y) =
ψ(x) − ψ(y) − ⟨∇ψ(y), x− y⟩. Unless otherwise specified, ∥·∥ denotes the ℓ2-norm. Finally, the
Õ(·)-notation suppresses logarithmic factors, and we treat log log T as a constant.
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Organization. The rest of the paper is organized as follows. Section 2 provides the results for
comparator-adaptive gradient-variation bounds. In Section 3, we propose two fully-adaptive al-
gorithms and their analysis. Section 4 presents the applications to dynamic regret and the SEA
model. Section 5 concludes the paper. All the proofs are deferred to the appendix.

2. Warm Up: Comparator-Adaptive Gradient-Variation Bounds via Optimism

In this section, we first establish a simple black-box reduction that obtains comparator-dependent
gradient variation bounds from standard optimistic OLO bounds. We then present as an immediate
application a comparator-adaptive gradient variation bound using Jacobsen and Cutkosky (2022).

2.1. Gradient-Variation Black-Box Reduction

Instead of building gradient-variation bounds from scratch, we provide a simple black-box reduc-
tion that leverages the existing results in optimistic online learning (Jacobsen and Cutkosky, 2022).
In addition to receiving standard gradient feedback gt ∈ ∂ft(wt), an optimistic online algorithm
receives an optimistic “hint” vector ht at the beginning of each round, which can be leveraged to
achieve improved guarantees when the hints accurately predict the next gradient, ht ≈ gt. The fol-
lowing theorem shows that any online algorithm achieving a standard optimistic regret bound (i.e.,
regret scaling with

√∑
t ∥gt − ht∥2) can also deliver a gradient-variation regret bound when the

losses are L-smooth by setting the optimistic hint as ht = gt−1.

Theorem 1 (Optimistic-to-Gradient-Variation Reduction) Let U be a class of sequences in Rd,
and let A be an online learning algorithm that receives {gt}Tt=1 as gradients and takes {ht}Tt=1 as
optimistic hints. Suppose A guarantees that for any sequence u1:T ∈ U that

T∑
t=1

⟨gt, wt − ut⟩ ≤ AT (u1:T ) +BT (u1:T )

√√√√ T∑
t=1

∥gt − ht∥2. (4)

Then for any sequence ofG-Lipschitz, L-smooth convex functions {ft}Tt=1, by setting gt = ∇ft(wt)
and ht = gt−1 , A achieves

REGT (u1:T ) ≤ AT (u1:T ) + 4LBT (u1:T )
2 + 2BT (u1:T )

√
G2 + VT (u1:T ) + L2P

∥·∥2
T (u1:T ), (5)

where P ∥·∥2
T (u1:T ) ≜

∑T
t=2 ∥ut − ut−1∥2 is the squared path length.

The proof is provided in Appendix A.1, where the key idea is to appropriately decompose the
∥gt − gt−1∥2 term and leverage a negative Bregman divergence term that naturally arises from regret
linearization (Yan et al., 2024). While the theorem is framed in terms of dynamic regret, it also
applies to static regret by considering the class of fixed sequences u1 = · · · = uT in Rd. Similarly,
the theorem can also be applied to constrained settings, so long as smoothness is still defined over the
entire space (or at least over a slightly augmented space; see, e.g., Yan et al. (2024, Appendix A)).

We also remark that the result above simultaneously implies small-loss bounds, scaling with
FT (u1:T ) ≜

∑T
t=1(ft(ut) − infw∈Rd ft(w)). Indeed, in Appendix A.1 we show that the obtained

bounds more generally scale with O
(√

min {LFT (u1:T ), VT (u1:T )}
)
. Thus, each of our results

in what follows simultaneously achieve small-loss bounds. Throughout the paper we focus our
discussion on the gradient variation bounds for simplicity.
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2.2. Implication to Comparator-Adaptive Gradient-Variation Regret

When the Lipschitz constant G is known a priori, we can immediately apply Theorem 1 to achieve
comparator-adaptive gradient variation bounds using existing algorithms. Indeed, Jacobsen and
Cutkosky (2022) showed that optimistic Follow-The-Regularized-Leader (FTRL) with a carefully-
designed regularizer can achieve comparator-adaptive optimistic regret.2 Briefly, it updates by

wt = argmin
w∈Rd

〈
ht +

t−1∑
s=1

gs, w
〉
+ ψPF

t (w,αt), ψ
PF
t (w,α) =

∫ ∥w∥

0
min
η≤1/G

[
log(x/α+1)

η + ηV̄t

]
dx.

(6)
Here, ψPF

t (w,αt) is a parameter-free3 regularizer, V̄t ∝
∑t−1

s=1 ∥gs − hs∥
2 is the empirical gradient

variation, and (αt)t is a non-increasing sequence. Intuitively, this regularizer applies weaker regular-
ization compared to the typical quadratic regularizer 1

η ∥w∥
2, adaptively balancing the trade-off be-

tween the ∥u∥-term and the empirical gradient variation V̄T . This ensures thatψPF
T (u) ≤ Õ(∥u∥

√
V̄T )

without any explicit tuning based on ∥u∥. With an analysis similar to that of Jacobsen and Cutkosky
(2022), this algorithm guarantees:

REGT (u) ≤ Õ

(
∥u∥

√√√√ T∑
t=1

∥gt − ht∥2 +G ∥u∥+ ϵG

)
. (7)

A detailed specification of the algorithm can be found in Algorithm 4 of Appendix A.3. Com-
bined with the optimistic-to-gradient-variation reduction in Theorem 1, we obtain the following
comparator-adaptive gradient-variation regret, whose proof is provided in Appendix A.4.

Theorem 2 (Comparator-Adaptive Gradient-Variation Regret) For any u ∈ Rd, Algorithm 4
(in Appendix A.3) with ht = gt−1 guarantees

REGT (u) ≤ Õ

(
∥u∥

√
VT (u)

(
log+

∥u∥
√
T

ϵ

)
+ L ∥u∥2 +G ∥u∥+ ϵG

)
.

where we keep the log factors of the dominant term in the Õ(·)-notation for clarity. Moreover, the
algorithm admits an efficient closed-form update with O(d) time per iteration.

Importantly, albeit with a seemingly complex form, the update Eq. (6) admits an efficient closed-
form update formula, as shown in Algorithm 4, requiring only O(d) time per round. In contrast,
the prior best-known result (Wang et al., 2025) requires O(d log2 T ) computation per-round and is
significantly less efficient than ours. This inefficiency arises from their use of an online ensemble
that maintains O(log2 T ) base learners: they derive a range for the comparator norm ∥u∥ to prevent
the bound from being vacuous, discretize this range, and run a base learner in a bounded domain for
each candidate diameter. A meta-algorithm is then used to combine the outputs of base learners.

2. Jacobsen and Cutkosky (2022) primarily focus on a mirror-descent-based formulation for dynamic regret minimiza-
tion. Here, since we focus on static regret, we provide an analysis based on FTRL which significantly streamlines
their arguments.

3. The regularizers associated with comparator-adaptive guarantees are also sometimes referred to as linearithmic reg-
ularizers, due to their log-linear form (Orabona and Pál, 2021).
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3. Fully-adaptive Gradient-Variation Bounds

Now we target fully-adaptive gradient-variation regret, where neither the comparator norm ∥u∥ nor
the Lipschitz constant G is known in advance. Leveraging the optimistic-to-gradient-variation re-
duction, it suffices to design a fully-adaptive optimistic algorithm. There are two possible approaches:

(i) Begin with the comparator-adaptive optimistic algorithm (Jacobsen and Cutkosky, 2022) and
enhance it with Lipschitz adaptivity, as described in Section 3.1.

(ii) Alternatively, start from the fully-adaptive non-optimistic algorithm of Cutkosky and Mhammedi
(2024) and extend it to its optimistic counterpart, as presented in Section 3.2.

We will discuss the challenges inherent in these extensions when using existing techniques and
introduce new ideas to overcome them. The algorithm in Section 3.1 is conceptually simple and
enjoys optimal regret bounds, but it lacks a closed-form update and requires a line search to imple-
ment. Alternatively, the approach in Section 3.2 extends the algorithm of Cutkosky and Mhammedi
(2024) using a new optimistic reduction, leading to an algorithm having an efficient closed-form
update while maintaining nearly the same regret bounds, with only slight deterioration in horizon-
independent lower-order terms.

3.1. A Simple Algorithm via Virtual Clipping

When the Lipschitz constant G ≥ maxt∈[T ] ∥gt∥ is unknown, it is natural to employ the observable
maximum gradient norm Ĝt = maxs<t ∥gs∥ as a guess of G. This motivates the gradient clipping
technique from Cutkosky (2019b), which is now a standard approach to obtain Lipschitz-adaptivity.
In particular, Cutkosky (2019b) proposes feeding the online algorithm with clipped gradients g̃t ≜
gtmin{1, Ĝt/ ∥gt∥}, which are instead bounded by the known Lipschitz constant Ĝt. Then this clip-
ping reduces the problem to regret against a sequence of clipped gradients in a black-box manner:

T∑
t=1

⟨gt, wt − u⟩ ≤ G
(
∥u∥+max

t∈[T ]
∥wt∥

)
+

T∑
t=1

⟨g̃t, wt − u⟩ . (8)

However, in unbounded domains the term maxt ∥wt∥ is typically difficult to control, leading to an
additional cubic penalty G ∥u∥3 in prior works (Cutkosky, 2019b; Mhammedi and Koolen, 2020).

Our key insight is that instead of applying a black-box clipping argument, feeding the true gra-
dients gt to the algorithm while including an additional quadratic regularizer allows one to apply a
virtual clipping argument which incurs only anO(∥u∥2) overhead. Crucially, the ∥u∥3 vs. ∥u∥2 de-
pendency is a key distinction as the latter matches the L ∥u∥2 term in the optimal gradient-variation
regret (Chiang et al., 2012), and in the context of our gradient-variation bounds from the previous
section, a ∥u∥2 overhead is negligible because we already expect to incur an O(∥u∥2) term from
Theorem 1. Moreover, the ∥u∥2 penalty only dominates the worst-case bound O(∥u∥2 + ∥u∥

√
T )

when that bound is vacuous (i.e., ∥u∥ = Ω(
√
T )). By contrast, a ∥u∥3 penalty can dominate even

in non-vacuous regimes, so it cannot be treated as a lower-order term.

Virtual clipping via quadratic regularization. To illustrate the crux of the virtual clipping ar-
gument, consider a standard FTRL update, wt+1 = argminw∈Rd

〈∑t
s=1 gs, w

〉
+ Ψt+1(w) where

7
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Algorithm 1: Simple Fully-adaptive Optimistic Algorithm
Input: ϵ > 0, γ > 0
Initialize: w1 = 0, h1 = 0, M̂1 = γ, β = γ

ϵ

Define: Regularizer ψPF(w;α, V,M) = 3
∫ ∥w∥
0 minη≤1/M

[
log(x/α+1)

η + ηV
]
dx

for t = 1 : T do
Play wt, receive gradient gt = ∇ft(wt) and optimistic hint ht+1

Define:

∆t = gt − ht, ∆̂t = ∆tmin
{
1, M̂t

∥∆t∥

}
, M̂t+1 = max

{
M̂t, ∥∆t∥

}
Bt+1 = 4 +

∑t
i=1

∥∆̂i∥2

M̂2
i

, V̄t+1 = 4M̂2
t+1 +

∑t
i=1∥∆̂i∥2, αt+1 =

ϵ√
Bt+1 log

2(Bt+1)

Choose regularizer Ψt+1(w) = ψPF
(
w;αt+1, V̄t+1, M̂t+1

)
+ β

2 ∥w∥
2

Update wt+1 = argminw∈Rd

〈
ht+1 +

∑t
s=1 gs, w

〉
+Ψt+1(w)

end

Ψt+1 is an arbitrary convex regularizer. Then using the standard regret analysis (Orabona, 2019,
Theorem 7.1), it can be shown that if (Ψt)t is a non-decreasing sequence of regularizers, we have

T∑
t=1

⟨gt, wt − u⟩ ≤ ΨT+1(u)+
T∑
t=1

(
⟨gt, wt − wt+1⟩−DΨt(wt+1, wt)

)
=: ΨT+1(u)+

T∑
t=1

δt. (9)

Inside the stability term
∑T

t=1 δt, if we replace gt with their clipped quantities g̃t, then

T∑
t=1

δt ≤
G2

2β
+

T∑
t=1

(
⟨g̃t, wt − wt+1⟩+

β

2
∥wt − wt+1∥2 −DΨt(wt+1, wt)

)
, (10)

where we have used Fenchel-Young inequality to bound ∥gt − g̃t∥ ∥wt − wt+1∥ ≤ 1
2β ∥gt − g̃t∥

2+
β
2 ∥wt − wt+1∥2 and used an argument similar to Cutkosky (2019a) to bound

∑T
t=1 ∥gt − g̃t∥

2 =

O(G2). Now the differences β
2 ∥wt − wt+1∥2 can be cancelled completely by simply including a

matching quadratic penalty in Ψt to form a hybrid regularizer: Ψt(w) = ψPF
t (w) + β

2 ∥w∥
2.

The above illustrates why we refer to our approach as virtual clipping. Unlike Cutkosky
(2019b), our approach passes the algorithm the true subgradients gt rather than the clipped g̃t,
yet by including a quadratic penalty in Ψt we are able to replace the gt appearing in the stabil-
ity term with the clipped quantity in the analysis, allowing us to control this term using standard
comparator-adaptive regularizers, such as the one discussed in the previous section, defined in terms
of the clipped gradients g̃t.

Notably, the discussion above easily extends to optimistic updates by replacing gt with ∆t ≜
gt − ht and g̃t with ∆̂t ≜ ∆tmin {1,maxs<t ∥∆s∥/∥∆t∥}. The resulting algorithm is shown in
Algorithm 1, and its regret guarantee is presented in Theorem 3, with proof in Appendix B.1.

Theorem 3 For any u ∈ Rd, Algorithm 1 with ht = gt−1 guarantees

REGT (u) ≤ Õ

(
∥u∥

√
VT (u)

(
log+

∥u∥
√
T

ϵ

)
+
(
L+ γ

ϵ

)
∥u∥2 + γ ∥u∥+ ϵG

(
G
γ + 1

)
+ ϵγ

)
.
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Ideally, we would set ϵ in terms of ∥u∥ and γ in terms of G, so that these low-order terms
would correspond to the appropriate units of G ∥u∥. Nonetheless, observe that we may set these
parameters naively (e.g, ϵ = γ = 1) without significantly impacting the main terms in the bound.

Theorem 3 strictly improves over the previous best-known bound for fully-adaptive gradient-

variation regret Õ
(
∥u∥2

√
V +
T + L2 ∥u∥4 + G ∥u∥3 + G2 ∥u∥2 + G2

√∑T
t=1 ∥gt∥

)
from Wang

et al. (2025), improving both the leading terms and constant penalties. Moreover, Algorithm 1 is
relatively simple compared to alternative approaches and analyses (Cutkosky and Mhammedi, 2024)
because it lets us immediately apply existing parameter-free regularization strategies—all we had
to do was add an additional quadratic regularizer.

Computational efficiency. Although Algorithm 1 is conceptually simple, computing the update
requires careful implementation to ensure computational efficiency. In each round the direction of
wt+1 is straightforward to obtain, but its magnitude must be determined by solving an equation that,
in general, admits no closed-form solution and requires a line search. Fortunately, our algorithm
guarantees that ∥wt+1∥ remains close to ∥wt∥, so one can efficiently search for ∥wt+1∥ within
a small interval around ∥wt∥ to achieve a sufficiently small approximation error. The following
proposition states useful constraints for computing wt+1, with full details deferred to Appendix B.2.

Proposition 1 Algorithm 1 guarantees that, for any t ∈ [T ], the direction of wt+1 is determined by

wt+1

∥wt+1∥
= −

ht+1 +
∑t

s=1 gs∥∥ht+1 +
∑t

s=1 gs
∥∥ .

Moreover, denoting α := αt+1, V := V̄t+1, and M := M̂t+1 the magnitude of wt+1 satisfies

∣∣ ∥wt+1∥ − ∥wt∥
∣∣ ≤ ∥gt − ht + ht+1∥

β
, and∥∥∥∥∥ht+1 +

t∑
s=1

gs

∥∥∥∥∥ =

{
6
√
V ln(∥wt+1∥ /α+ 1) + β ∥wt+1∥ , if

√
ln(∥wt+1∥/α+1)

V ≤ 1
M ,

3
(
M ln(∥wt+1∥ /α+ 1) + V

M

)
+ β ∥wt+1∥ , otherwise.

Proposition 1 implies that, at each round, the direction of wt+1 is determined exactly, and the norm
of wt+1 lies in an interval of length at most O(G/β). This interval can be efficiently searched via
binary search to obtain an ϵ-approximate solution. For example, to achieve up to ϵ = O(1/T ) ac-
curacy, it suffices to use O(log T ) iterations to check the above 1-D equation per round, leading to
an overall O(d+ log T ) per-round time complexity, which actually improves upon the O(d log2 T )
complexity of the ensemble method of Wang et al. (2025), while also avoiding their assumption of
a known Lipschitz constant. Hence, our approach improves the state-of-the-art both in terms of re-
gret and computational overhead. Given the conceptual simplicity of the algorithm and its analysis,
we believe this approach will be of independent interest for Lipschitz adaptivity in online learning.

3.2. An Efficient Algorithm via Optimistic Reduction

In this part, we present an efficient fully-adaptive optimistic algorithm by extending the algorithm
of Cutkosky and Mhammedi (2024) using a refined optimistic reduction.

9
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Algorithm 2: Efficient Fully-adaptive Optimistic Algorithm
Input: ϵ > 0, γ > 0
Initialize: Instantiate two instances of the algorithm of Cutkosky and Mhammedi (2024),
Ax(ϵ, γ) applied on Rd, and Ay(ϵ/γ, γ2) applied on R.

for t = 1 : T do
Receive optimistic hint ht
Get xt ∈ Rd from Ax and yt ∈ R from Ay
Play wt = xt − ytht and observe gt = ∇ft(wt)
Pass gt to Ax as the tth gradient
Pass −⟨gt, ht⟩ to Ay as the tth gradient

end

Challenge in extending Cutkosky and Mhammedi (2024) to optimistic updates. Cutkosky
and Mhammedi (2024) proposed an efficient algorithm that is free of both G and ∥u∥, ensuring an
Õ
(
∥u∥

√∑
t ∥gt∥2+∥u∥

2+G2
)

regret. Unfortunately, their approach requires a very delicate anal-
ysis involving low-level interactions between the gradient clipping reduction (Cutkosky, 2019b) and
an internal application of a constraint-set reduction due to Cutkosky and Orabona (2018), making it
difficult to extend beyond the original scope.

In fact, the extension to optimistic updates is particularly problematic, as the constraint-set
reduction adds an additional term to the feedback that can ruin the optimistic guarantee, as detailed
by Cutkosky (2019b) and subsequently observed in several follow-up related works (Cutkosky,
2019b; Bhaskara et al., 2020, 2021; Zhao et al., 2025a). Indeed, the constraint-set reduction of
Cutkosky and Orabona (2018) modifies the learner’s feedback at time t to ℓ̃t ≜ gt + ∥gt∥∇S(wt),
where ∇S(wt) ∈ ∂ ∥wt −ΠW(wt)∥ and satisfies ∥∇S(wt)∥ ≤ 1.4 In the context of an optimistic
update, this additional term can dominate the desired optimistic dependency, since

∑T
t=1 ∥ℓ̃t −

ht∥2 = O(
∑T

t=1 ∥gt − ht∥
2 + ∥gt∥2). This incompatibility between optimism and the constraint-

set reduction in turn makes it highly non-trivial to extend the approach of Cutkosky and Mhammedi
(2024) to an optimistic guarantee in any white-box manner.

Refined optimistic reduction. To address this issue, we avoid this incompatibility by using a
refined version of the optimistic reduction from Cutkosky (2019c), which directly converts the regret
to an optimistic form in a black-box manner. In this way, the aforementioned constraints are applied
internally within the base algorithms, rather than externally on top of them, allowing us to retain the
efficiency benefits of Cutkosky and Mhammedi (2024) without ruining the optimistic guarantees.
However, this reduction is typically applied under the assumption that ∥ht∥ ≤ 1 for all t, which is
not suitable for our Lipschitz adaptive setting. The following proposition, proven in Appendix B.4,
provides a refinement of the reduction which accounts for a time-varying Lipschitz constant.

Proposition 2 (Refined Optimistic Reduction) Let Ax and Ay be online algorithms defined on
Wx = Rd andWy = R respectively. Suppose the following conditions hold:

• For each z ∈ {x, y}, Az guarantees REGAz
T (u) ≤ AAz

T (u) + BAz
T (u)

√∑T
t=1 ∥gt∥

2 for any
u ∈ Wz and {gt}Tt=1 inWz , where AAz

T and BAz
T are non-negative functions.

4. Refinements of the constraint-set reduction exist which slightly improve constant factors and take a slightly different
surrogate penalties, but these still suffer the same incompatibility with optimism described above (Cutkosky, 2020).

10
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• AAy

T is non-decreasing andBAy

T (ẙ) ≤ |̊y|λT (ẙ) for some non-decreasing function λT (ẙ) ≥ 1.

Then for any u ∈ Rd, Algorithm 5 (in Appendix B.4) enjoys the following optimistic bound:

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +A

Ay

T (ẙ) + 2BAx
T (u)

√√√√H2
TλT (ẙ)

2 +
1

2

[
T∑
t=1

∥gt − ht∥2 − ∥ht∥2
]
+

,

where HT = maxt∈[T ] ∥ht∥, ẙ = BAx
T (u)/HT , and [x]+ ≜ max{x, 0}.

Applying this refined optimistic reduction withAx andAy being two instances of the algorithm
of Cutkosky and Mhammedi (2024) (with regret guarantee restated in Lemma 11) leads to the full
algorithm summarized in Algorithm 2. We then have the following fully-adaptive regret guarantee
with proof in Appendix B.3.

Theorem 4 For any u ∈ Rd, Algorithm 2 with hints ht = gt−1 guarantees REGT (u) bounded by

Õ

(
∥u∥

√
VT (u)

(
log+

∥u∥G
√
T

ϵγ

)
+
(
L+ γ

ϵ +
γ3

ϵG2

)
∥u∥2 + ϵG

(
G3

γ3
+ G

γ

)
+ ϵγ

)
.

Moreover, the algorithm admits an efficient closed-form update with O(d) time per iteration.

Algorithm 2 is the first efficient and fully-adaptive optimistic algorithm for unconstrained set-
tings. Compared to Theorem 3, it maintains the same favorable leading term related to gradient
variation. However, the lower-order term slightly deteriorates from G2 to G4, because the algo-
rithm Ay receives feedback ⟨gt, ht⟩, and hence has an effective Lipschitz constant of G2 when
setting ht = gt−1. This then leads to the G4 penalty when applying the fully-adaptive guarantee
in Cutkosky and Mhammedi (2024). We suspect that this is an artifact of the analysis, though it is
currently unclear how to further refine the black-box reduction to avoid this penalty while still allow-
ing the proper cancellations in the analysis. We leave this as an important direction for future work.

4. Applications

In this section, we extend our parameter-free gradient variation results to two important applications:
dynamic regret minimization and the stochastically-extended adversarial (SEA) setting.

4.1. Dynamic Regret

Previous works on gradient-variation dynamic regret minimization have primarily focused on con-
strained domains (Zhao et al., 2020, 2024). In this section we provide comparator-adaptive and
fully-adaptive algorithms achieving dynamic gradient variation bounds in unconstrained settings.

Comparator-adaptive dynamic regret. When the Lipschitz constant is known, we can simply
apply an optimistic extension of the comparator-adaptive dynamic regret algorithm of Jacobsen and
Cutkosky (2022) (e.g., adding an optimistic step, as in their Algorithm 3, to the base learner in their
Algorithm 2), followed by Theorem 1 to get comparator-adaptive gradient-variation dynamic regret.

11
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Theorem 5 For any sequence u1, . . . , uT in Rd, the optimistic extension of Jacobsen and Cutkosky
(2022, Algorithm 2) with ht = gt−1 guarantees

REGT (u1:T ) ≤ Õ
(√

(M2 +MPT )VT (u1:T )
(
log+

MT
ϵ

)
+ LMPT + LM2 + ϵG

)
,

where M ≜ maxt∈[T ] ∥ut∥.

While this result is a simple extension of existing results when applied with our reduction in
Theorem 1, we note that this is the first instance of an explicit gradient-variation bound for dynamic
regret in unconstrained domains, and hence fills an important gap in the literature.

Fully-adaptive dynamic regret. With an unknown Lipschitz constant, directly extending our pre-
vious fully-adaptive results to dynamic regret is challenging. For our first approach in Section 3.1,
including a quadratic regularizer in unconstrained domains significantly complicates dynamic regret
guarantees (Jacobsen and Cutkosky, 2023), and our black-box approach in Section 3.2 also does not
naturally extend to dynamic regret, since Cutkosky and Mhammedi (2024) provides only static
regret bounds based on FTRL, and extending their analysis to dynamic regret is highly non-trivial.

Instead, we can utilize a black-box reduction from Cutkosky and Orabona (2018), which de-
composes the regret into an unconstrained static regret problem — wherein we can apply our re-
sults from the previous section — and a dynamic regret problem on the unit ball, where existing
algorithms such as SWORD (Zhao et al., 2020) and SWORD++ (Zhao et al., 2024) can be deployed.
Specifically, the decision wt is decomposed as wt = ytxt, with one online algorithm producing the
magnitude yt ∈ R and another producing the direction xt. Applied to dynamic regret, this reduction
guarantees the following decomposition (Jacobsen and Cutkosky, 2022, Appendix J):

REGT (u1:T ) ≤ REG1d
T (M) +MREGB

T (u1:T /M),

where REG1d
T (M) is the 1D static regret with comparatorM ≜ maxt∈[T ] ∥ut∥, and REGB

T (u1:T /M)
is the dynamic regret of the direction learner on the unit ball w.r.t the re-scaled comparator sequence.

To obtain gradient-variation guarantees, we further incorporate the optimistic scheme into this
reduction and summarize our algorithm in Algorithm 3. For the 1D algorithm A1d, we employ our
fully-adaptive optimistic Algorithm 2. For the bounded domain algorithmAB, we use a standard on-
line ensemble method similar to Zhao et al. (2024), with an enhancement that applies time-varying
step sizes for base learners to achieve Lipschitz adaptivity, and the doubling trick to guide the in-
stantiation of new base learners. This online ensemble method is summarized in Algorithm 6 in
Appendix C.2, with the Lipschitz-adaptive and anytime theoretical guarantee in Theorem 12.

Finally, we provide our fully-adaptive and anytime dynamic regret guarantee in Theorem 6, with
a more detailed version and the proof in Appendix C.1.

Theorem 6 For any sequence u1, . . . , uT ∈ Rd, Algorithm 3 guarantees REGT (u1:T ) bounded by

Õ

(√
(M2 +MPT )min {VT (u1:T ), LFT (u1:T )}

(
log+

MG
√
T

ϵγ

)
+ (LM +G+ γ)PT +

(
L+ γ

ϵ +
γ3

ϵG2

)
M2 + γM + ϵG

(
G3

γ3
+ G

γ + 1
)
+ ϵγ

)
,

where M ≜ maxt∈[T ] ∥ut∥ and FT (u1:T ) ≜
∑T

t=1(ft(ut) − infw∈Rd ft(w)). Moreover, the algo-
rithm runs in O(d log t) time on iteration t.
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Algorithm 3: Fully-adaptive Gradient-Variation Dynamic Regret Minimization
Input: ϵ > 0, γ > 0
Initialize: g0 = 0. Instantiate Algorithm 2 as A1d(ϵ, γ) acting on R, and

instantiate Algorithm 6 as AB(D := 1, γ) acting on the unit ball B = {w ∈ Rd : ∥w∥ ≤ 1}
for t = 1 : T do

Set optimistic hint ht = gt−1

Pass ht to AB as the tth hint, and get xt from AB
Pass ⟨ht, xt⟩ to A1d as the tth hint, and get yt from A1d

Play wt = ytxt and observe gt = ∇ft(wt)
Pass gt to AB as the tth gradient, and pass ⟨gt, xt⟩ to A1d as the tth gradient

end

Theorem 6 provides the first fully-adaptive gradient-variation dynamic regret in the unconstrained
setting. It matches the best-known bound in the constrained setting (Zhao et al., 2024) up to logarith-
mic factors. By the optimistic-to-gradient-variation reduction, this theorem simultaneously achieves
a small-loss bound that can also be generally applied to static regret. Due to gradient-variation adap-
tivity, this result also readily applies to the stochastically extended adversarial model (Sachs et al.,
2022), yielding the first unconstrained dynamic regret in this setting, formally discussed below.

4.2. Stochastically-extended Adversarial Model

The stochastically-extended adversarial (SEA) model (Sachs et al., 2022) is an intermediate setting
between adversarial OCO and Stochastic Convex Optimization (SCO). The key difference from
standard OCO is that the losses ft are sampled from a distribution Dt chosen by the environment
on each round. This setting seamlessly interpolates between (potentially non-stationary) SCO when
Dt is chosen obliviously to the learners decisions—naturally modelling the non-stationary found in
many real-world applications such as the Online Label Shift problem (Bai et al., 2022; Qian et al.,
2023; Baby et al., 2023)—and the adversarial setting when Dt = δf̄t for arbitrary f̄t.

For the SEA model, the natural performance measure is the expected dynamic regret, i.e.,

E[REGT (u1:T )] ≜ E

[
T∑
t=1

ft(wt)−
T∑
t=1

ft(ut)

]
,

against a sequence of comparators u1:T that capture the non-stationarity of the environment, where
the expectation is taken over the randomness of the sampled functions ft. We assume that the
comparator sequence is oblivious, as elaborated later in Remark 1.

Letting Ft(w) := Eft∼Dt [ft(w)], Sachs et al. (2022) introduced two quantities characteriz-
ing the difficulty of the environment: the stochastic variance σ2t ≜ supw∈W Eft∼Dt [∥∇ft(w) −
∇Ft(w)∥2], and the adversarial variation Σ2

t ≜ supw∈W ∥∇Ft(w)−∇Ft−1(w)∥2. We consider the
following comparator-adaptive generalizations based on an arbitrary u ∈ Rd:

σ2t (u) ≜ Eft∼Dt

[
∥∇ft(u)−∇Ft(u)∥2

∣∣∣Ft−1

]
, and Σ2

t (u) ≜ ∥∇Ft(u)−∇Ft−1(u)∥2 , (11)

where we denote Ft−1 the sigma field generated up to the beginning of round t. The following
theorem then provides fully-adaptive dynamic regret guarantees for the SEA model, with proof
provided in Appendix C.3.
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Theorem 7 In the SEA model, for any oblivious comparator sequence u1, . . . , uT ∈ Rd such that
maxt ∥ut∥ ≤M with M > 0, Algorithm 3 guarantees E [REGT (u1:T )] bounded by

Õ

(√
(M2 +MPT )

(
σ21:t(u1:T ) + Σ2

1:T (u1:T )
) (

log+
MG

√
T

ϵγ

)
+ (LM +G+ γ)PT +

(
L+ γ

ϵ +
γ3

ϵG2

)
M2 + γM + ϵG

(
G3

γ3
+ G

γ + 1
)
+ ϵγ

)
.

where σ21:T (u1:T ) ≜
∑T

t=2(σ
2
t (ut−1)+σ

2
t−1(ut−1)), and Σ2

1:T (u1:T ) ≜
∑T

t=2Σ
2
t (ut−1). Moreover,

the algorithm runs in O(d log t) time on iteration t.

Remark 1 We assume that the comparator sequence u1:T is oblivious, ensuring E[PT ·VT (u1:T )] =
PT ·E[VT (u1:T )]. This assumption is reasonable in many real-world applications such as the online
label shift problem (Bai et al., 2022; Qian et al., 2023; Chen et al., 2024)—a classification task
in non-stationary environments where the label distribution changes over time (e.g., species mon-
itoring, where the learner does not affect the underlying environment dynamics). In such settings,
the learner competes against optimal parameters ut = argminw Ft(w), which (we can assume) is
determined by the underlying environment and is independent of the learner’s predictions.

The closely-related work of Wang et al. (2025, Theorem 4.5) obtained a fully-adaptive static re-

gret of Õ
(
∥u∥2

√
σ21:T (w1:T ) + Σ2

1:T (w1:T ) + L2 ∥u∥4 +G ∥u∥3 +G2 ∥u∥2 +G2
√∑T

t=1 ∥gt∥
)

for the SEA model, suffering from a quadratic dependency on the comparator norm in the lead-
ing term and a large penalty of ∥u∥4. In contrast, our Theorem 7 implies a static regret bound

Õ(∥u∥
√
σ21:T (u) + Σ2

1:T (u) + L ∥u∥2 +G4), which has significantly better ∥u∥-dependencies.

It is worth noting that while our Theorem 7 introduces a lower-order G4 penalty that does not
appear in Wang et al. (2025), this penalty is not present in our algorithm from Section 3.1, which
when applied in the SEA setting obtains a strict improvement over their result while being slightly
more efficient. Moreover, our result is problem-dependent, with σ21:T (u) + Σ2

1:T (u), whereas Wang
et al. (2025) obtained algorithm-dependent σ21:T (w1:T )+Σ2

1:T (w1:T ), with the algorithm’s trajectory
w1:T . For a problem-dependent guarantee, one has to upper bound the algorithm-dependent quantity
by the worst-case

∑T
t=1(σ

2
t +Σ2

t ), which can easily become O(T ) in an unbounded domain.

5. Conclusion

In this work, we investigate parameter-free gradient-variation online learning. We provided a simple
black-box reduction that converts general optimistic regret bounds into gradient-variation bounds,
and leverage this reduction to develop two fully-adaptive optimistic algorithms achieving gradient-
variation regret bounds in unconstrained settings. As a direct application of our approach, we obtain
novel gradient-variation guarantees for dynamic regret and for the SEA model, where our results
significantly improve the state-of-the-art.

We anticipate several promising directions for future work. We expect that our fully-adaptive
gradient-variation guarantees will find natural applications in areas such as minimax games and
accelerated (universal) optimization. We also believe developing a more refined optimistic reduction
to achieve an efficient fully-adaptive optimistic regret bound without the G4 penalty artifact would
also be valuable in general. Finally, it would be interesting to explore more sophisticated solvers to
compute the simple fully-adaptive algorithm from Section 3.1.
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Appendix A. Proofs for Section 2

A.1. Proof of Theorem 1

In this section we provide proof of the optimistic-to-gradient-variation reduction. The full version
of the theorem is re-stated below, which additionally includes the small-loss bounds.

Theorem 1 (Full Version) Let U be a class of sequences in Rd, and let A be an online learning
algorithm that receives {gt}Tt=1 as gradients and takes {ht}Tt=1 as optimistic hints. Suppose A
guarantees that for any sequence u1:T ∈ U that

T∑
t=1

⟨gt, wt − ut⟩ ≤ AT (u1:T ) +BT (u1:T )

√√√√ T∑
t=1

∥gt − ht∥2.

Then for any sequence ofG-Lipschitz, L-smooth convex functions {ft}Tt=1, by setting gt = ∇ft(wt)
and ht = gt−1 , A achieves

REGT (u1:T ) ≤ AT (u1:T ) + 4LBT (u1:T )
2

+ 2BT (u1:T )

√
min

{
G2 + VT (u1:T ) + L2P

∥·∥2
T (u1:T ), 4LFT (u1:T )

}
,

whereP ∥·∥2
T (u1:T ) ≜

∑T
t=2 ∥ut − ut−1∥2 is the squared path length, andFT (u1:T ) ≜

∑T
t=1(ft(ut)−

infw∈Rd ft(w)) is the small loss.

Proof By the definition of Bregman divergenceDf (x, y) = f(x)−f(y)−⟨∇f(y), x− y⟩, we have

REGT (u1:T ) =
T∑
t=1

ft(wt)− ft(ut) =
T∑
t=1

⟨∇ft(wt), wt − ut⟩ − Dft(ut, wt)

= REGA
T (u1:T )−

T∑
t=1

Dft(ut, wt)

≤ AT (u1:T ) +BT (u1:T )

√√√√ T∑
t=1

∥∇ft(wt)−∇ft−1(wt−1)∥2 −
T∑
t=1

Dft(ut, wt).

Now apply Lemma 15 to get

T∑
t=1

∥∇ft(wt)−∇ft−1(wt−1)∥2 ≤ min
{
∥∇f1(w1)∥2 + 4VT (u1:T ) + 4L2P

∥·∥2
T (u1:T ), 16LFT (u1:T )

}
+ 16L

T∑
t=1

Dft(ut, wt).

where we define

VT (u1:T ) ≜
T∑
t=2

∥∇ft(ut−1)−∇ft−1(ut−1)∥2 ,
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FT (u1:T ) ≜
T∑
t=1

(ft(ut)− inf
w∈Rd

ft(w)), P
∥·∥2
T (u1:T ) ≜

T∑
t=2

∥ut − ut−1∥2 .

Hence, using
√
a+ b ≤

√
a+
√
b yields

REGT (u1:T ) ≤ AT (u1:T ) + 2BT (u1:T )

√
min

{
G2 + VT (u1:T ) + L2P

∥·∥2
T (u1:T ), 4LFT (u1:T )

}
+ 4BT (u1:T )

√√√√L

T∑
t=1

Dft(ut, wt)−
T∑
t=1

Dft(ut, wt)

≤ AT (u1:T ) + 4LBT (u1:T )
2

+ 2BT (u1:T )

√
min

{
G2 + VT (u1:T ) + L2P

∥·∥2
T (u1:T ), 4LFT (u1:T )

}
,

where the last line uses ax− bx2 ≤ a2/4b.

A.2. Parameter-free Regularizer from Jacobsen and Cutkosky (2022)

In this part, we introduce a key component of our parameter-free algorithms, which is what we call
a “parameter-free regularizer” from Jacobsen and Cutkosky (2022). The following lemma provides
the theoretical guarantees.

Lemma 8 Let g1, . . . , gT be an arbitrary sequence of vectors. Suppose 0 < M1 ≤ . . . ≤ MT is
non-decreasing magnitude hint sequence that ∥gt∥ ≤ Mt for all t, and let α1 ≥ . . . ≥ αT be a
non-increasing sequence. Set V̄t = 4M2

t +
∑t−1

i=1 ∥gi∥
2 and define:

ψt(w) = 3

∫ ∥w∥

0
min

η≤1/Mt

[
log(x/αt + 1)

η
+ ηV̄t

]
dx,

then for any sequence w1, . . . , wT+1 ∈ Rd:

T∑
t=1

⟨gt, wt − wt+1⟩ − Dψt(wt+1, wt)− (ψt+1 − ψt)(wt+1) ≤
T∑
t=1

2αt ∥gt∥2√
V̄t

.

Moreover, for any u ∈ Rd:

ψT+1(u) ≤ 6 ∥u∥max

{√
V̄T+1 log(∥u∥ /αT+1 + 1),MT+1 log(∥u∥ /αT+1 + 1)

}
.

Proof This lemma follows from the proof of Jacobsen and Cutkosky (2022, Theorem 6).
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Algorithm 4: Optimistic FTRL/Centered Mirror Descent
Input: Lipschitz bound G, value ϵ > 0

Define: parameter-free regularizer ψ(w; V̄ , α) = 3
∫ ∥w∥
0 minη≤1/(2G)

[
log(x/α+1)

η + ηV̄
]
dx

Initialize: V1 = 4(2G)2, w1 = 0, θ1 = 0, B1 = 4, h1 = 0
for t = 1 : T do

Play wt, receive subgradient gt and hint ht+1

Set V̄t+1 = V̄t + ∥gt − ht∥2, Bt+1 = Bt +
∥gt−ht∥2
(2G)2

, and αt+1 =
ϵ√

Bt+1 log
2(Bt+1)

Set θt+1 = θt − gt and θ̃t+1 = θt+1 − ht+1

Update

wt+1 = argminw∈Rd

〈
ht+1 +

t∑
s=1

gs, w

〉
+ ψ(w; V̄t+1, αt+1) (12)

=
θ̃t+1

∥θ̃t+1∥
αt+1


exp

(
∥θ̃t+1∥2
36V̄t+1

)
− 1 if ∥θ̃t+1∥ ≤ 6V̄t+1

(2G)

exp

(
∥θ̃t+1∥
3(2G) −

6V̄t+1

(2G)

)
− 1 otherwise

(13)

end

A.3. Optimistic FTRL with Parameter-free Regularizer

In this section, we provide a comparator-adaptive optimistic algorithm, Algorithm 4, that combines
optimistic FTRL with the parameter-free regularizer in Jacobsen and Cutkosky (2022). This is a
slight simplification of Jacobsen and Cutkosky (2022, Algorithm 3) which used a somewhat com-
plicated formulation based on mirror descent in order to develop dynamic regret guarantees; this is
more general than we need since we focus primarily on static regret. Instead, we provide an FTRL-
based formulation which significantly simplifies the exposition and analysis, and is likely much
easier to follow for most readers familiar with online learning than the centered mirror descent
argument of Jacobsen and Cutkosky (2022).

The algorithm is shown in Algorithm 4, which also clearly demonstrates that the algorithm
can be implemented in O(d) per-round computation. The closed-form shown in the pseudocode
follows from the same arguments as Jacobsen and Cutkosky (2022, Theorem 1), which shows how
to compute the equivalent non-optimistic update from the first-order optimality condition, so we
omit the details here for brevity.

Theorem 9 (Comparator-adaptive Optimistic Algorithm) Assume that the hints ht ∈ Rd satisfy
∥ht∥ ≤ G for all t. For any u ∈ Rd, Algorithm 4 guarantees

T∑
t=1

⟨gt, wt − u⟩ ≤ O

∥u∥
√√√√ T∑

t=1

∥gt − ht∥2
(
log+

∥u∥
√
T

ϵ

)
+ ϵG+G ∥u∥

(
log+

∥u∥
√
T

ϵ

)
.

 .

Moreover, the algorithm admits an efficient closed-form update with O(d) time per iteration.
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Proof For all t, let ψPF
t (w) ≜ ψ(w; V̄t, αt) as defined in Algorithm 4. Applying a typical regret

bound for optimistic FTRL (e.g., see (Orabona, 2019, Theorem 7.36)), we have

T∑
t=1

⟨gt, wt − u⟩ ≤ ψPF
T+1(u) +

T∑
t=1

(
⟨gt − ht, wt − wt+1⟩ − DψPF

t
(wt+1, wt)− (ψPF

t+1 − ψPF
t )(wt+1)

)
︸ ︷︷ ︸

δt

.

Then apply Lemma 8 with Mt = 2G ≥ ∥gt − ht∥, V̄t = 4M2
t +

∑t−1
s=1 ∥gs − hs∥

2, and with any
non-increasing sequence α1 ≥ . . . ≥ αT > 0,

T∑
t=1

δt ≤
T∑
t=1

2αt ∥gt − ht∥2√
V̄T

,

apply Lemma 18 that defines αt = ϵ√
Bt log

2(Bt)
where Bt = 4 +

∑t−1
s=1 ∥gs − hs∥

2 /(2G)2, then

T∑
t=1

δt ≤ 16ϵG.

And Lemma 8 also gives us

ψPF
T+1(u) ≤ O

(
∥u∥max

{√
V̄T+1 log(∥u∥ /αT+1 + 1), G log(∥u∥ /αT+1 + 1)

})
≤ O

(
∥u∥max

{√
V̄T+1 log(∥u∥

√
T/ϵ+ 1), G log(∥u∥

√
T/ϵ+ 1)

})
.

Plugging the previous two displays in above yields the stated regret guarantee. The per-iteration
efficiency can be easily seen from the updates in Eq. (13).

A.4. Proof of Theorem 2

In this section we provide the guarantee for our comparator-adaptive gradient variation bound. The
result is re-stated below for convenience.

Theorem 2 (Comparator-Adaptive Gradient-Variation Regret) For any u ∈ Rd, Algorithm 4
(in Appendix A.3) with ht = gt−1 guarantees

REGT (u) ≤ Õ

(
∥u∥

√
VT (u)

(
log+

∥u∥
√
T

ϵ

)
+ L ∥u∥2 +G ∥u∥+ ϵG

)
.

where we keep the log factors of the dominant term in the Õ(·)-notation for clarity. Moreover, the
algorithm admits an efficient closed-form update with O(d) time per iteration.

Proof Applying Theorem 9 that guarantees

T∑
t=1

⟨gt, wt − u⟩ ≤ O

∥u∥
√√√√V̄T

(
log+

∥u∥
√
T

ϵ

)
+ ϵG+G ∥u∥

(
log+

∥u∥
√
T

ϵ

) ,
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where V̄T =
∑T

t=1 ∥gt − ht∥
2. Hence, Algorithm 4 satisfies the conditions of Theorem 1 with

AT (u) = O

(
ϵG+G ∥u∥

(
log+

∥u∥
√
T

ϵ

))
, BT (u) = O

∥u∥
√√√√(log+ ∥u∥√Tϵ

) .

Plugging these into Theorem 1 yields the desired result.

Appendix B. Proofs for Section 3

B.1. Proof of Theorem 3

Here we re-state the full version for Theorem 3 of the main text, which additionally includes the
derived optimistic regret bound.

Theorem 3 (Full Version) Assume that the optimistic hints ht satisfy ∥ht∥ ≤ G for all t. For any
u ∈ Rd, Algorithm 1 guarantees

REGT (u) ≤ Õ

(
∥u∥

√√√√ T∑
t=1

∥gt − ht∥2
(
log+

∥u∥
√
T

ϵ

)
+ ϵγ + ϵG+ γ ∥u∥+ γ

ϵ ∥u∥
2 + ϵ

γG
2

)
.

Moreover, by setting hints ht = gt−1, for any u ∈ Rd it holds that

REGT (u) ≤ Õ

(
∥u∥

√
VT (u)

(
log+

∥u∥
√
T

ϵ

)
+ L ∥u∥2 + ϵγ + ϵG+ γ ∥u∥+ γ

ϵ ∥u∥
2 + ϵ

γG
2

)
.

Proof Consider the standard optimistic FTRL bound (setting h1 = hT+1 = 0):

T∑
t=1

⟨gt, wt − u⟩ ≤ ΨT+1(u) +
T∑
t=1

⟨gt − ht, wt − wt+1⟩ − DΨt(wt+1, wt)− (Ψt+1 −Ψt) (wt+1)︸ ︷︷ ︸
δt

.

We proceed by bounding the terms
∑T

t=1 δt. We begin by replacing ∆t = gt − ht with a clipped

version ∆̂t = ∆t · min
{
1, M̂t

∥∆t∥

}
, where M̂t = maxs<t ∥∆t∥. To do this, let Ψt(w) = ψt(w) +

β
2 ∥w∥

2, where ψt(w) ≜ ψPF(w;αt, V̄t, M̂t) and β > 0, then we have:

T∑
t=1

δt =

T∑
t=1

⟨∆t, wt − wt+1⟩ − DΨt(wt+1, wt)− (Ψt+1 −Ψt)(wt+1)

=

T∑
t=1

〈
∆̂t, wt − wt+1

〉
−Dψt(wt+1, wt)− (ψt+1 − ψt)(wt+1)

+

T∑
t=1

〈
∆t − ∆̂t, wt − wt+1

〉
− β

2
∥wt − wt+1∥2
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≤
T∑
t=1

〈
∆̂t, wt − wt+1

〉
−Dψt(wt+1, wt)− (ψt+1 − ψt)(wt+1) +

1

2β

T∑
t=1

∥∥∥∆t − ∆̂t

∥∥∥2 .
By definition of the clipped optimistic gap ∆̂t, we have ∥∆t − ∆̂t∥ = M̂t+1 − M̂t, hence:

T∑
t=1

∥∥∥∆t − ∆̂t

∥∥∥2 = T∑
t=1

(
M̂t+1 − M̂t

)2
≤

(
T∑
t=1

(
M̂t+1 − M̂t

))2

=
(
M̂T+1 − M̂1

)2
.

Therefore, we conclude that:

T∑
t=1

⟨gt, wt − u⟩ ≤ ψT+1(u) +

T∑
t=1

〈
∆̂t, wt − wt+1

〉
−Dψt(wt+1, wt)− (ψt+1 − ψt)(wt+1)︸ ︷︷ ︸

=:δ̂t

+
β

2
∥u∥2 + 1

2β

(
M̂T+1 − M̂1

)2
.

To bound
∑T

t=1 δ̂t, we apply Lemma 8 by defining V̄t = 4M̂2
t +

∑t−1
s=1 ∥∆̂s∥2, let α1 ≥ . . . ≥ αT

be a non-increasing sequence, and define ψt(w) = 3
∫ ∥w∥
0 min

η≤1/M̂t

[
log(x/αt+1)

η + ηV̄t

]
dx, then

T∑
t=1

δ̂t ≤
T∑
t=1

2αt

∥∥∥∆̂t

∥∥∥2√
V̄t

.

We conclude that:

T∑
t=1

⟨gt, wt − u⟩ ≤ ψT+1(u) +
T∑
t=1

δ̂t +
β

2
∥u∥2 + 1

2β

(
M̂T+1 − M̂1

)2

≤ ψT+1(u) +
T∑
t=1

2αt

∥∥∥∆̂t

∥∥∥2√
V̄t

+
β

2
∥u∥2 + 1

2β

(
M̂T+1 − M̂1

)2
≤ 6 ∥u∥max

{√
V̄T+1 log(∥u∥ /αT+1 + 1), M̂T+1 log(∥u∥ /αT+1 + 1)

}

+
T∑
t=1

2αt

∥∥∥∆̂t

∥∥∥2√
V̄t

+
β

2
∥u∥2 + 1

2β

(
M̂T+1 − M̂1

)2
,

where the last inequality uses Lemma 8. Finally, to apply Lemma 18, we define αt = ϵ√
Bt log

2(Bt)

with Bt = 4 +
∑t−1

i=1 ∥∆̂i∥2/M̂2
i , which yields

T∑
t=1

⟨gt, wt − u⟩ ≤ 6 ∥u∥max


√√√√V̄T+1 log

(
∥u∥

√
BT+1 log

2(BT+1)

ϵ
+ 1

)
,

M̂T+1 log

(
∥u∥

√
BT+1 log

2(BT+1)

ϵ
+ 1

)}
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+ 8ϵM̂T +
β

2
∥u∥2 + 1

2β

(
M̂T+1 − M̂1

)2
.

Finally, the stated bound follows by bounding Bt ≤ 3 + t (since ∥∆̂t∥ ≤ M̂t by definition), and
that 0 < M̂T+1 ≤ max{γ, 2G} ≤ γ + 2G, then (M̂T+1 − M̂1)

2 = (M̂T+1 − γ)2 ≤ 4G2.
The second regret bound is by applying Theorem 1, for which we have

AT (u) = O

(
∥u∥ (γ +G)

(
log+

∥u∥
√
T

ϵ

)
+ ϵ(γ +G) +

γ

ϵ
∥u∥2 + ϵ

γ
G2

)
,

BT (u) = O

∥u∥
√√√√log+

(
∥u∥
√
T

ϵ

) .

Plugging these into Theorem 1 yields the desired result.

B.2. Efficiency of the Virtual Clipping Algorithm

In this section we provide the detailed discussion of the computational efficiency of the virtual
clipping algorithm, Algorithm 1, proposed in Section 3.1. We first recall Proposition 1, re-stated
below for convenience, which we prove later in this section.

Proposition 1 Algorithm 1 guarantees that, for any t ∈ [T ], the direction of wt+1 is determined by

wt+1

∥wt+1∥
= −

ht+1 +
∑t

s=1 gs∥∥ht+1 +
∑t

s=1 gs
∥∥ .

Moreover, denoting α := αt+1, V := V̄t+1, and M := M̂t+1 the magnitude of wt+1 satisfies∣∣ ∥wt+1∥ − ∥wt∥
∣∣ ≤ ∥gt − ht + ht+1∥

β
, and∥∥∥∥∥ht+1 +

t∑
s=1

gs

∥∥∥∥∥ =

{
6
√
V ln(∥wt+1∥ /α+ 1) + β ∥wt+1∥ , if

√
ln(∥wt+1∥/α+1)

V ≤ 1
M ,

3
(
M ln(∥wt+1∥ /α+ 1) + V

M

)
+ β ∥wt+1∥ , otherwise.

Using Proposition 1 and denoting θt := ∥gt − ht + ht+1∥, we have that the norm of wt+1 is no
more than a factor of θt/β away from the norm of wt. This means that we could naively apply a
binary search over a bracket of [∥wt∥−θt/β, ∥wt∥+θt/β] to compute ∥wt+1∥ up to ϵ accuracy using
O(log (2θt/βϵ)) iterations. Thus, we can solve ∥wt+1∥ up to ϵ = 2θt

βTk = O(1/T k) accuracy for any
k ≥ 1 while still matching the efficiency of Wang et al. (2025), which would already be sufficient for
most applications. In practice, this naive estimate above could potentially be significantly reduced
by applying a more sophisticated solver than the simple binary search suggested above (e.g., by
applying Newton’s method).
Proof [Proof of Proposition 1] We first present a direct derivation of the update for Algorithm 1. De-
note ψ̂(x;α, V,M) = 3

∫ x
0 minη≤1/M

[
ln(x/α+1)

η + ηV
]
dx andψ(w;α, V,M) = ψ̂(∥w∥ ;α, V,M).

On round t, the algorithm chooses a hybrid regularizer Ψt+1(w) = ψPF
(
w;αt+1, V̄t+1, M̂t+1

)
+

β
2 ∥w∥

2 (we use simplified notations of α, V,M in the following) and updates using wt+1 =
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argminw∈Rd

〈
ht+1 +

∑t
s=1 gs, w

〉
+ Ψt+1(w). By the first-order optimality condition of wt+1,

we have

0 = ht+1 +
t∑

s=1

gs +∇ψPF
(
wt+1;α, V,M

)
+ βwt+1

=

ht+1 +
∑t

s=1 gs + 6 wt+1

∥wt+1∥
√
V ln(∥wt+1∥ /α+ 1) + βwt+1, if

√
ln(∥wt+1∥/α+1)

V ≤ 1
M ,

ht+1 +
∑t

s=1 gs + 3 wt+1

∥wt+1∥
(
M ln(∥wt+1∥ /α+ 1) + V

M

)
+ βwt+1, otherwise.

This immediately implies that wt+1 is in the direction of −ht+1 −
∑t

s=1 gs. Taking the norm on
both sides of the above equation, we have∥∥∥∥∥ht+1 +

t∑
s=1

gs

∥∥∥∥∥ =

{
6
√
V ln(∥wt+1∥ /α+ 1) + β ∥wt+1∥ , if

√
ln(∥wt+1∥/α+1)

V ≤ 1
M ,

3
(
M ln(∥wt+1∥ /α+ 1) + V

M

)
+ β ∥wt+1∥ , otherwise.

This equation has no closed-form solution for ∥wt+1∥ in general, but an approximate solution can
be found via binary search over a small bracket around ∥wt∥, as shown in Proposition 10 applied
with ψ̂t(∥w∥) = ψ̂PF

t (∥w∥ ;αt, V̄t, M̂t), which can easily be seen to satisfy the required conditions
ψ̂′
t(x) ≥ 0 and ψ′

t(x) ≤ ψ′
t+1(x) for non-increasing sequence (αt)t.

Proposition 10 Let ψ̂1, ψ̂2, . . . be an sequence of convex regularizers satisfying ψ̂′
t(x) ≥ 0 and

ψ̂′
t(x) ≤ ψ̂′

t+1(x) for any t and any x ≥ 0. For each t define ψt(w) = ψ̂t(∥w∥) and Ψt(w) =

ψt(w) +
β
2 ∥w∥

2 for β > 0, and suppose that on each round we play

wt = argminw∈Rd

〈
ht +

t−1∑
s=1

gs, w

〉
+Ψt(w).

Then for any t, it holds that

|∥wt+1∥ − ∥wt∥| ≤
∥gt − ht + ht+1∥

β
.

Proof Observe that for any t, we have via the first-order optimality condition for the optimistic
FTRL update that

wt+1 = argminw∈Rd

〈
ht+1 +

t∑
s=1

gs, w

〉
+Ψt+1(w)

=⇒ ∇Ψt+1(wt+1) = −ht+1 −
t∑

s=1

gs,

and moreover, since this holds for any t, we also have∇Ψt(wt) = −ht −
∑t−1

s=1 gs, so the previous
display can be written as

∇Ψt+1(wt+1) = ∇Ψt(wt)− (gt − ht + ht+1).
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Therefore, by denoting Ψt(w) = Ψ̂t(∥w∥) and ψt(w) = ψ̂t(∥w∥), we have

Ψ̂′
t+1(∥wt+1∥) = ψ̂t+1

′(∥wt+1∥) + β ∥wt+1∥
= ∥∇Ψt(wt)− (gt − ht + ht+1)∥ ≤ ∥∇Ψt(wt)∥+ ∥gt − ht + ht+1∥

= Ψ̂′
t(∥wt∥) + ∥gt − ht + ht+1∥ ≤ Ψ̂′

t+1(∥wt∥) + ∥gt − ht + ht+1∥ ,

where we’ve used the facts that Ψ̂′
t(x) ≥ 0 and Ψ̂′

t(x) ≤ Ψ̂′
t+1(x) for all x ≥ 0. From this, we have

in particular that ∣∣∣Ψ̂′
t+1(∥wt+1∥)− Ψ̂′

t+1(∥wt∥)
∣∣∣ ≤ ∥gt − ht + ht+1∥ := θt.

We can use this to derive a bound on how far ∥wt+1∥ is from ∥wt∥ by studying the inverse of Ψ̂′
t+1,

since ∥w∥ = (Ψ̂′
t+1)

−1(Ψ̂′
t+1(∥w∥)).

Now, since ψ̂t+1 is convex, we have ψ̂t+1
′′(x) ≥ 0 for all x and therefore, Ψ̂′′

t+1(x) = ψ̂t+1
′′(x)+

β ≥ β > 0 for all x. Therefore, Ψ̂′
t+1(x) is β-strongly monotone, which implies that it has a unique

inverse (Ψ̂′
t+1)

−1, and moreover, that (Ψ̂′
t+1)

−1 is 1/β-Lipschitz. Hence,

|∥wt+1∥ − ∥wt∥| =
∣∣∣(Ψ̂′

t+1)
−1
(
Ψ̂′
t+1(∥wt+1∥)

)
− (Ψ̂′

t+1)
−1
(
Ψ̂′
t+1(∥wt∥)

)∣∣∣
≤

∣∣∣Ψ̂′
t+1(∥wt+1∥)− Ψ̂′

t+1(∥wt∥)
∣∣∣

β
≤ ∥gt − ht + ht+1∥

β
=
θt
β
.

B.3. Proof of Theorem 4

To make the paper self-contained, we first restate Cutkosky and Mhammedi (2024, Theorem 1) as
a lemma here. To be consistent with this paper, we replace their notation γ with γ′/ϵ′, replace h1
with γ′, and replace notation ϵ with ϵ′.

Lemma 11 (Theorem 1 of Cutkosky and Mhammedi (2024)) There exists an online learning al-
gorithmA with any inputs ϵ′ > 0 and γ′ > 0, that runs in O(d) time per iteration, such that for any
sequence g1, . . . , gT , and for any u ∈ Rd, guarantees

T∑
t=1

⟨gt, wt − u⟩ ≤ O

(
∥u∥

√√√√ T∑
t=1

∥gt∥2
(
log+

G∥u∥
√
T

ϵ′γ′

)
+G ∥u∥

(
log+

G∥u∥
√
T

ϵ′γ′

)
+ ϵ′G2

γ′

(
log+

G
γ′

)
+ γ′∥u∥2

ϵ′

(
log+

∥u∥
ϵ′

)
+ ϵ′G+ ϵ′γ′

)
,

where G = max{γ′,maxt∈[T ] ∥gt∥}.

We restate Theorem 4 here with more detailed logarithmic factors.
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Theorem 4 (Full Version) For any u ∈ Rd, Algorithm 2 guarantees

REGT (u) ≤ O

(
ϵG+ ϵγ +

ϵG2

γ

(
log+

G

γ

)
+
γ ∥u∥2

ϵ

(
log+

∥u∥
ϵ

)
+
ϵG4

γ3

(
log+

G

γ

)

+ ∥u∥G

(
log+

∥u∥G
√
T

ϵγ

) 3
2

+
γ3 ∥u∥2

ϵG2

(
log+

∥u∥G
√
T

ϵγ

)(
log+

γ ∥u∥
ϵG

)

+ ∥u∥

√√√√VT (u)

(
log+

∥u∥G
√
T

ϵγ

)
+ L ∥u∥2

(
log+

∥u∥G
√
T

ϵγ

))
.

Moreover, the algorithm admits an efficient closed-form update with O(d) time per iteration.

Proof We will apply our black-box reduction (Proposition 2) with the algorithm of Cutkosky and
Mhammedi (2024, Theorem 1), provided in Lemma 11 above, for both Ax and Ay. By Lemma 11,
the algorithm Ax with inputs ϵ′ = ϵ and γ′ = γ satisfies the conditions of Proposition 2 with

AAx
T (u) = O

(
ϵG+ ϵγ +

ϵG2

γ

(
log+

G

γ

)

+
γ ∥u∥2

ϵ

(
log+

∥u∥
ϵ

)
+ ∥u∥G

(
log+

∥u∥G
√
T

ϵγ

))
, (14)

BAx
T (u) = O

∥u∥
√

log+
∥u∥G

√
T

ϵγ

 , (15)

where G is the Lipschitz constant. Likewise, for Ay, given any ϵ′ > 0 and γ′ > 0 (to be specified
later) we have:

A
Ay

T (ẙ) = O

(
ϵ′GH + ϵ′γ′ +

ϵ′G2H2

γ′

(
log+

GH

γ′

)

+
γ′ |̊y|2

ϵ′

(
log+

|̊y|
ϵ′

)
+ |̊y|GH

(
log+

|̊y|GH
√
T

ϵ′γ′

))
,

B
Ay

T (ẙ) = O

|̊y|
√
log+

|̊y|GH
√
T

ϵ′γ′

 = O (|̊y|λT (ẙ)) ,

where H ≜ maxt∈[T ] ∥ht∥ and λT (ẙ) ≜ 1 +

√
log+

(
|̊y|GH

√
T/(ϵ′γ′)

)
. Applying Proposition 2

we have

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +A

Ay

T (ẙ) + 2BAx
T (u)

√√√√H2λT (ẙ)2 +
1

2

T∑
t=1

∥gt − ht∥2. (16)
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where ẙ = BAx
T (u)/H . Expanding ẙ in AAy

T (ẙ) and setting ϵ′ = ϵ/γ, and γ′ = γ2, we have

A
Ay

T (ẙ) = A
Ay

T (BAx
T (u)/H)

= O

(
ϵ′GH + ϵ′γ′ +

ϵ′G2H2

γ′

(
log+

GH

γ′

)

+
γ′BAx

T (u)2

ϵ′H2

(
log+

BAx
T (u)

ϵ′H

)
+BAx

T (u)G

(
log+

BAx
T (u)G

√
T

ϵ′γ′

))

= O

(
ϵ′GH + ϵ′γ′ +

ϵ′G2H2

γ′

(
log+

GH

γ′

)

+
γ′ ∥u∥2

ϵ′H2

(
log+

∥u∥G
√
T

ϵγ

)(
log+

∥u∥
ϵ′H

)

+ ∥u∥G

√
log+

∥u∥G
√
T

ϵγ

(
log+

∥u∥G
√
T

ϵ′γ′

))

= O

(
ϵGH

γ
+ ϵγ +

ϵG2H2

γ3

(
log+

GH

γ2

)

+
γ3 ∥u∥2

ϵH2

(
log+

∥u∥G
√
T

ϵγ

)(
log+

γ ∥u∥
ϵH

)

+ ∥u∥G

(
log+

∥u∥G
√
T

ϵγ

) 3
2
)
, (17)

and likewise, expanding ẙ in λT (ẙ) yields

λT (ẙ)
2 = λT (B

Ax
T (u)/H)2 = 1 + log+

BAx
T (u)G

√
T

ϵγ
= O

(
log+

∥u∥G
√
T

ϵγ

)
. (18)

Plugging Equations (14), (15), (17) and (18) back into Equation (16), we have

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +A

Ay

T (ẙ) + 2BAx
T (u)

√√√√H2λT (ẙ)2 +
1

2

T∑
t=1

∥gt − ht∥2

≤ O

(
ϵG+ ϵγ +

ϵGH

γ
+
ϵG2

γ

(
log+

G

γ

)
+
γ ∥u∥2

ϵ

(
log+

∥u∥
ϵ

)
+
ϵG2H2

γ3

(
log+

GH

γ2

)

+ ∥u∥H

(
log+

∥u∥G
√
T

ϵγ

)
+
γ3 ∥u∥2

ϵH2

(
log+

∥u∥G
√
T

ϵγ

)(
log+

γ ∥u∥
ϵH

)

+ ∥u∥G

(
log+

∥u∥G
√
T

ϵγ

) 3
2

+ ∥u∥

√√√√V̄T

(
log+

∥u∥G
√
T

ϵγ

))
,
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Algorithm 5: Optimistic Reduction (Cutkosky, 2019c)

Input: Online Learning algorithms Ax defined on Rd and Ay defined on R.
for t = 1 : T do

Observe ht ∈ Rd
Get xt ∈ Rd from Ax and yt ∈ R from Ay
Play wt = xt − ytht and observe gt = ∇ft(wt)
Pass gt to Ax as the tth subgradient
Pass −⟨gt, ht⟩ to Ay as the tth subgradient

end

where we define V̄T =
∑T

t=1 ∥gt − ht∥
2. Finally by setting ht = gt−1 and hence H = G, then

apply Theorem 1, we conclude that:

T∑
t=1

ft(wt)− ft(u) =
T∑
t=1

⟨gt, wt − u⟩ − Dft(u,wt)

≤ O

(
ϵG+ ϵγ +

ϵG2

γ

(
log+

G

γ

)
+
γ ∥u∥2

ϵ

(
log+

∥u∥
ϵ

)
+
ϵG4

γ3

(
log+

G

γ

)

+ ∥u∥G

(
log+

∥u∥G
√
T

ϵγ

) 3
2

+
γ3 ∥u∥2

ϵG2

(
log+

∥u∥G
√
T

ϵγ

)(
log+

γ ∥u∥
ϵG

)

+ ∥u∥

√√√√VT (u)

(
log+

∥u∥G
√
T

ϵγ

)
+ L ∥u∥2

(
log+

∥u∥G
√
T

ϵγ

))
,

where VT (u) =
∑T

t=2 ∥∇ft(u)−∇ft−1(u)∥2.

B.4. Proof of Proposition 2

We provide the Optimistic Reduction (Cutkosky, 2019c) in Algorithm 5 for self-containment, and
give the following proof for the refined reduction in Proposition 2. The result is re-stated below for
convenience.

Proposition 2 (Refined Optimistic Reduction) Let Ax and Ay be online algorithms defined on
Wx = Rd andWy = R respectively. Suppose the following conditions hold:

• For each z ∈ {x, y}, Az guarantees REGAz
T (u) ≤ AAz

T (u) + BAz
T (u)

√∑T
t=1 ∥gt∥

2 for any
u ∈ Wz and {gt}Tt=1 inWz , where AAz

T and BAz
T are non-negative functions.

• AAy

T is non-decreasing andBAy

T (ẙ) ≤ |̊y|λT (ẙ) for some non-decreasing function λT (ẙ) ≥ 1.

Then for any u ∈ Rd, Algorithm 5 (in Appendix B.4) enjoys the following optimistic bound:

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +A

Ay

T (ẙ) + 2BAx
T (u)

√√√√H2
TλT (ẙ)

2 +
1

2

[
T∑
t=1

∥gt − ht∥2 − ∥ht∥2
]
+

,
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where HT = maxt∈[T ] ∥ht∥, ẙ = BAx
T (u)/HT , and [x]+ ≜ max{x, 0}.

Proof For wt = xt − ytht and gt = ∇ft(wt), we have

T∑
t=1

⟨gt, wt − u⟩ =
T∑
t=1

⟨gt, xt − u⟩+
T∑
t=1

⟨−gt, ht⟩ yt

= REGAx
T (u) +

T∑
t=1

(⟨−gt, ht⟩ yt − ⟨−gt, ht⟩ ẙ) + ẙ

T∑
t=1

⟨−gt, ht⟩

= REGAx
T (u) + REG

Ay

T (ẙ) + ẙ

T∑
t=1

⟨−gt, ht⟩ ,

and moreover, using the fact that −⟨gt, ht⟩ = 1
2 ∥gt − ht∥

2 − 1
2 ∥ht∥

2 − 1
2 ∥gt∥

2, we have

T∑
t=1

⟨gt, wt − u⟩ ≤ REGAx
T (u) + REG

Ay

T (ẙ) +
ẙ

2

(
V̄T −

T∑
t=1

∥gt∥2
)
,

where we’ve defined V̄T :=
[∑T

t=1 ∥gt − ht∥
2 − ∥ht∥2

]
+

and [x]+ = max{x, 0}. Applying the

regret guarantees of Ax and Ay, we have

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +BAx

T (u)

√√√√ T∑
t=1

∥gt∥2 +A
Ay

T (ẙ) +B
Ay

T (ẙ)

√√√√ T∑
t=1

⟨gt, ht⟩2

+
ẙ

2

(
V̄T −

T∑
t=1

∥gt∥2
)

= AAx
T (u) +A

Ay

T (ẙ) +
ẙ

2
V̄T

+

[
BAx
T (u) +B

Ay

T (ẙ)max
t∈[T ]
∥ht∥

]√√√√ T∑
t=1

∥gt∥2 −
ẙ

2

T∑
t=1

∥gt∥2

≤ AAx
T (u) +A

Ay

T (ẙ) +
ẙ

2
V̄T

+ sup
X≥0

{[
BAx
T (u) +B

Ay

T (ẙ)max
t∈[T ]
∥ht∥

]
X − ẙ

2
X2

}

≤ AAx
T (u) +A

Ay

T (ẙ) +
ẙ

2
V̄T +

[
BAx
T (u) +B

Ay

T (ẙ)HT

]2
2ẙ

≤ AAx
T (u) +A

Ay

T (ẙ) +
ẙ

2
V̄T +

BAx
T (u)2 +B

Ay

T (ẙ)2H2
T

ẙ
,

where we’ve used aX − bX2 ≤ a2/4b and defined HT = maxt ∥ht∥. For BAy

T (ẙ) ≤ ẙλT (ẙ), we
have

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +A

Ay

T (ẙ) + ẙ

[
H2
TλT (ẙ)

2 +
1

2
V̄T

]
+
BAx
T (u)2

ẙ
.
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Since this holds for any ẙ ∈ R+, we may take ẙ = BAx
T (u)/

√
H2
Tλ

2
T (B

Ax
T (u)/HT ) +

1
2 V̄T ≤

BAx
T (u)/HT , and so for monotonically increasing AAy

T (ẙ) and λT (ẙ), we have

T∑
t=1

⟨gt, wt − u⟩ ≤ AAx
T (u) +A

Ay

T

(
BAx
T (u)/HT

)
+ 2BAx

T (u)

√
H2
TλT

(
BAx
T (u)/HT

)2
+

1

2
V̄T .

The stated result defines ẙ = BAx
T (u)/HT for brevity.

Appendix C. Proofs for Section 4

C.1. Proof of Theorem 6

We re-state Theorem 6 here with more detailed logarithmic factors.

Theorem 6 (Full Version) For any sequence u1, . . . , uT ∈ Rd, Algorithm 3 guarantees

REGT (u1:T ) ≤ O

(√
(M2 +MPT )VT (u1:T )

(
log+

MG
√
T

ϵγ

)
+ L(M2 +MPT )

(
log+

MG
√
T

ϵγ

)
+G

√
M2 +MPT + PTG+ γPT

+ ϵG+ γM + ϵγ + ϵG2

γ

(
log+

G
γ

)
+ γM2

ϵ

(
log+

M
ϵ

)
+ ϵG4

γ3

(
log+

G
γ

)
+MG

(
log+

MG
√
T

ϵγ

) 3
2
+MG

(
log+

GT
γ

)
+ γ3M2

ϵG2

(
log+

MG
√
T

ϵγ

)(
log+

γM
ϵG

))
,

where M ≜ maxt∈[T ] ∥ut∥. Moreover, the algorithm runs in O(d log t) time on iteration t.

Proof Following Cutkosky and Orabona (2018, Theorem 2) and Jacobsen and Cutkosky (2022,
Lemma 10), the linearized dynamic regret is bounded as

T∑
t=1

⟨gt, wt − ut⟩ =
T∑
t=1

⟨gt, xt⟩ yt − ⟨gt, ut⟩

=
T∑
t=1

⟨gt, xt⟩ yt − ⟨gt, xt⟩M +
T∑
t=1

⟨gt, xt⟩M − ⟨gt, ut⟩

= REG1d
T (M) +M

T∑
t=1

〈
gt, xt −

ut
M

〉
= REG1d

T (M) +MREGB
T (u1:T /M),

where we define M ≜ maxt∈[T ] ∥ut∥, REG1d
T (M) denotes the static regret of an algorithm A1d

which receives optimistic hint ⟨ht, xt⟩, then chooses yt ∈ R and suffers losses y 7→ ⟨gt, xt⟩ y,
while REGB

T (u1:T /M) denotes the dynamic regret of an algorithm AB receiving optimism ht and
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choosing xt ∈ B = {x ∈ Rd : ∥x∥ ≤ 1} against losses x 7→ ⟨gt, x⟩. Moreover, ∥ht∥ ≤ G since we
set ht = gt−1.

For AB, we apply Theorem 12 which ensures the following guarantee:

REGB
T (u1:T /M) ≤ O

(√√√√(1 + PT /M)
T∑
t=1

∥gt − ht∥2 +G
√
PT /M

+GPT /M +G log+

(
GT
γ

)
+ γ(1 + PT /M)

)
.

For A1d, we apply proof in Theorem 4 with optimism ⟨ht, xt⟩ and gradient ⟨gt, xt⟩, hence:

REG1d
T (M) =

T∑
t=1

⟨gt, xt⟩ (yt −M)

≤ O

M
√√√√ T∑

t=1

∥⟨gt − ht, xt⟩∥2
(
log+

MG
√
T

ϵγ

)
+ CONST


≤ O

M
√√√√ T∑

t=1

∥gt − ht∥2
(
log+

MG
√
T

ϵγ

)
+ CONST

 ,

where we use ∥xt∥ ≤ 1 and denote constants by CONST:

CONST = ϵG+ ϵγ +
ϵG2

γ

(
log+

G

γ

)
+
γM2

ϵ

(
log+

M

ϵ

)
+
ϵG4

γ3

(
log+

G

γ

)

+MG

(
log+

MG
√
T

ϵγ

) 3
2

+
γ3M2

ϵG2

(
log+

MG
√
T

ϵγ

)(
log+

γM

ϵG

)
.

Combining everything together and applying Theorem 1, we have:

REGT (u1:T ) ≤ O

(√√√√(M2 +MPT )VT (u1:T )

(
log+

MG
√
T

ϵγ

)

+ L(M2 +MPT )

(
log+

MG
√
T

ϵγ

)
+G

√
M2 +MPT

+ PTG+MG
(
log+

GT
γ

)
+ γ(D + PT ) + CONST

)
.

Finally, the computational efficiency is from Algorithm 2 and Algorithm 6.

33



ZHAO JACOBSEN CESA-BIANCHI ZHAO

Algorithm 6: Anytime Dynamic Regret Minimization
Input: Domain diameter D, γ > 0.
Initialize: Base learner number n = 1, h1 = 0, w1,1 = 0, p1 = 1, index set I1 = ∅.
for t = 1 to T do

Play wt =
∑n

i=1 pt,iwt,i, then observe gt and hint ht+1

Update In ← In ∪ {t}, define V̄In =
∑

s∈In ∥gs − hs∥
2 and V̄t =

∑t
s=1 ∥gs − hs∥

2

for i = 1 to n do
Update wt+1,i = ΠW [wt,i − ηt+1,i(gt − ht + ht+1)] with ηt+1,i =

D2n√
V̄t

end
if V̄In/γ2 > 2n then

n← n+ 1
Initialize wt+1,n = 0, pt+1 =

1
n1n, In = ∅

end
else

Define ℓt ∈ Rn where ℓt,i = ⟨gt, wt,i⟩
Define mt+1 ∈ Rn where mt+1,i = ⟨ht+1, wt+1,i⟩
Update pt+1 ∈ ∆n by pt+1,i ∝ exp

(
−εt+1

(∑
s∈In ℓs +mt+1

))
with εt+1 =

1

D
√
V̄In

end
end

C.2. Anytime and Lipschitz-Adaptive Dynamic Regret Algorithm

Theorem 12 Assume that the domain W is bounded by D. For any sequence u1, . . . , uT in W ,
Algorithm 6 guarantees

T∑
t=1

⟨gt, wt − ut⟩ ≤ O
(√

(D2 +DPT ) V̄T +
√
DPT M̂ + PT M̂ +DM̂

(
log+

V̄T
γ2

)
+ γ(D + PT )

)
,

where V̄T =
∑T

t=1 ∥gt − ht∥
2, PT =

∑T
t=2 ∥ut − ut−1∥ and M̂ = maxt∈[T ] ∥gt − ht∥. Moreover,

the algorithm runs in O(d log t) time on iteration t.

Proof Denote by N the value of n at the beginning of round T . We partition the interval [T ] into N
segments I1, . . . , IN , and denote by In = [sn, en], where s1 = 1, eN = T . Note that at the interval
In, there are exactly n base learners. Specifically, at round t when n is the current number of base
learners, if we find V̄In/γ

2 > 2n , then we define en = t and sn+1 = t + 1, and add one base
learner in the next round t + 1. By definition, we have V̄In =

∑
t∈In ∥gt − ht∥

2 for all n ∈ [N ].
Moreover, the algorithm ensures that for all n ∈ [N − 1]:

γ22n < V̄In =

en−1∑
t=sn

∥gt − ht∥2 + ∥gen − hen∥
2 ≤ γ22n + M̂2,
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where we define M̂ = maxt∈[T ] ∥gt − ht∥. We also have, without loss of generality, by assuming
N ≥ 2,

γ22N−1 ≤ γ2(2N − 2) = γ2
N−1∑
n=1

2n <
N−1∑
n=1

V̄In ≤
T∑
t=1

∥gt − ht∥2 = V̄T ,

which implies N ≤ 1 + log2(V̄T /γ
2).

Define i⋆ ∈ N that 2i⋆D ≤
√
5D2 + 12DPT < 2i⋆+1D. Then decompose the linearized regret by:

T∑
t=1

⟨gt, wt − ut⟩ =
N∑
n=1

∑
t∈In

〈
gt, wt − wt,min{n,i⋆}

〉
︸ ︷︷ ︸

META-REG

+
N∑
n=1

∑
t∈In

〈
gt, wt,min{n,i⋆} − ut

〉
︸ ︷︷ ︸

BASE-REG

.

Consider the base regret BASE-REG. For n < i⋆ and t ∈ In, the n-th base learner starts from wsn,n
and performs one-step variant of Optimistic OGD as in Lemma 13, applying which we have:

∑
t∈In

⟨gt, wt,n − ut⟩ ≤
D2 + 3DPIn
2ηen+1,n

+
∑
t∈In

ηt+1,n ∥gt − ht∥2

=

(
D2 + 3DPIn

2 · 2nD
+ 2 · 2nD

)√
V̄In

≤
(
D2 + 3DPIn

2 · 2nD
+ 2 · 2nD

)(
γ
√
2n + M̂

)
≤ γ(D + 3PT )

2
√
2n

+
(D + 3PT )M̂

2 · 2n
+ 2 · 2nD

(
γ
√
2n + M̂

)
,

where in the first line we define PIn =
∑en−1

t=sn
∥ut − ut+1∥, in the second line we use the definition

ηt+1,n = 2nD√
V̄t

and the inequality
∑T

t=1
at√∑t
s=1 as

≤ 2
√∑T

t=1 at for any positive sequence {at}Tt=1,

then use the condition V̄In ≤ γ22n + M̂2 in the third line. Then

min{N,i⋆−1}∑
n=1

∑
t∈In

⟨gt, wt,n − ut⟩ ≤ O

(D + PT )(γ + M̂) + 4

min{N,i⋆−1}∑
n=1

2nD
(
γ
√
2n + M̂

)
≤ O

(
(D + PT )(γ + M̂) + 4

√
5D2 + 12DPT

min{N,i⋆−1}∑
n=1

γ
√
2n

+ 4M̂

min{N,i⋆−1}∑
t=1

2nD

)

≤ O
(
(D + PT )(γ + M̂) +

√
(D2 +DPT ) V̄T +

√
D2 +DPT M̂

)
,

where we use
∑∞

i=1
1√
2i

= O(1) and
∑∞

i=1
1
2i

= O(1) in the first line, and for n < i⋆ use 2nD <

2i⋆D ≤
√
5D2 + 12DPT in the second and third line, use

∑N
n=1 γ

√
2n ≤ O(γ

√
2N ) ≤ O(

√
V̄T )
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and
∑i⋆

n=1 2
nD ≤ O(2i⋆D) ≤ O(

√
D2 +DPT ) in the third line. Without loss of generality, if

N ≥ i⋆, then:

N∑
n=i⋆

∑
t∈In

〈
gt, wt,min{n,i⋆} − ut

〉
=

N∑
n=i⋆

∑
t∈In

⟨gt, wi⋆ − ut⟩ =
T∑

t=si⋆

⟨gt, wi⋆ − ut⟩

≤ 5D2 + 12DPT
8ηT+1,i⋆

+

T∑
t=si⋆

2ηt+1,i⋆ ∥gt − ht∥
2

≤
(
5D2 + 12DPT

8 · 2i⋆D
+ 4 · 2i⋆D

)√
V̄T = O

(√
(D2 +DPT ) V̄T

)
,

where in the last line we use 2i⋆D ≤
√
5D2 + 12DPT < 2i⋆+1D. Hence we bound base regret by

BASE-REG ≤ O
(√

(D2 +DPT ) V̄T + (D + PT )(γ + M̂) +
√
D2 +DPT M̂

)
.

For meta regret, at the interval In = [sn, en], we restart an Optimistic Hedge algorithm as in Lemma 19
in domain ∆n−1 =

{
a ∈ Rn≥0 :

∑
i=1 ai = 1

}
, with ℓt,i = ⟨gt, wt,i⟩, mt+1,i = ⟨ht+1, wt,i⟩, and

εt+1 =
1

D
√∑t

s=sn
∥gs−hs∥2

, then:

∑
t∈In

〈
gt, wt − wt,min{n,i⋆}

〉
=
∑
t∈In

〈
ℓt, pt − emin{n,i⋆}

〉
≤ lnn

εen
+
∑
t∈In

⟨ℓt −mt, pt − pt+1⟩ −
∑
t∈In

1

2εt−1
∥pt − pt+1∥21

≤ lnn

εen
+
∑
t∈In

∥ℓt −mt∥∞ ∥pt − pt+1∥1 −
∑
t∈In

1

2εt+1
∥pt − pt+1∥21

+
∑
t∈In

(
1

2εt+1
− 1

2εt

)
∥pt − pt+1∥21

+
∑
t∈In

(
1

2εt
− 1

2εt−1

)
∥pt − pt+1∥21

≤ 1 + lnn

εen+1
+

1

2

∑
t∈In

εt+1 ∥ℓt −mt∥2∞

≤ 1 + lnn

εen+1
+
D2

2

∑
t∈In

εt+1 ∥gt − ht∥2

≤ (2 + lnn)D
√
V̄In .

Moreover, when n ∈ [N − 1], we have V̄In ≤ γ22n + M̂2 by definition. Then we have:

META-REG =
N∑
n=1

∑
t∈In

〈
gt, wt − wt,min{n,i⋆}

〉
≤ (2 + lnN)D

(
N−1∑
n=1

√
V̄In +

√
V̄IN

)
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≤ (2 + lnN)D

(
N−1∑
n=1

(
γ
√
2n + M̂

)
+
√
V̄T

)
= O

(
D
√
V̄T +DM̂

(
log+

V̄T
γ2

))
,

where we use N ≤ 1 + log2(V̄T /γ
2). Combining meta-regret and base-regret, we have:

T∑
t=1

⟨gt, wt − ut⟩ ≤ O
(√

(D2 +DPT ) V̄T +
√
DPT M̂ + PT M̂ +DM̂

(
log+

V̄T
γ2

)
+ γ(D + PT )

)
.

We provide for completeness the dynamic regret of optimistic OGD with a time-varying step-
size. The result follows via a mild generalization of the usual mirror-descent argument.

Lemma 13 (Dynamic Regret of One-step Optimistic OGD) Assume that the domainW is bounded
with diameter D = supx,y∈W ∥x− y∥. The one-step optimistic OGD (Joulani et al., 2020) that
starts at w1 ∈ W and updates using wt+1 = argminw∈W ⟨gt − ht + ht+1, w⟩+ 1

2ηt+1
∥w − wt∥2

with non-increasing sequence ηt > 0 and h1 = 0, guarantees

T∑
t=1

⟨gt, wt − ut⟩ ≤
D2 + 3DPT

2ηT+1
+

T∑
t=1

ηt+1 ∥gt − ht∥2

for any sequence u1, . . . , uT inW , where PT =
∑T

t=2 ∥ut − ut−1∥ is the path-length.

Proof Let ψt(w) = 1
2ηt
∥w∥2 for all t, and observe that Dψt(x, y) = 1

2ηt
∥x− y∥2. As usual,

we seek to apply the first-order optimality condition wt+1 = argminw∈W ⟨gt − ht + ht+1, w⟩ +
Dψt+1(w,wt), so we begin by exposing terms of the form ⟨gt − ht + ht+1, wt+1 − ut+1⟩:

T∑
t=1

⟨gt, wt − ut⟩ =
T∑
t=1

⟨gt − ht, wt − ut⟩+
T∑
t=1

⟨ht, wt − ut⟩

=

T∑
t=1

⟨gt − ht, wt+1 − ut+1⟩+
T∑
t=1

⟨ht, wt − ut⟩

+

T∑
t=1

⟨gt − ht, wt − wt+1⟩+ ⟨gt − ht, ut+1 − ut⟩

=

T∑
t=1

⟨gt − ht + ht+1, wt+1 − ut+1⟩︸ ︷︷ ︸
A

+
T∑
t=1

⟨ht, wt − ut⟩ − ⟨ht+1, wt+1 − ut+1⟩︸ ︷︷ ︸
B

+

T∑
t=1

⟨gt − ht, wt − wt+1⟩+ ⟨gt − ht, ut+1 − ut⟩
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(19)

where we’ve defined an arbitrary uT+1 ∈ W , which we may set to uT without loss of gener-
ality. Now by the first-order optimality condition wt+1 = argminw∈W ⟨gt − ht + ht+1, w⟩ +
Dψt+1(w,wt), we have that for any w ∈ W that

⟨gt − ht + ht+1 +∇ψt+1(wt+1)−∇ψt+1(wt), wt+1 − w⟩ ≤ 0,

hence, we can bound

A =

T∑
t=1

⟨gt − ht + ht+1, wt+1 − ut+1⟩

≤
T∑
t=1

⟨∇ψt+1(wt)−∇ψt+1(wt+1), wt+1 − ut+1⟩

=
T∑
t=1

Dψt+1(ut+1, wt)−Dψt+1(ut+1, wt+1)−Dψt+1(wt+1, wt)

where the last line uses the three-point relation for Bregman divergences, ⟨∇f(x)−∇f(x′), x′ − u⟩ =
Df (u, x)−Df (u, x′)−Df (x′, x). Meanwhile, the terms B telescope to zero:

B =
T∑
t=1

⟨ht, wt − ut⟩ − ⟨ht+1, wt+1 − ut+1⟩

= ⟨h1, w1 − u1⟩ − ⟨hT+1, wT+1 − uT+1⟩ = 0

where we’ve used h1 = 0 and observed that we may set hT+1 = 0 without loss of generality, since
the regret does not depend on hT+1. Plugging the previous two displays back into Eq. (19) and
re-arranging terms, we have

T∑
t=1

⟨gt, wt − ut⟩ =
T∑
t=1

Dψt+1(ut+1, wt)−Dψt+1(ut+1, wt+1)︸ ︷︷ ︸
ΩT

+
T∑
t=1

⟨gt − ht, wt − wt+1⟩ − Dψt+1(wt+1, wt) + ⟨gt − ht, ut+1 − ut⟩

≤ ΩT +
T∑
t=1

ηt+1 ∥gt − ht∥2 +
T∑
t=1

1

2ηt+1
∥ut − ut+1∥2 (20)

≤ ΩT +
T∑
t=1

ηt+1 ∥gt − ht∥2 +
DPT
2ηT+1

,

where the second-to-last line applies Fenchel-young inequality twice to bound ⟨gt − ht,∆⟩ ≤
ηt+1

2 ∥gt − ht∥
2 + 1

2ηt+1
∥∆∥2 for ∆ = wt − wt+1 and for ∆ = ut+1 − ut, while the last line

38



UNCONSTRAINED GRADIENT-VARIATION REGRET

bounds
∑T

t=2
1

2ηt+1
∥ut − ut+1∥2 ≤ DPT

2ηT+1
for non-increasing sequence (ηt)t and uT+1 = uT .

Finally, the terms ΩT can be bound as

ΩT =

T∑
t=1

Dψt+1(ut+1, wt)−Dψt+1(ut+1, wt+1)

≤
T∑
t=1

Dψt(ut+1, wt)−Dψt+1(ut+1, wt+1) +

T∑
t=1

Dψt+1−ψt(ut+1, wt)

≤
T∑
t=1

Dψt(ut+1, wt)−Dψt+1(ut+1, wt+1) +D2
T∑
t=1

(
1

2ηt+1
− 1

2ηt

)

≤ D2

2η1
+

T∑
t=2

(Dψt(ut+1, wt)−Dψt(ut, wt)) +D2

(
1

2ηT+1
− 1

2η1

)

≤ D2

2ηT+1
+

T∑
t=2

1

ηt
⟨ut+1 − wt, ut+1 − ut⟩ ≤

D2

2ηT+1
+
DPT
ηT+1

,

where the last line follows via 1
2 ∥x− y∥

2 − 1
2 ∥x− z∥

2 ≤ ⟨x− y, z − y⟩ via convexity of w 7→
1
2 ∥w∥

2. Plugging this back into the previous display yields

T∑
t=1

⟨gt, wt − ut⟩ ≤
D2 + 3DPT

2ηT+1
+

T∑
t=1

ηt+1 ∥gt − ht∥2

We also provide a slightly different version of this result which exposes an additional negative term
(the so-called RVU property (Syrgkanis et al., 2015)). We were unable to find an explicit statement
of this result in the literature (though it is easily derived from, e.g., Zhao et al. (2025b, Theorem 1)),
so we provide it here for posterity.

Corollary 14 Under the same assumptions as Lemma 13, for any sequence u1, . . . , uT it holds
that

RT (u1, . . . , uT ) ≤
D2 + 3DPT

2ηT+1
+

T∑
t=1

3ηt+1

2
∥gt − ht∥2 −

1

4ηt+1
∥wt − wt+1∥2 .

Proof The result follows via the same steps as the proof of Lemma 13, but in line Eq. (20) applies
Fenchel-Young inequality as ⟨gt − ht, wt − wt+1⟩ ≤ ρ

2 ∥gt − ht∥
2 + 1

2ρ ∥wt − wt+1∥2 with ρ =
2ηt+1, so that

⟨gt − ht, wt − wt+1⟩ − Dψt+1(wt+1, wt)

≤ ηt+1 ∥gt − ht∥2 +
1

4ηt+1
∥wt − wt+1∥2 −

1

2ηt+1
∥wt+1 − wt∥2

= ηt+1 ∥gt − ht∥2 −
1

4ηt+1
∥wt − wt+1∥2 ,

which leads to the stated result by following the same steps thereafter.
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C.3. Proof of Theorem 7

In this section we prove our main result for the SEA model. The theorem is re-stated below for
convenience.

Theorem 7 In the SEA model, for any oblivious comparator sequence u1, . . . , uT ∈ Rd such that
maxt ∥ut∥ ≤M with M > 0, Algorithm 3 guarantees E [REGT (u1:T )] bounded by

Õ

(√
(M2 +MPT )

(
σ21:t(u1:T ) + Σ2

1:T (u1:T )
) (

log+
MG

√
T

ϵγ

)
+ (LM +G+ γ)PT +

(
L+ γ

ϵ +
γ3

ϵG2

)
M2 + γM + ϵG

(
G3

γ3
+ G

γ + 1
)
+ ϵγ

)
.

where σ21:T (u1:T ) ≜
∑T

t=2(σ
2
t (ut−1)+σ

2
t−1(ut−1)), and Σ2

1:T (u1:T ) ≜
∑T

t=2Σ
2
t (ut−1). Moreover,

the algorithm runs in O(d log t) time on iteration t.

Proof The gradient variations can be decomposed as:

∥∇ft(ut−1)−∇ft−1(ut−1)∥2 = ∥∇ft(ut−1)−∇Ft(ut−1) +∇Ft(ut−1)−∇Ft−1(ut−1)

+∇Ft−1(ut−1)−∇ft−1(ut−1)∥2

≤ 3 ∥∇Ft(ut−1)−∇Ft−1(ut−1)∥2 + 3 ∥∇ft(ut−1)−∇Ft(ut−1)∥2

+ 3 ∥∇ft−1(ut−1)−∇Ft−1(ut−1)∥2 .

By definition (Eq. (11)) we have:

E
[
∥∇ft(ut−1)−∇ft−1(ut−1)∥2

]
≤ 3Σ2

t (ut−1) + 3σ2t (ut−1) + 3σ2t−1(ut−1).

Therefore, applying Theorem 6 and taking expectations, an application of Jensen’s inequality yields

E


√√√√(M2 +MPT )VT (u1:T )

(
log+

MG
√
T

ϵγ

)
≤

√√√√E

[
(M2 +MPT )VT (u1:T )

(
log+

MG
√
T

ϵγ

)]

=

√√√√(M2 +MPT )

(
log+

MG
√
T

ϵγ

)
E [VT (u1:T )]

≤

√√√√(M2 +MPT )

(
log+

MG
√
T

ϵγ

)
(3Σ2

1:T + 3σ21:t),

where we define Σ2
1:T ≜

∑T
t=2Σ

2
t (ut−1), and σ21:t ≜

∑T
t=2(σ

2
t (ut−1) + σ2t−1(ut−1)).
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Appendix D. Supporting Lemmas

In this section, we collect various supporting lemmas that are used throughout. The results in this
section are mostly used to simplify calculations or restate existing results for completeness.

The following lemma provides a formula that relates the empirical gradient variation to VT (u1:T ).

Lemma 15 Let f1, . . . , fT be an arbitrary sequence of L-smooth functions. Then

T∑
t=1

∥∇ft(wt)−∇ft−1(wt−1)∥2 ≤ 16L
T∑
t=1

Dft(ut, wt)

+ min
{
∥∇f1(w1)∥2 + 4VT (u1:T ) + 4L2P

∥·∥2
T (u1:T ), 16LFT (u1:T )

}
where we denote VT (u1:T ) ≜

∑T
t=2 ∥∇ft(ut−1)−∇ft−1(ut−1)∥2, FT (u1:T ) ≜

∑T
t=1(ft(ut) −

infw∈Rd ft(w)), and P ∥·∥2
T (u1:T ) ≜

∑T
t=2 ∥ut − ut−1∥2,

Proof For brevity denote gt(w) = ∇ft(w) and define f0(·) ≜ 0.

Bounding via Gradient Variation. For all t ≥ 2,

∥gt(wt)− gt−1(wt−1)∥ = ∥gt(wt)− gt(ut) + gt(ut)− gt(ut−1)

+ gt(ut−1)− gt−1(ut−1) + gt−1(ut−1)− gt−1(wt−1)∥
≤ ∥gt(wt)− gt(ut)∥+ ∥gt−1(wt−1)− gt−1(ut−1)∥

+ ∥gt(ut)− gt(ut−1)∥+ ∥gt(ut−1)− gt−1(ut−1)∥ .

Then using Cauchy-Schwarz inequality (
∑n

i=1 ai)
2 ≤

(√
n
∑n

i=1 a
2
i

)2
= n

∑n
i=1 a

2
i , we can

bound
∑T

t=1 ∥gt(wt)− gt−1(wt−1)∥2 by

T∑
t=1

∥gt(wt)− gt−1(wt−1)∥2

≤ ∥g1(w1)∥2 + 4

T∑
t=2

[
∥gt(wt)− gt(ut)∥2 + ∥gt−1(wt−1)− gt−1(ut−1)∥2

+ ∥gt(ut)− gt(ut−1)∥2 + ∥gt(ut−1)− gt−1(ut−1)∥2
]

≤ ∥g1(w1)∥2 + 16L

T∑
t=1

Dft(ut, wt) + 4

T∑
t=2

∥gt(ut)− gt(ut−1)∥2

+ 4

T∑
t=2

∥gt(ut−1)− gt−1(ut−1)∥2

≤ ∥g1(w1)∥2 + 16L

T∑
t=1

Dft(ut, wt) + 4L2
T∑
t=2

∥ut − ut−1∥2 + 4VT (u1:T )
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= ∥g1(w1)∥2 + 16L
T∑
t=1

Dft(ut, wt) + 4L2P
∥·∥2
T (u1:T ) + 4VT (u1:T ). (21)

where the second inequality uses ∥∇ft(x)−∇ft(y)∥2 ≤ 2LDft(y, x) for L-smooth functions
(Lemma 16), the last inequality uses ∥∇ft(x)−∇ft(y)∥ ≤ L ∥x− y∥, and we’ve defined the

VT (u1:T ) ≜
∑T

t=2 ∥∇ft(ut−1)−∇ft−1(ut−1)∥2 and P ∥·∥2
T (u1:T ) ≜

∑T
t=2 ∥ut − ut−1∥2

Bounding via Comparator Loss. Again, for all t ≥ 2:

∥gt(wt)− gt−1(wt−1)∥ = ∥gt(wt)− gt(ut) + gt(ut)− gt−1(ut−1) + gt−1(ut−1)− gt−1(wt−1)∥
≤ ∥gt(wt)− gt(ut)∥+ ∥gt−1(wt−1)− gt−1(ut−1)∥+ ∥gt(ut)∥+ ∥gt−1(ut−1)∥ .

And for t = 1, we bound ∥g1(w1)∥ ≤ ∥g1(w1)− g1(u1)∥+ ∥g1(u1)∥. Hence, we can bound

T∑
t=1

∥gt(wt)− gt−1(wt−1)∥2 ≤ ∥g1(w1)∥2 + 4
T∑
t=1

[
∥gt(ut)∥2 + ∥gt−1(ut−1)∥2

]
+ 4

T∑
t=2

[
∥gt(wt)− gt(ut)∥2 + ∥gt−1(wt−1)− gt−1(ut−1)∥2

]
≤ 8

T∑
t=1

∥gt(ut)∥2 + 16L
T∑
t=1

Dft(ut, wt)

≤ 16L
T∑
t=1

(
ft(ut)− inf

w∈Rd
ft(w)

)
+ 16L

T∑
t=1

Dft(ut, wt)

= 16LFT (u1:T ) + 16L

T∑
t=1

Dft(ut, wt), (22)

where the second inequality uses ∥∇ft(x)−∇ft(y)∥2 ≤ 2LDft(y, x) for L-smooth functions
(Lemma 16). The last inequality uses the self-bounding property of smooth functions (Lemma 17),
and the last line definesFT (u1:T ) ≜

∑T
t=1(ft(ut)−infw∈Rd ft(w)). Combining Eq. (21) and Eq. (22)

concludes the proof.

The following lemma provides a crucial bound on the difference between the gradients of
smooth functions in terms of the Bregman divergence.

Lemma 16 (Theorem 2.1.5 of Nesterov (2018)) Let f : Rd → R be a L-smooth function, then
for all x, y ∈ Rd,

∥∇f(x)−∇f(y)∥2 ≤ 2LDf (x, y).

The following lemma provides the well-known self-bounding property of smooth functions (see,
e.g., Levy (2017)).

Lemma 17 Let f : Rd → R be a L-smooth function. Then for all x ∈ Rd,

∥∇f(x)∥2 ≤ 2L

(
f(x)− inf

z∈Rd
f(z)

)
.
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Proof By smoothness, we have, for all x ∈ Rd:

f(x− 1

L
∇f(x)) ≤ f(x) +

〈
∇f(x),− 1

L
∇f(x)

〉
+

1

2L
∥∇f(x)∥2 = f(x)− 1

2L
∥∇f(x)∥2 .

Rearranging, we have

∥∇f(x)∥2 ≤ 2L(f(x)− f(x− 1

L
∇f(x))) ≤ 2L(f(x)− inf

z∈Rd
f(z)).

Finally, we borrow the following lemmas from existing works, included here for completeness.

Lemma 18 (Adapted from Lemma 21 of Cutkosky and Mhammedi (2024)) Suppose g1, . . . , gT
and 0 < h1 ≤ h2 ≤ . . . ≤ hT are such that ∥gt∥ ≤ ht for all t. Define V̄t = 4h2t +

∑t−1
i=1 ∥gi∥2,

Bt = 4 +
∑t−1

i=1 ∥gi∥2/h2i , and αt = ϵ√
Bt log

2(Bt)
, then:

T∑
t=1

αt∥gt∥2√
V̄t
≤ 4ϵhT .

Lemma 19 (Theorem 7.36 of Orabona (2019)) The Optimistic Hedge algorithm, which starts
from p1 = 1

N 1N and updates pt+1 ∈ ∆N by pt+1,i ∝ exp(−εt+1(
∑t

s=1 ℓt + mt+1)) with a
time-varying and non-increasing learning rate εt > 0, ensures that for any expert i ∈ [N ]:

T∑
t=1

⟨ℓt, pt − ei⟩ ≤
lnN

εT
+

T∑
t=1

⟨ℓt −mt, pt − pt+1⟩ −
T∑
t=1

1

2εt−1
∥pt − pt+1∥21 .
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