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Abstract
We introduce and study the problem of online omniprediction with long-term constraints. At each
round, a forecaster is tasked with generating predictions for an underlying (adaptively, adversarially
chosen) state that are broadcast to a collection of downstream agents, who must each choose an
action. Each of the downstream agents has both a utility function mapping actions and state to
utilities, and a vector-valued constraint function mapping actions and states to vector-valued costs.
The utility and constraint functions can arbitrarily differ across downstream agents. Their goal is
to choose actions that guarantee themselves no regret while simultaneously guaranteeing that they
do not cumulatively violate the constraints across time. We show how to make a single set of
predictions so that each of the downstream agents can guarantee this by acting as a simple function
of the predictions, guaranteeing each of them Õ(|A|

√
T ) regret and O(|A|) cumulative constraint

violation for a finite action space A. We also show how to extend our guarantees to arbitrary
intersecting contextually defined subsequences, guaranteeing each agent both regret and constraint
violation bounds not just marginally, but simultaneously on each subsequence, against a benchmark
set of actions simultaneously tailored to each subsequence.
Keywords: omniprediction, long-term constraints, online learning, swap regret, decision calibra-
tion

1. Introduction

The traditional problem of “online learning from expert advice” studies a sequential optimization
problem that is decoupled across time. At each iteration t ∈ {1, . . . , T}, an adversary chooses
a “state” yt ∈ Y , and simultaneously, the learner/decision-maker chooses an action at ∈ A. The
learner/decision-maker then experiences utility u(at, yt) ∈ [0, 1]1. The goal of the learner is to max-
imize

∑T
t=1 u(at, yt), and the standard “external regret benchmark” compares the realized utility to

the utility that could have been obtained in hindsight by the best -fixed- action:

Regext(1 : T ) = maxa∈A
∑T

t=1
(u(a, yt)− u(at, yt)) .

In strategic settings, the stronger “swap regret” benchmark is often studied because it offers protec-
tion against manipulation (agents with no swap regret guarantees cannot be exploited in the same
ways that agents with standard no regret guarantees can be (Braverman et al., 2018; Deng et al.,
2019; Rubinstein and Zhao, 2024; Arunachaleswaran et al., 2024)):

Regswap(1 : T ) = maxϕ:A→A
∑T

t=1
(u(ϕ(at), yt)− u(at, yt)) .

1. The formalism of choosing a “state” y ∈ Y is fully general; for instance, in the experts problem we can take
Y = [0, 1]|A| where ya represents the utility of action a.
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Swap regret compares the realized accumulated utility of the learner to the best utility they could
have obtained in hindsight by applying a “swap function” ϕ to their history of actions, consistently
mapping each action a to a different action ϕ(a) ∈ A. External regret is a special case of swap
regret in which the “swap functions” ϕ are restricted to be constant valued.

These are both “decoupled” optimization problems because they are linearly separable across
time — i.e. the ideal solution would always be (if it were possible) to separately optimize every
day, and play at ∈ argmaxa∈A u(a, yt). Regret minimization is a classical problem and there are
many algorithms for solving it, obtaining both external and swap regret bounds that scale asO(

√
T ),

which is optimal (Hannan, 1957; Littlestone and Warmuth, 1994; Cesa-Bianchi et al., 1997; Arora
et al., 2012; Blum and Mansour, 2007).

We write “learner/decision-maker” above because there are really two problems to solve: pre-
dicting the value of the next yt ∈ Y and choosing to act accordingly by choosing at ∈ A. Traditional
algorithmic approaches combine these two problems and directly learn distributions over actions.
But a recent line of work called “omniprediction”, beginning with Gopalan et al. (2022) (initially in
a batch/distributional learning setting) proposes to decouple these two problems by producing pre-
dictions pt that can be simultaneously consumed by many downstream decision makers who may
have different utility functions u, while providing all of them with corresponding guarantees. This
line of work has been extended to the online adversarial learning setting (Noarov et al., 2023; Garg
et al., 2024; Roth and Shi, 2024; Dwork et al., 2025; Okoroafor et al., 2025; Lu et al., 2025), in
which many downstream decision makers are explicitly promised regret bounds — sometimes ex-
ternal regret bounds (Kleinberg et al., 2023; Garg et al., 2024; Dwork et al., 2025; Okoroafor et al.,
2025) and sometimes stronger swap regret bounds (Noarov et al., 2023; Roth and Shi, 2024; Hu and
Wu, 2024; Lu et al., 2025). These works explicitly take advantage of the separable nature of the
problem: They give algorithms for making predictions pt (subject to various kinds of “calibration”
style constraints) such that downstream decision makers can be guaranteed strong regret bounds by
individually “best responding” to the predictions, each playing an action at = argmaxa∈A u(a, p̂t)
— i.e. locally optimizing for their own utility function on a day-by-day basis as if the predictions
were correct, ignoring the history of outcomes and actions played.

But many online optimization problems are not linearly separable in this way. Consider an en-
ergy management system where predictions correspond to electricity prices, and actions include:
purchasing electricity for immediate use, buying excess power to charge batteries, discharging
stored energy, or temporarily shutting down operations. Different downstream decision-makers
face distinct constraints: residential users might defer appliance usage to low-cost periods, manu-
facturers require minimum uptime to meet production quotas, and grant-funded operations must stay
within fixed budgets. These constraints couple decisions across time, making prior omniprediction
methods inapplicable. Our goal is to give omniprediction style bounds for decision makers like this
who are bound to satisfy constraints across time. To crystallize the tension, observe that the goal
of omniprediction is to decouple prediction from decision making — but decision makers facing
long term constraints must necessarily couple their decisions across time, and this coupling behaves
differently for differently constrained decision makers.

The literature on “learning with long-term constraints” has studied different variants of this
problem for a single, combined learner/decision-maker who directly learns in action space (Mannor
et al., 2009; Sun et al., 2017; Yu and Neely, 2020; Guo et al., 2022; Castiglioni et al., 2022; Qiu
et al., 2023; Sinha and Vaze, 2024). In the problem of learning with long-term constraints, not only
does a decision maker have a utility function u : A× Y → [0, 1], but they have a set of constraints
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{cj}j∈[J ], each of the form cj : A × Y → [−1, 1].2 The goal now is to maximize
∑T

t=1 u(at, yt),
while satisfying each constraint globally: for each j ∈ [J ], satisfying:

∑T
t=1 cj(at, yt) ≤ 0. It has

been known since Mannor et al. (2009) that in adversarial settings it is not possible to compete with
the best fixed action in hindsight that satisfies the constraints marginally. Instead, what has become
the standard benchmark is the set of actions that in hindsight satisfy the realized constraint every
round:

Ac
1:T = {a ∈ A : cj(a, yt) ≤ 0 for every t ∈ [T ] and j ∈ [J ]}.

The goal in this literature is to minimize external regret with respect to this benchmark:

Regext(1 : T ) = maxa∈Ac
1:T

∑T

t=1
(u(a, yt)− u(at, yt)) .

while simultaneously minimizing the maximum cumulative constraint violation:

CCV(1 : T ) = maxj
∑T

t=1
cj(at, yt).

We introduce the omniprediction variant of this problem, in which a centralized provider of
“predictions as a service” publishes forecasts pt of the outcome yt. Many different decision makers,
who differ both in their utility functions and constraint functions then consume these predictions
to choose actions. Our main result is an algorithm that can simultaneously guarantee each such
decision maker regret bounded as Reg(1 : T ) ∈ Õ(|A|

√
T ) (matching the optimal dependence

on T , even absent constraints, and defined with respect to the benchmark determined by their own
personal constraints) and cumulative constraint violation CCV(1 : T ) ∈ O(|A|) — i.e. independent
of T . In fact, our techniques yield stronger swap regret bounds at the same rate. In the constrained
setting, we define swap regret with respect to the benchmark as:

Regswap(1 : T ) = maxϕ:A→Ac
1:T

∑T

t=1
(u(ϕ(at), yt)− u(at, yt)) .

We also show how these results can be extended to arbitrary collections of subsequences S,
where each S ∈ S is a subset of the timesteps S ⊆ {1, . . . , T} that can be determined dynamically
by external context. For example, a subsequence S might consist of “hot days” that might be corre-
lated with higher electricity prices; the subsequences may intersect arbitrarily. The set of benchmark
actions will be different for each subsequence, as some actions may satisfy the constraints at every
round in a subsequence S even if they do not satisfy the constraint on every round in {1, . . . , T}:

Ac
S = {a ∈ A : cj(a, yt) ≤ 0 for every t ∈ S and j ∈ [J ]}.

We can similarly define regret on a subsequence (to the benchmark Ac
S particular to that subse-

quence) and cumulative constraint violation on a subsequence:

Regswap(S) = maxϕ:A→Ac
S

∑
t∈S

(u(ϕ(at), yt)− u(at, yt)) ,

CCV(S) = maxj
∑

t∈S
cj(at, yt).

2. In the literature on learning with long-term constraints, incoming constraints are usually defined only as a function of
the action set. We instead define a fixed set of constraints for each decision-maker, but allow dependence on the label
set as well. Hence we can equivalently handle adversarial constraints by encoding adaptivity in the incoming labels.
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Given an arbitrary collection of subsequences S, we show how to obtain simultaneously for each
downstream agent, and simultaneously for each subsequence S ∈ S regret and cumulative con-
straint violation bounds: Regswap(S) ∈ Õ(|A|

√
|S|) where |S| is the length of subsequence S and

CCV(S) ∈ O(|A|) — where the constant in the cumulative constraint violation bound now de-
pends linearly on |S| (the number of subsequences of interest), but the constant in the regret bound
depends only logarithmically on |S|. Crucially, the benchmark with which regret is measured is tai-
lored to the subsequence — we are able to compete with a richer set of actions on subsequences that
turn out, ex-post to be “easier” than others. A full discussion of related work appears in Appendix
A.

1.1. Our Results in More Detail

The outcome space Y = [0, 1]d, and so outcomes y are d-dimensional vectors. At every round
t our algorithm produces predictions pt ∈ Y that are also d-dimensional vectors. Our goal is
for downstream decision makers to be able to treat these predictions pt “as if” they were actual
outcomes yt. Each decision maker has an action space A and is parameterized by a utility function
u : A × Y → [0, 1] that we assume is linear in Y — i.e. such that for every a, u(a, ·) is a linear
function. For a single downstream decision maker, this models the experts learning problem without
loss of generality by taking d = |A| and letting u(a, y) = ya, but is more general, since we do not
restrict either the form of the utility function or d in this way. Each downstream decision maker
is also parameterized by a vector valued constraint function c : A × Y → [−1, 1]J . We assume
nothing about its functional form — e.g. c need not be linear or even convex in Y .

We work in the standard finite-action setting. There is a natural continuous-action reduction
in an important special case. Suppose actions are mixed strategies over k base actions and utili-
ties/constraints are evaluated in expectation. Then a constrained best response under J constraints
can be taken to be an extreme point supported on at most J + 1 actions. Discretizing this sparse
class gives an ε-net of size roughly kJ+1ε−J , reducing the problem to the finite-action setting up
to the usual discretization error. This is practical when J is 1 or a small constant, as in much prior
work on long-term constraints, but becomes impractical as J grows.

Handling Constraints via Elimination In work studying online omniprediction for unconstrained
online learning problems (Kleinberg et al., 2023; Noarov et al., 2023; Roth and Shi, 2024; Garg
et al., 2024; Dwork et al., 2025; Okoroafor et al., 2025), downstream decision makers with utility
function u “best respond” to forecasts, playing action at ∈ BRu(pt) = argmaxa∈A u(a, pt). In
our problem of learning with long-term constraints, we similarly study decision makers who play
constrained best responses. Given a subset of the action space C ⊆ A, the constrained best response
to a prediction pt is CBRuC(pt) = argmaxa∈C u(a, pt) — i.e. the action in the constrained set C
that would be utility maximizing were the prediction correct. The question is how decision makers
choose the constraint set C. We study two simple methods, corresponding to two different kinds
of benchmarks we can compete with. Most straightforwardly, we study decision makers who start
with C = A, and then eliminate actions that have been observed to violate any constraints on any
previous round — i.e. at round t,

C = Âc
t = {a ∈ A : cj(a, yt′) ≤ 0 for all j ∈ [J ], t′ < t}.

This is formalized in Algorithm 1. We show in Theorems 8 and 14 that (when paired with predic-
tions produced by our algorithm), this results in decision makers who cumulatively violate any con-

4



OMNIPREDICTION WITH LONG-TERM CONSTRAINTS

straint at most |A| times over the course of the interaction, and have diminishing external and swap
regret to the standard benchmark Ac

1:T . We also consider decision makers who do not eliminate ac-
tions the first time they are observed to violate the constraint, but are more conservative, eliminating
them only after the action has been observed to have a cumulative constraint violation crossing a
well-chosen threshold. This is formalized in Algorithm 2. We show in Theorems 12 and 20 that this
lets us compete with a richer benchmark class,AE[c]

1:T = {a : Eyt∼Yt [cj(a, yt)] ≤ 0 for every t ∈ [T ] and j ∈ [J ]},
where here the expectation in the definition of the benchmark is taken over the distribution over out-
comes chosen by the adversary at each round — again both with external and swap regret bounds.
In other words, the benchmark allows us to compare to actions that sometimes violate constraints
in realization, so long as they do not in expectation over the adversary’s randomness. Compet-
ing with this richer benchmark class results in a cumulative constraint violation that now grows as
Õ(|A|

√
T ).

Making Predictions Our algorithm for making predictions is parameterized by the collection of
utility/constraint functions (u, c), one for each downstream decision maker. It makes predictions
that are unbiased conditionally on the decisions of each downstream decision maker, in the sense
that for each (u, c): ∥∥∑T

t=1
1[CBRuÂc

t
(pt) = a](pt − yt)

∥∥
∞ ≤ O(

√
T ).

This can be accomplished using an appropriate parameterization of the algorithm of Noarov et al.
(2023), with bias bounds that depend only logarithmically on the number of downstream decision
makers (u, c) of interest, and running time that depends linearly on the number of downstream
decision makers. Similar “decision calibration” conditions have been used to give regret bounds
in the unconstrained case (Noarov et al., 2023; Roth and Shi, 2024; Lu et al., 2025) — We show
that they continue to give regret bounds in the constrained case (Theorems 14, 20) because the
elimination method used to eliminate actions by the downstream decision makers maintains the
invariant that all of the actions that eventually end up in the benchmark set Ac

1:T are contained in
the feasible set Âc

t used by the downstream agents at every intermediate step t ≤ T .

Extension to Subsequences Finally, in Section 5 and Appendix D we show how all of our results
can be extended to give regret and constraint violation bounds Reg(S),CCV(S) for arbitrary col-
lections of context-sensitive subsequences S ∈ S. For the first and simpler benchmark, the idea
is simple and requires modifying both the elimination strategy used by the downstream decision
makers and the prediction strategy. The downstream decision makers must now maintain sets of
feasible actions Âc

t,S separately, one for each subsequence S ∈ S, as before, eliminating actions
whenever they have been observed to violate constraints on previous rounds that are contained in
the subsequence S. Given a new round t, they then solve the constrained best response problem
over the set C = ∪S∈S:t∈SÂc

t,S — i.e. by taking the union of all actions that have not been elim-
inated on any of the subsequences that contain the current round. The predictions that we make
must now also satisfy a richer set of conditional bias conditions: informally speaking, they must be
unbiased conditionally both on the action chosen by each of the downstream decision makers, and
now also membership of the current round in each of the subsequences S ∈ S. Once again this can
be accomplished via an instantiation of the algorithm of Noarov et al. (2023) at a cost in bias that
is only logarithmic in |S| and in running time that is linear in |S|, the number of subsequences of
interest. However, for the second, stronger benchmark, the simple approach described above does
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not suffice informally because we now don’t just count rounds at which constraints were violated,
but we sum quantitative constraint violations which can be negative (i.e. on some rounds we can
have slack). Consequently, an action can be feasible on a subsequence (and hence never eliminated
for that subsequence) while leading to large cumulative constraint violation on intersections of that
subsequence with other subsequences. This is problematic for the learner who must give guarantees
simultaneously for many intersecting subsequences. In Appendix D we present a more sophisticated
elimination algorithm that is able to bound the cumulative constraint violation on all subsequences,
despite their intersections.

2. Model and Preliminaries

Let X denote the feature space and Y denote the outcome/label space. Throughout, we consider
Y = [0, 1]d. We consider a set of agentsN with an arbitrary action spaceA. Each agent is equipped
with a tuple (u, c1, . . . , cJ), which includes a utility function u : A × Y → [0, 1] and J constraint
functions {cj : A×Y → [−1, 1]}j∈[J ]3. We also sometimes write the constraint functions as a single
vector valued function c = (c1, . . . , cJ). Since agents are uniquely defined by their corresponding
tuples, we treat agents and their tuples interchangeably. We assume that the utility functions are
linear and Lipschitz-continuous in y.

Assumption 1 Fix a utility function u : A × Y → [0, 1]. We assume that for every action a ∈ A,
u(a, y) is linear in y, i.e. u(a, k1y1 + k2y2) = k1u(a, y1) + k2u(a, y2) for all k1, k2 ∈ R, y1, y2 ∈
Y . Moreover, we assume that u(a, y) is L-Lipschitz in y in the ℓ∞ norm: for any y1, y2 ∈ Y ,
|u(a, y1)− u(a, y2)| ≤ L∥y1 − y2∥∞.

Remark 1 For simplicity we assume that the utility functions are linear in y, but we can equally
well handle the case in which the utility functions are affine in y, as we can augment the label space
with an additional coordinate that takes constant value 1. This preserves the convexity of the label
space and allows for arbitrary constant offsets in the utility of each action.

Assuming linear/affine utility functions is only more general than the standard assumption that
decision makers are risk neutral in the sense that in the face of randomness, decision makers act to
maximize their expected utility. If Y represents the set of probability distributions over outcomes,
any risk neutral decision maker has a linear utility function by linearity of expectation.

Remark 2 Linearity and Lipschitzness enter the analysis when converting decision-calibration
conditions into utility guarantees, such as in Lemmas 15 and 16.

A natural extension would be to replace y by a feature map ϕ(y) and require utilities to be
linear in ϕ(y). This would change the prediction problem and the resulting bounds, and is therefore
outside the scope of this paper.

We take the role of an online/sequential forecaster producing predictions that will be consumed
by agents. We consider the following repeated interaction between a forecaster, agents, and an
adversary. In every round t ∈ [T ]:

(1) The adversary selects a feature vector xt ∈ X and a distribution over outcomes Yt ∈ ∆Y;

3. Sometimes online adversarial learning problems are described by an adversary choosing a different utility and/or con-
straint function at each step. This is equivalent to having a fixed state-dependent utility function/constraint functions,
and having an adversary choose state.

6



OMNIPREDICTION WITH LONG-TERM CONSTRAINTS

(2) The forecaster observes the feature xt, produces a distribution over predictions πt ∈ ∆Y , from
which a prediction pt ∈ Y is sampled;

(3) Each agent chooses an action at as a function of the prediction pt and the history;

(4) The adversary reveals an outcome yt ∼ Yt, and the agent obtains utility u(at, yt) and the
constraint loss vector {cj(at, yt)}j∈[J ].

Agents aim to maximize their cumulative utilities over the T rounds:
∑T

t=1 u(at, yt) while
minimizing their cumulative constraint violation (CCV) over T rounds:

CCV(1 : T ) := maxj∈[J ]
∑T

t=1
cj(at, yt) ≤ o(T ).

We treat utility maximization as an objective and cumulative constraint violation as a requirement:
CCV must be sublinear in T for every constraint.

We compare the utility of actions chosen based on our predictions against the utility of actions
from different benchmark classes. A standard benchmark class from the literature on learning with
long term constraints is the set of actions that satisfy the realized constraints at every round, denoted:

Ac
1:T := {a : cj(a, yt) ≤ 0 for every t ∈ [T ] and j ∈ [J ]} .

A somewhat more permissive benchmark class is the set of actions that satisfy the constraints in
expectation every round, denoted:

AE[c]
1:T :=

{
a : Eyt∼Yt [cj(a, yt)] ≤ 0 for every t ∈ [T ] and j ∈ [J ]

}
.

We note that these benchmark classes are agent-specific as they depend on agents’ constraint
functions. For a given benchmark class, we will compete with the best fixed action in hindsight
from the class. We measure our performance using a notion of regret, which we call constrained
external regret.

Definition 3 (B-Constrained External Regret) Fix an agent with action spaceA and utility func-
tion u. Let B ⊆ A be a benchmark class of actions. For a sequence of actions a1, . . . , aT and
outcomes y1, . . . , yT , the agent’s B-constrained external regret against the benchmark class B is:

Regext(u,B, 1 : T ) := maxa∈B
∑T

t=1
(u(a, yt)− u(at, yt)) .

We will also compete with a more demanding benchmark based on action modification rules.
For a given benchmark class B, an action modification rule is any function ϕ : A → B that consis-
tently maps an agent’s actions to alternatives within the benchmark class. Competing with the best
such rule in hindsight leads to the notion of constrained swap regret. This is a stronger notion than
constrained external regret, as constrained external regret can be viewed as a special case where the
action modification rule is restricted to being a constant function.

Definition 4 (B-Constrained Swap Regret) Fix an agent with action spaceA and utility function
u. Let B ⊆ A be a benchmark class of actions. For a sequence of actions a1, . . . , aT and outcomes
y1, . . . , yT , the agent’s B-constrained swap regret against the benchmark class B is:

Regswap(u,B, 1 : T ) := maxϕ:A→B
∑T

t=1
(u(ϕ(at), yt)− u(at, yt)) .

All guarantees we provide in this paper, such as regret bounds, will be stated under the assump-
tion that the corresponding benchmark class is non-empty.
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3. Elimination-Based Algorithms and Cumulative Constraint Violation Bounds

In the literature on unconstrained omniprediction, the typical decision rule is the best response to
the predictions, also known as the optimal post-processing of the predictions (Gopalan et al., 2022,
2023a,b; Globus-Harris et al., 2023; Garg et al., 2024; Gopalan et al., 2024; Okoroafor et al., 2025;
Hu et al., 2025; Lu et al., 2025). This decision rule treats the predictions as accurate and chooses
the action to maximize the agent’s utility.

Definition 5 (Best Response) Fix a utility function u : A × Y → [0, 1] and a prediction p ∈ Y .
The best response to p according to u is the action BRu(p) = argmaxa∈A u(a, p).

In the constrained setting, one would hope to avoid actions that (significantly) violate the con-
straints, and choose only from the feasible actions. If the agent knew the benchmark class Ac

1:T ,
they could play a constrained version of the best response, argmaxa∈Ac

1:T
u(a, p), i.e., the action

that maximizes the predicted utility among Ac
1:T . But the agents do not know what this benchmark

class is during the interaction (it isn’t defined until the end of the interaction), and so we let each
agent maintain a candidate action set Âc

t , which is updated on every round t ∈ [T ] and serves as a
surrogate for the benchmark class Ac

1:T . The agent will play argmax
a∈Âc

t
u(a, p), the action that

maximizes the predicted utility among their maintained candidate action set Âc
t . Similarly, when

competing with the other benchmark class AE[c]
1:T , agents will maintain a surrogate ÂE[c]

t , and max-
imize the predicted utility over actions in ÂE[c]

t . In general, we say that agents constrained best
respond to our predictions.

Definition 6 (C-Constrained Best Response) Let C ⊆ A be an action set. Fix a utility u : A ×
Y → [0, 1] and a prediction p ∈ Y . The C-constrained best response to p according to u is the
action CBRuC(p) = argmaxa∈C u(a, p).

It is straightforward for an agent to identify non-members of the benchmark class Ac
1:T and

maintain the candidate action set Âc
t . At the beginning, there is no information about the benchmark

classAc
1:T and the agent can set Âc

1 = A. In every round t ∈ [T ], if any action a ∈ A violates any of
the J constraints, a is known not to be in the benchmark class Ac

1:T , and hence can be permanently
eliminated from the candidate action set Âc

t . This process is formally stated in Algorithm 1.

Algorithm 1 Elimination-Based Algorithm for Benchmark Class Ac
1:T

Initialize Âc
1 = A

for t = 1 to T do
Receive the prediction pt
Play the Âc

t -constrained best response to pt, at = CBRuÂc
t

(pt)

Observe the outcome yt, receive utility u(at, yt) and constraint realizations (cj(at, yt))j∈[J ]
Let Âc

t+1 = Âc
t \
{
a ∈ Âc

t : ∃j ∈ [J ], cj(a, yt) > 0
}

end

By design, the elimination operation in Algorithm 1 is only triggered by actions that violate a
constraint. Since actions in the benchmark class Ac

1:T satisfy the constraints every round, they will
never be eliminated from the candidate action set Âc

t by Algorithm 1.
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Proposition 7 Fix an agent in N with a utility function u : A × Y → [0, 1] and J constraint
functions {cj : A × Y → [−1, 1]}j∈[J ]. Suppose the agent runs Algorithm 1 to compete with the
benchmark class Ac

1:T , then Ac
1:T ⊆ Âc

t for any t ∈ [T ].

Because an action is permanently eliminated upon violating the constraints, each constraint vio-
lation of Algorithm 1 must be triggered by a distinct action. Consequently, the cumulative constraint
violation of Algorithm 1 can be upper bounded by the number of actions.

Theorem 8 Fix an agent inN with a utility function u : A×Y → [0, 1] and J constraint functions
{cj : A× Y → [−1, 1]}j∈[J ]. Suppose the agent runs Algorithm 1 to compete with the benchmark
class Ac

1:T , then the cumulative constraint violation of the agent is bounded by:

CCV(1 : T ) ≤ |A|.

Remark 9 In fact, our proof of Theorem 8 leads to a stronger result, CCV+(1 : T ) := maxj∈[J ]
∑T

t=1 c
+
j (at, yt) ≤

|A| − |Ac
1:T |, where c+j (at, yt) := max{0, cj(at, yt)}. The right-hand side can be strengthened be-

cause actions in the benchmark class Ac
1:T never trigger any constraint violation. The left-hand

side can be strengthened because our proof bounds any non-positive term cj(a, yt) by 0. CCV+ is
a common definition of cumulative constraint violation in the literature on learning with long-term
constraints (see e.g. Sinha and Vaze (2024); Lekeufack and Jordan (2024)).

Next, we introduce our elimination algorithm for the benchmark class AE[c]
1:T . The identification

of non-members is straightforward for the benchmark class Ac
1:T but not for AE[c]

1:T . Since cj(at, yt)
and Eyt∼Yt [cj(at, yt)] can have different signs, it is impossible to decide whether an action is in
AE[c]

1:T based on its performance in a single round. Therefore, we will let agents eliminate actions
by assessing their performances over multiple rounds. To be specific, for each action a ∈ A and
each constraint cj , we let va,j1:t denote the total violation of cj accumulated by the agent from playing
action a up to round t, i.e.,

va,j1:t :=
∑t

s=1
1[as = a]cj(a, ys).

As we will show in the proof of Theorem 10, va,j1:t will concentrate around its ‘expectation version’,∑t
s=1 1[as = a]Eys∼Ys [cj(a, ys)], which is non-positive for any benchmark action a ∈ AE[c]

1:T and
is potentially positive for any non-benchmark action a /∈ AE[c]

1:T . So, for each action a ∈ A, we will
let agents monitor (va,j1:t )j∈[J ] in every round and eliminate action a once any of (va,j1:t )j∈[J ] exceeds
a prefixed threshold τ . This process is formally stated in Algorithm 2. We will give guarantees for
Algorithm 2 that hold with high probability, where the probability is determined by τ .

Algorithm 2 never eliminates any benchmark action inAE[c]
1:T from the candidate action setAE[c]

t

across the T rounds with high probability over the randomness of the outcomes y1, . . . , yT .

Proposition 10 Fix an agent inN with a utility function u : A×Y → [0, 1] and J constraint func-
tions {cj : A × Y → [−1, 1]}j∈[J ]. Suppose the agent runs Algorithm 2 with threshold parameter

τ to compete with the benchmark class AE[c]
1:T , then with probability at least 1− 2|A|JTe−

τ2

8T :

AE[c]
1:T ⊆ Â

E[c]
t for every t ∈ [T ].

9
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Algorithm 2 Elimination-Based Algorithm for Benchmark Class AE[c]
1:T

Input: A threshold parameter τ
Initialize ÂE[c]

1 = A
For every a ∈ A and j ∈ [J ], set va,j0 = 0
for t = 1 to T do

Receive the prediction pt
Play the ÂE[c]

t -constrained best response to pt, at = CBRu
ÂE[c]

t

(pt)

Observe the outcome yt, obtain utility u(at, yt) and constraint increments cj(at, yt), j ∈ [J ]

Update vat,j1:t = vat,j1:t−1 + cj(at, yt) for every j ∈ [J ]

Let va,j1:t = va,j1:t−1 for every a ∈ A \ {at} and j ∈ [J ]

if ∃j ∈ [J ], vat,jt > τ then
ÂE[c]
t+1 = ÂE[c]

t \ {at}
end
else
ÂE[c]
t+1 = ÂE[c]

t

end
end

Proposition 10 provides a guarantee for a single agent. To extend this to all agents in N , we
apply a union bound. By setting the threshold τ = 4

√
T ln(|A||N |JT/δ) for a desired failure

probability δ ∈ (0, 1), we arrive at the following corollary, which holds with probability at least
1− δ.

Corollary 11 Let N be a set of agents, where each agent is equipped with a utility function u :
A×Y → [0, 1] and J constraint functions {cj : A×Y → [−1, 1]}j∈[J ]. Each agent runs Algorithm

2 with threshold parameter 4
√
T ln(|A||N |JT/δ) to compete with the benchmark classAE[c]

1:T , then
with probability at least 1− δ, for every agent:

AE[c]
1:T ⊆ Â

E[c]
t for every t ∈ [T ].

Suppose an action is eliminated by Algorithm 2 in round t. Its contribution to the cumulative
constraint violation of the agent must be smaller than τ before round t, otherwise it would be
eliminated before round t. In round t, it violates the constraints by at most 1. Therefore, the agent
accumulates at most τ + 1 constraint violation when playing a specific action. This fact leads to a
bound on the cumulative constraint violation of Algorithm 2.

Theorem 12 Let N be a set of agents, where each agent is equipped with a utility function u :
A×Y → [0, 1] and J constraint functions {cj : A×Y → [−1, 1]}j∈[J ]. Each agent runs Algorithm

2 with threshold parameter 4
√
T ln(|A||N |JT/δ) to compete with the benchmark classAE[c]

1:T , then
with probability at least 1− δ, the cumulative constraint violation of every agent is bounded by:

CCV(1 : T ) ≤ 4|A|
√
T ln(|A||N |JT/δ) + |A|.

We remark that both Algorithms 1 and 2 are run by agents. While they take the prediction pt as
input in every round, their cumulative constraint violation bounds in Theorems 8 and 12 are proven

10
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without any assumptions on the predictions. These bounds are consequences of the elimination
rules and hold true for any arbitrary forecasters.

4. Conditionally Unbiased Predictions and Regret Bounds

In this section, we show how to produce predictions that lead to Õ(|A|
√
T ) regret against the bench-

mark class Ac
1:T . Guarantees for the benchmark class AE[c]

1:T with the same dependence on |A| and
T can be derived similarly and are relegated to Appendix C.

While the cumulative constraint violation bounds of Algorithms 1 and 2 do not rely on the
quality of the predictions, to obtain the regret bounds, we need the predictions to be unbiased —
conditionally on various subsequences. Notably, we define the following notion of conditional
unbiasedness.

Definition 13 ((N , α1)-Decision Calibration) Let N be a set of agents, where each agent is
equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A ×
Y → [−1, 1]}j∈[J ]. Each agent runs Algorithm 1 to maintain a candidate action set Âc

t and Âc
t -

constrained best respond to the prediction pt in every round t ∈ [T ]. Let α1 : R → R. We say that
a sequence of predictions p1, . . . , pT is (N , α1)-decision calibrated with respect to a sequence of
outcomes y1, . . . , yT if for every a ∈ A and (u, c) ∈ N :∥∥∑T

t=1
1[CBRuÂc

t
(pt) = a](pt − yt)

∥∥
∞ ≤ α1(T

u,c(a)).

where T u,c(a) =
∑T

t=1 1[CBR
u
Âc

t

(pt) = a].

Assumption 2 We assume that α1 : R → R is a concave function. This will be the case in all the
bounds we give; in general, this condition holds for any sublinear error bound T r for r < 1.

We now show that decision calibration implies no constrained swap regret, and hence no con-
strained external regret. At a high level, decision calibrated predictions allow agents to accurately
assess (on average) the utilities of their chosen actions and the counterfactual actions produced
by any action modification rule. Because agents choose optimally based on these accurate utility
estimates, their decisions are inherently competitive against any alternative benchmark.

Theorem 14 Let N be a set of agents, where each agent is equipped with a utility function u :
A× Y → [0, 1] and J constraint functions {cj : A× Y → [−1, 1]}j∈[J ]. The utility functions are
linear and L-Lipschitz in the second argument. Each agent runs Algorithm 1 to compete with the
benchmark class Ac

1:T . If the sequence of predictions p1, . . . , pT is (N , α1)-decision calibrated,
then the Ac

1:T -constrained swap regret of every agent is bounded by:

Regswap(u,Ac
1:T , 1 : T ) ≤ 2L|A|α1(T/|A|).

To prove the theorem, first note that for any action modification rule ϕ : A → Ac
1:T , we can

decompose the regret against ϕ into three parts as:∑T

t=1
(u(ϕ(at), yt)− u(at, yt))

=
∑T

t=1
(u(ϕ(at), yt)− u(ϕ(at), pt)) +

∑T

t=1
(u(ϕ(at), pt)− u(at, pt)) +

∑T

t=1
(u(at, pt)− u(at, yt))

11
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By Proposition 7 and the fact that ϕ(at) ∈ Ac
1:T , we have that ϕ(at) ∈ Âc

t for every t ∈ [T ].
Since agents Âc

t -constrained best respond to the prediction pt in round t, at = argmax
b∈Âc

t
u(b, pt).

This implies that:

u(ϕ(at), pt) ≤ u(at, pt).

So, the second part in the decomposition is upper bounded by 0.
Thus, it suffices to bound the other two parts, i.e., the difference in utility under our predictions

pt and the outcomes yt for both the chosen actions and the swapped-in actions. We show this in the
next two lemmas using decision calibration.

Lemma 15 If the sequence of predictions p1, . . . , pT is (N , α1)-decision calibrated, then for any
(u, c) ∈ N : ∣∣∑T

t=1
(u(at, pt)− u(at, yt))

∣∣ ≤ L|A|α1(T/|A|).

Lemma 16 If the sequence of predictions p1, . . . , pT is (N , α1)-decision calibrated, then for any
(u, c) ∈ N and ϕ : A → Ac

1:T :∣∣∑T

t=1
(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣ ≤ L|A|α1(T/|A|).

Applying Lemmas 15 and 16 to the decomposition of the regret against ϕ finishes the proof.

4.1. Algorithm for Calibration and Decision Calibration

We now address the algorithmic challenge of producing decision calibrated predictions. Our ap-
proach builds upon the UNBIASED-PREDICTION algorithm from Noarov et al. (2023), which makes
conditionally unbiased predictions in the online setting. The algorithm and its guarantees are pre-
sented in Appendix G; we refer interested readers to the original work for further details.

We will instantiate UNBIASED-PREDICTION to make decision calibrated predictions; we will
refer to this instantiation as DECISION-CALIBRATION-REALIZATION. Our guarantees will directly
inherit from the guarantees of UNBIASED-PREDICTION.

Theorem 17 Let N be a set of agents, where each agent is equipped with a utility function u :
A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. Each agent will run
Algorithm 1 to compete with the benchmark class Ac

1:T . There is an instantiation of UNBIASED-
PREDICTION (Noarov et al., 2023) —which we call DECISION-CALIBRATION-REALIZATION—
producing predictions p1, ..., pT ∈ Y satisfying that for any sequence of outcomes y1, ..., yT ∈ Y ,
the following holds with probability at least 1− δ for any (u, c) ∈ N and a ∈ A:∥∥∑T

t=1
1[CBRuÂc

t
(pt) = a](pt−yt)

∥∥
∞ ≤ O

(
ln(d|A||N |T )+

√
ln(d|A||N |T ) · T u,c(a)+

√
ln(d|A||N |/δ) · T

)
.

Substituting the above bounds into Theorem 14 and combining with Theorem 8, we arrive at
the following corollary bounding the cumulative constraint violation and theAc

1:T -constrained swap
regret.

12
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Corollary 18 Let N be a set of agents, where each agent is equipped with a utility function
u : A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. The utility func-
tions are linear and L-Lipschitz in the second argument. Each agent runs Algorithm 1 to compete
with the benchmark class Ac

1:T . The sequence of predictions p1, . . . , pT outputted by DECISION-
CALIBRATION-REALIZATION ensures that with probability at least 1−δ, the cumulative constraint
violation and the Ac

1:T -constrained swap regret of every agent are bounded by:

CCV(1 : T ) ≤ |A|,

Regswap(u,Ac
1:T , 1 : T ) ≤ O

(
L|A|

√
T ln(d|A||N |T/δ)

)
.

Since constrained swap regret is stronger than constrained external regret, the same regret bound
also holds for Regext(u,Ac

1:T , 1 : T ).

5. Simultaneous Guarantees for Multiple Subsequences

We now summarize how our framework extends to arbitrary, possibly intersecting, contextually
defined subsequences. The full details are deferred to Appendix D.

Let S be a collection of subsequences, where each subsequence S ∈ S is a subset of [T ]. We
denote the active subsequences in round t ∈ [T ] as St = {S ∈ S : t ∈ S}. We assume that
∪S∈SS = [T ], so that St is nonempty for every round t. These subsequences need not be fixed in
advance but can be defined dynamically based on contextual information.

For each subsequence S ∈ S, the relevant benchmark classes are subsequence-specific:

Ac
S = {a : cj(a, yt) ≤ 0 for every t ∈ S and j ∈ [J ]} ,

AE[c]
S =

{
a : E

yt∼Yt
[cj(a, yt)] ≤ 0 for every t ∈ S and j ∈ [J ]

}
.

Regret over a subsequence S ∈ S with respect to a benchmark class B is defined as:

Regext(u,B, S) = max
a∈B

∑
t∈S

(u(a, yt)− u(at, yt)) ,

Regswap(u,B, S) = max
ϕ:A→B

∑
t∈S

(u(ϕ(at), yt)− u(at, yt)) .

The cumulative constraint violation over S is:

CCV(S) := max
j∈[J ]

∑
t∈S

cj(at, yt).

The goal is to obtain regret and cumulative-constraint-violation guarantees simultaneously for every
agent and every S ∈ S, with the benchmark tailored to the particular subsequence.

For both benchmark classes, the forecaster enforces decision calibration not only conditional
on the agent’s chosen action, but also conditional on membership of the current round in each
subsequence S ∈ S.
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Realization-based benchmark classes {Ac
S}S∈S . For the benchmark classes {Ac

S}S∈S , the ex-
tension is direct. Each agent runs separate instantiations of Algorithm 1 to maintain a candidate
action set Âc

t,S for each subsequence S. At round t, the agent aggregates the active candidate sets
by taking the union

Ut = ∪S∈StÂc
t,S ,

and plays the Ut-constrained best response to the prediction.
This yields, with probability at least 1− δ, simultaneously for every agent and every S ∈ S,

CCV(S) ≤ |A||S|,

Regswap(u,Ac
S , S) ≤ O

(
L|A|

√
|S| ln d|A||N ||S|T

δ

)
,

with the same regret bound for constrained external regret.

Expectation-based benchmark classes {AE[c]
S }S∈S . The benchmark classes {AE[c]

S }S∈S require
more care. Naively running independent copies of Algorithm 2 for each subsequence is not enough.
Because constraint violations are signed, slack on S \S′ can mask large positive violation on S∩S′.
Thus an action may remain feasible from the perspective of one subsequence while causing large
cumulative violation on another intersecting subsequence.

Our solution has the same high-level structure as the solution for the realization-based bench-
mark classes {Ac

S}S∈S . We maintain a candidate action set ÂE[c]
t,S for each subsequence and gradu-

ally eliminate actions from it; the agent selects an action from the union set, Ut = ∪S∈StÂ
E[c]
t,S , in

each round. The key difference lies in a more sophisticated elimination rule.
To avoid the masking effect, we attribute each played action to a single responsible subsequence.

Index S = {S1, . . . , SI}. When action at is played at round t, we credit the subsequence Srt with
the smallest index that is active and for which at is a candidate action:

rt = min
{
i ∈ [I] : t ∈ Si, at ∈ ÂE[c]

t,Si

}
.

For every action a, constraint j, and pair of subsequences S, S′ ∈ S, we track the attributed violation
accumulated on S during rounds for which S′ is responsible,

wa,j,S
′

[1,t]∩S =
t∑

s=1

1[as = a, s ∈ S, Srs = S′]cj(a, ys).

An action at is eliminated from its responsible subsequence Srt once any of these attributed terms
exceeds a subsequence-specific threshold. This rule prevents double-counting while ensuring that
violations on intersections cannot be masked by slack elsewhere.

This yields, with probability at least 1− δ, simultaneously for every agent and every S ∈ S,

CCV(S) ≤
∑
S′∈S

4|A|
√
|S′| ln 2|A||N ||S|2J |S′|

δ
+ |A||S|,

Regswap(u,A
E[c]
S , S) ≤ O

(
L|A|

√
|S| ln d|A||N ||S|T

δ

)
,

again with the same regret bound for constrained external regret.
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Appendix A. Related Work

Our work extends both past work on omniprediction and prediction for downstream regret as well
as past work on online learning with long term constraints. We discuss both strands of related work
below.

Omniprediction and Prediction for Downstream Regret Gopalan et al. (2022) introduced the
problem of omniprediction in the batch/distributional setting. In the traditional “omniprediction”
setting the label space is binary Y = {0, 1}, the “action space” is considered to be the set of
real valued predictions in [0, 1] and “decision makers” are modeled as optimizing a loss function
ℓ : [0, 1] × {0, 1} → R, such as squared or absolute loss. Gopalan et al. (2022) show that multi-
calibration (c.f. Hébert-Johnson et al. (2018) implies omniprediction. Subsequent work (Gopalan
et al., 2023a,b) studied both weaker and stronger conditions than multicalibration and the corre-
sponding variants of omniprediction that they imply. Garg et al. (2024) introduced the problem of
omniprediction in the online adversarial setting and gave oracle efficient algorithms for it; subse-
quent work derived optimal regret bounds for the problem (Okoroafor et al., 2025; Dwork et al.,
2025). All of the papers discussed so far study binary outcomes (Y = {0, 1}), but a notable ex-
ception is Gopalan et al. (2024) who study vector valued outcomes and decision makers with loss
functions that are convex in the outcome. Two papers (Globus-Harris et al., 2023; Hu et al., 2023)
study the problem of omniprediction with constraints. Like most of the rest of the literature, they
focus on binary outcomes Y = {0, 1} and real valued action spaces A = [0, 1] in the batch setting.
As their focus is on machine learning, they both focus on specific kinds of constraints that arise as
“group fairness” constraints in binary classification.

A parallel literature Kleinberg et al. (2023); Noarov et al. (2023); Roth and Shi (2024); Hu
and Wu (2024) has focused on making sequential predictions of adversarially chosen outcomes
from some space Y so that downstream agents, who may have arbitrary discrete action spaces, can
optimize their own loss. Several papers from this literature Noarov et al. (2023); Roth and Shi
(2024) have gone beyond the binary label setting and have focused (as we do) on arbitrary loss
functions that for each action are linear in the state y ∈ [0, 1]d to be predicted. The goal is to
guarantee that all downstream decision makers have diminishing regret in the worst case. Motivated
by decision makers interacting in competitive environments, Noarov et al. (2023); Roth and Shi
(2024); Hu and Wu (2024) give results to guarantee downstream decision makers diminishing swap
regret at near optimal rates. Because calibration is known to be unobtainable in online adversarial
settings at O(

√
T ) rates (Qiao and Valiant, 2021; Dagan et al., 2024), this literature has from the

beginning used techniques (like “U-calibration” (Kleinberg et al., 2023) and extensions of decision
calibration Zhao et al. (2021); Noarov et al. (2023); Roth and Shi (2024)) that sidestep these lower
bounds while being strong enough to guarantee downstream decision makers no (swap) regret. Lu
et al. (2025) give a unifying view on both literatures. Our model and techniques derive mainly from
the “prediction for downstream regret literature” (arbitrary action space, high dimensional outcome
space, swap regret guarantees in an online adversarial setting) — one way to view our work is
as extending omniprediction with constraints (Hu et al., 2023; Globus-Harris et al., 2023) to this
setting.

Online Learning with Long-Term Constraints The problem of learning with long-term con-
straints first appeared in Mannor et al. (2009), who showed that even for simple utility functions
and a single adaptive constraint, it is impossible for the learner to get sublinear external regret with
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respect to the benchmark of actions that satisfy the constraint marginally. Instead, follow up work
(e.g. Sun et al. (2017); Guo et al. (2022); Anderson et al. (2022); Yi et al. (2023); Sinha and Vaze
(2024); Lekeufack and Jordan (2024)) adopted a stricter external regret benchmark, of actions that
satisfy the constraints on every round. Generally speaking, these works operate in the setting of on-
line convex optimization rather than considering a finite set of actions. Among these, Sinha and Vaze
(2024) obtained the fastest known convergence rates without additional assumptions, scaling with
Õ(
√
T ) for each of the regret and the cumulative constraint violation. Lekeufack and Jordan (2024)

provided an algorithm for the experts setting with rates scaling each with Õ(
√
T ln(d)) where d

is the number of experts, and regret is measured against the set of all probability vectors over the
experts that (in expectation) satisfy the constraints. This literature also explores benchmarks where
constraints are not violated in expectation (Neely and Yu, 2017; Wei et al., 2020), in cases where
there assumed to exist an underlying distribution incoming constraint functions. This can be viewed
analogously to AE[c]

1:T in our formulation, for the case where the distribution over states also en-
codes a distribution over constraints that is fixed across the rounds of interaction. Our formulation,
however, is more permissive as it allows the distribution over constraints to vary across rounds.

Appendix B. Omitted Results from Section 3

Proof of Theorem 8. Fix any j ∈ [J ]. We will bound the cumulative violation against the j-th
constraint, i.e.,

∑T
t=1 cj(at, yt). The final result follows by taking the maximum over all j ∈ [J ].

First, we partition the sum based on the action played. For each action a ∈ A, let Ra = {t ∈
[T ] : at = a} be the set of rounds when a is played. This gives:

T∑
t=1

cj(at, yt) =
∑

a∈A:Ra ̸=∅

∑
t∈Ra

cj(a, yt).

maxRa corresponds to the last round when a is played. For any earlier round t ∈ Ra \
{maxRa}, action a is played and is not eliminated, which implies that the constraint is satisfied,
i.e., cj(a, yt) ≤ 0. Therefore, only the final term, cj(a, ymaxRa), can contribute positively to the
sum for each action. The sum is thus bounded by:

∑
a∈A:Ra ̸=∅

 ∑
t∈Ra\{maxRa}

cj(a, yt) + cj(a, ymaxRa)


≤

∑
a∈A:Ra ̸=∅

cj(a, ymaxRa)

≤
∑

a∈A:Ra ̸=∅

1

≤ |A|.

■

20
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Proof of Proposition 10. Fix any a ∈ AE[c]
1:T and j ∈ [J ]. By the definition of the benchmark class

AE[c]
1:T , we have that for every t ∈ [T ]:

Pr[va,j1:t > τ ] = Pr

[
t∑

s=1

1[as = a]cj(a, ys) > τ

]

≤ Pr

[
t∑

s=1

1[as = a](cj(a, ys)− E
ys∼Ys

[cj(a, ys)]) > τ

]
.

We will adopt a martingale concentration inequality to bound the above probability. For this
purpose, we define the filtration Ft = σ

(
{(xs, ps, ys)}ts=1, xt+1, pt+1

)
. Intuitively, Ft represents

the complete history of information available to the agent before making their decision in round
t + 1, which is why xt+1 and pt+1 are included. We first show that {1[as = a](cj(a, ys) −
Eys∼Ys [cj(a, ys)])}Ts=1 is a sequence of martingale differences with respect to this filtration.

We have that at = CBRu
ÂE[c]

t

(pt). ÂE[c]
t is the candidate action set maintained by the agent

based on the record of the actions up to round t − 1, so ÂE[c]
t ∈ Ft−1. pt ∈ Ft−1 by the definition

of the filtration. Therefore, at ∈ Ft−1.
Consequently, for any t ∈ [T ]:

E
[
1[at = a](cj(a, yt)− E

yt∼Yt
[cj(a, yt)]) | Ft−1

]
= 1[at = a]E

[
cj(a, yt)− E

yt∼Yt
[cj(a, yt)] | Ft−1

]
= 0.

This implies that {1[as = a](cj(a, ys)− Eys∼Ys [cj(a, ys)])}ts=1 is a sequence of martingale differ-
ences. By Azuma-Hoeffding inequality (Lemma 47), we derive that for any a ∈ AE[c]

1:T , j ∈ [J ],
t ∈ [T ]:

Pr[va,j1:t > τ ] ≤ Pr

[
t∑

s=1

1[as = a](cj(a, ys)− E
ys∼Ys

[cj(a, ys)]) > τ

]
≤ 2e−

τ2

8t

≤ 2e−
τ2

8T .

Using the union bound over every a ∈ AE[c]
1:T , j ∈ [J ], t ∈ [T ], we derive that:

Pr
[
∃a ∈ AE[c]

1:T , j ∈ [J ], t ∈ [T ], such that va,j1:t > τ
]
≤

∑
a∈AE[c]

1:T

∑
j∈[J ]

∑
t∈[T ]

2e−
τ2

8T

≤ 2|A|JTe−
τ2

8T .

By the elimination rule of Algorithm 2, this implies that the agent never eliminates any action

in AE[c]
1:T across the T rounds with probability at least 1− 2|A|JTe−

τ2

8T . ■
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Proof of Theorem 12. By Corollary 11, no agent in N eliminates any benchmark action in AE[c]
1:T

across the T rounds with probability at least 1− δ. We will condition on this event, which ensures
that the Algorithm 2 is well-behaved and avoids the risk of eliminating all actions in A.

Fix any j ∈ [J ]. We will bound the cumulative violation against the j-th constraint, i.e.,∑T
t=1 cj(at, yt). The final result follows by taking the maximum over all j ∈ [J ].
Similarly to the proof of Theorem 8, we let Ra denote the set of rounds when a is played, i.e.,

Ra = {t : at = a}

Then we have that:
T∑
t=1

cj(at, yt) =
∑

a∈A:Ra ̸=∅

∑
t∈Ra

cj(a, yt)

=
∑

a∈A:Ra ̸=∅

maxRa∑
t=1

1[t ∈ Ra]cj(a, yt)

=
∑

a∈A:Ra ̸=∅

maxRa∑
t=1

1[at = a]cj(a, yt)

=
∑

a∈A:Ra ̸=∅

(
maxRa−1∑

t=1

1[at = a]cj(a, yt) + cj(a, ymaxRa)

)
=

∑
a∈A:Ra ̸=∅

(va,jmaxRa−1 + cj(a, ymaxRa))

≤
∑

a∈A:Ra ̸=∅

(τ + 1)

≤ 4|A|
√
T ln
|A||N |JT

δ
+ |A|.

■

Proof of Lemma 15. Using the linearity of u, we can write:∣∣∣∣∣
T∑
t=1

(u(at, pt)− u(at, yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[at = a](u(a, pt)− u(a, yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
a,

T∑
t=1

1[at = a]pt

)
− u

(
a,

T∑
t=1

1[at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
a,

T∑
t=1

1[at = a]pt

)
− u

(
a,

T∑
t=1

1[at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

α1(T
u,c(a)).

22



OMNIPREDICTION WITH LONG-TERM CONSTRAINTS

where the first inequality follows from the triangle inequality, the second inequality follows from L-
Lipschitzness of u, and the third inequality follows from (N , α1)-decision calibration. By concavity
of α1 and the fact that

∑
a∈A T

u,c(a) =
∑

a∈A
∑T

t=1 1[at = a] = T , this expression is at most:

L|A|α1(T/|A|).

■

Proof of Lemma 16. The proof is similar to the proof of Lemma 15. Using the linearity of u, we
can write:∣∣∣∣∣
T∑
t=1

(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[at = a](u(ϕ(a), pt)− u(ϕ(a), yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
ϕ(a),

T∑
t=1

1[at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
ϕ(a),

T∑
t=1

1[at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

α1(T
u,c(a))

≤ L|A|α1(T/|A|).

where the first inequality follows from the triangle inequality, the second inequality follows from
L-Lipschitzness of u, the third inequality follows from (N , α1)-decision calibration, and the fourth
inequality follows from concavity of α1. ■

Appendix C. Omitted Results from Section 4

In this section, we show how to produce predictions that lead to Õ(|A|
√
T ) regret against the bench-

mark class AE[c]
1:T . By Corollary 11, with probability at least 1 − δ over the randomness of the out-

comes y1, . . . , yT , AE[c]
1:T ⊆ Â

E[c]
t for every agent and every t ∈ [T ]. We will condition on this event

throughout this section. Therefore, all the guarantees we give in this section hold with probability
at least 1− δ.

Similarly to Definition 13, we will need the following notion of conditional unbiasedness.

Definition 19 ((N , β1)-Decision Calibration) Let N be a set of agents, where each agent is
equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A × Y →

[−1, 1]}j∈[J ]. Each agent runs Algorithm 2 with threshold parameter 4
√
T ln |A||N |JT

δ to maintain

a candidate action set ÂE[c]
t and ÂE[c]

t -constrained best respond to the prediction pt in every round
t ∈ [T ]. Let β1 : R → R. We say that a sequence of predictions p1, . . . , pT is (N , β1)-decision
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calibrated with respect to a sequence of outcomes y1, . . . , yT if for every a ∈ A and (u, c) ∈ N :∥∥∥∥∥
T∑
t=1

1[CBRu
ÂE[c]

t

(pt) = a](pt − yt)

∥∥∥∥∥
∞

≤ β1(T u,E[c](a))

where T u,E[c](a) =
∑T

t=1 1[CBR
u

ÂE[c]
t

(pt) = a].

Both Definitions 13 and 19 require the predictions to be unbiased conditional on the actions
chosen by agents. They differ only in agents’ decision rules. In Definition 13, agents Âc

t -constrained
best respond to the predictions to compete with the benchmark class Ac

1:T , whereas in Definition
19, agents ÂE[c]

t -constrained best respond to the predictions to compete with the benchmark class
AE[c]

1:T . For simplicity, we refer to both conditions as decision calibration.
Similarly to Theorem 14, decision calibration implies no AE[c]

1:T -constrained swap regret.

Theorem 20 Let N be a set of agents, where each agent is equipped with a utility function
u : A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. The utility functions
are linear and L-Lipschitz in the second argument. Each agent runs Algorithm 2 with threshold pa-

rameter 4
√
T ln |A||N |JT

δ to compete with the benchmark classAE[c]
1:T . If the sequence of predictions

p1, . . . , pT is (N , β1)-decision calibrated, then with probability at least 1−δ, theAE[c]
1:T -constrained

swap regret of every agent is bounded by:

Regswap(u,A
E[c]
1:T , 1 : T ) ≤ 2L|A|β1(T/|A|)

The proof is similar to the proof of Theorem 14. For any action modification rule ϕ : A → AE[c]
1:T ,

we can write:
T∑
t=1

(u(ϕ(at), yt)− u(at, yt))

=

T∑
t=1

(u(ϕ(at), yt)− u(ϕ(at), pt)) +
T∑
t=1

(u(ϕ(at), pt)− u(at, pt)) +
T∑
t=1

(u(at, pt)− u(at, yt))

Conditioning on the event in Corollary 11 and using the fact that ϕ(at) ∈ AE[c]
1:T , we have that

ϕ(at) ∈ ÂE[c]
t for every t ∈ [T ]. Since agents ÂE[c]

t -constrained best response to the prediction pt
in round t, at = argmax

b∈ÂE[c]
t

u(b, pt). This implies that:

u(ϕ(at), pt) ≤ u(at, pt).

So, the second part in the decomposition is bounded by 0.
Thus, it suffices to bound the other two parts using decision calibration.

Lemma 21 If the sequence of predictions p1, . . . , pT is (N , β1)-decision calibrated, then for any
(u, c) ∈ N : ∣∣∣∣∣

T∑
t=1

(u(at, pt)− u(at, yt))

∣∣∣∣∣ ≤ L|A|β1(T/|A|)
24



OMNIPREDICTION WITH LONG-TERM CONSTRAINTS

Proof The proof is similar to the proof of Lemma 15. Using the linearity of u, we can write:∣∣∣∣∣
T∑
t=1

(u(at, pt)− u(at, yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[at = a](u(a, pt)− u(a, yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
a,

T∑
t=1

1[at = a]pt

)
− u

(
a,

T∑
t=1

1[at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
a,

T∑
t=1

1[at = a]pt

)
− u

(
a,

T∑
t=1

1[at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

β1(T
u,E[c](a))

where the first inequality follows from the triangle inequality, the second inequality follows from L-
Lipschitzness of u, and the third inequality follows from (N , β1)-decision calibration. By concavity
of β1 and the fact that

∑
a∈A T

u,E[c](a) =
∑

a∈A
∑T

t=1 1[at = a] = T , this expression is at most:

L|A|β1(T/|A|)

Lemma 22 If the sequence of predictions p1, . . . , pT is (N , β1)-decision calibrated, then for any
(u, c) ∈ N and ϕ : A → AE[c]

1:T :∣∣∣∣∣
T∑
t=1

(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ ≤ L|A|β1(T/|A|).
Proof Using the linearity of u, we can write:∣∣∣∣∣
T∑
t=1

(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[at = a](u(ϕ(a), pt)− u(ϕ(a), yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
ϕ(a),

T∑
t=1

1[at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
ϕ(a),

T∑
t=1

1[at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

β1(T
u,E[c](a))

≤ L|A|β1(T/|A|)
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where the first inequality follows from the triangle inequality, the second inequality follows from
L-Lipschitzness of u, the third inequality follows from (N , β1)-decision calibration, and the fourth
inequality follows from concavity of β1.

We can now complete the proof of Theorem 20.
Proof Fix any (u, c) ∈ N and ϕ : A → AE[c]

1:T . Applying Lemmas 21 and 22 to the decomposition
of the regret against ϕ, we have that:

T∑
t=1

(u(ϕ(at), yt)− u(at, yt))

=

T∑
t=1

(u(ϕ(at), yt)− u(ϕ(at), pt)) +
T∑
t=1

(u(ϕ(at), pt)− u(at, pt)) +
T∑
t=1

(u(at, pt)− u(at, yt))

≤ 2L|A|β1(T/|A|)

We will instantiate UNBIASED-PREDICTION to make decision calibrated predictions as defined
in Definition 19. We will refer to this instantiation as DECISION-CALIBRATION-EXPECTATION. It
has the following guarantees.

Theorem 23 Let N be a set of agents, where each agent is equipped with a utility function
u : A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. Each agent will

run Algorithm 2 with threshold parameter 4

√
T ln |A||N |JT

δ to compete with the benchmark class

AE[c]
1:T . There is an instantiation of UNBIASED-PREDICTION (Noarov et al., 2023) —which we

call DECISION-CALIBRATION-EXPECTATION— producing predictions p1, ..., pT ∈ ∆Y satisfy-
ing, with probability at least 1− δ, for any (u, c) ∈ N and a ∈ A:∥∥∥∥∥
T∑
t=1

1[CBRu
ÂE[c]

t

(pt) = a](pt − yt)

∥∥∥∥∥
∞

≤ O

(
ln(d|A||N |T ) +

√
ln(d|A||N |T ) · T u,E[c](a) +

√
ln
d|A||N |

δ
· T

)

Substituting the above bounds into Theorem 20 and combining with Theorem 12, we arrive
at the following corollary bounding the cumulative constraint violation and the AE[c]

1:T -constrained
swap regret. To obtain an overall failure probability of at most δ, we instantiate the regret guarantee
and the cumulative-constraint-violation guarantee each with failure probability δ/2, and then apply
a union bound.

Corollary 24 Let N be a set of agents, where each agent is equipped with a utility function
u : A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. The utility functions
are linear and L-Lipschitz in the second argument. Each agent runs Algorithm 2 with threshold pa-

rameter 4
√
T ln 2|A||N |JT

δ to compete with the benchmark classAE[c]
1:T . The sequence of predictions

p1, . . . , pT outputted by DECISION-CALIBRATION-EXPECTATION ensures that with probability at
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least 1−δ, the cumulative constraint violation and theAE[c]
1:T -constrained swap regret of every agent

are bounded by:

CCV(1 : T ) ≤ 4|A|
√
T ln(2|A||N |JT/δ) + |A|,

Regswap(u,A
E[c]
1:T , 1 : T ) ≤ O

(
L|A|

√
T ln

d|A||N |T
δ

)
.

Since constrained swap regret is stronger than constrained external regret, the same regret bound
also holds for Regext(u,A

E[c]
1:T , 1 : T ).

Appendix D. Simultaneous Guarantees for Multiple Subsequences: Details

Our analysis so far has focused on achieving low regret against the best single benchmark action in
hindsight, evaluated over all T rounds. We now extend this framework to a more demanding and
general setting by considering performance over multiple, arbitrary subsequences of rounds. We
will compete with different benchmarks over different subsequences, and provide more granular
guarantees that hold simultaneously across all subsequences.

Let S be a collection of subsequences, where each subsequence S ∈ S is a subset of [T ]. We
assume that the union of these subsequences covers the entire time horizon, i.e., ∪S∈SS = [T ].
This ensures that every round belongs to at least one subsequence, and thus has a benchmark for us
to compete with. We denote the active subsequences in round t ∈ [T ] as St = {S ∈ S : t ∈ S},
which is non-empty by our assumption. These subsequences need not be fixed in advance but
can be defined dynamically based on contextual information. A subsequence S ∈ S is generally
characterized by an indicator function hS : [T ] × X → {0, 1}. For any round t ∈ [T ] with an
observed feature xt, the round is part of the subsequence S if and only if hS(t, xt) = 1. This
flexible definition allows subsequences to be based on the round index t, the feature xt, or both. We
could also generalize the definition of subsequence to let it depend arbitrarily on the history.

We now extend our benchmark definitions to the multi-subsequence setting. Fix a subsequence
S ∈ S, one benchmark class of interest is the set of actions that satisfy the realized constraints over
the entire subsequence, denoted as:

Ac
S = {a : cj(a, yt) ≤ 0 for every t ∈ S and j ∈ [J ]} .

Another benchmark class is the set of actions that satisfy the constraints in expectation over the
entire subsequence, denoted as:

AE[c]
S =

{
a : E

yt∼Yt
[cj(a, yt)] ≤ 0 for every t ∈ S and j ∈ [J ]

}
.

Previously, our notions of constrained external regret and constrained swap regret were defined
over the entire time horizon of T rounds. We now extend these definitions to handle arbitrary
subsequences. Note that the “best action in hindsight” can be different on each subsequence, so
regret bounds that hold simultaneously on many subsequences are comparing to a substantially
richer benchmark class than regret bounds that hold marginally over a single subsequence.

Definition 25 (B-Constrained External Regret over Subsequence S) Fix an agent with action space
A and utility function u. Let B be a benchmark class of actions. Fix a subsequence S ⊆ [T ]. For a
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sequence of actions a1, . . . , aT and outcomes y1, . . . , yT , the agent’s B-constrained external regret
against the benchmark class B over the subsequence S is:

Regext(u,B, S) = max
a∈B

∑
t∈S

(u(a, yt)− u(at, yt)) .

Definition 26 (B-Constrained Swap Regret over Subsequence S) Fix an agent with action space
A and utility function u. Let B be a benchmark class of actions. Fix a subsequence S ⊆ [T ]. For
a sequence of actions a1, . . . , aT and outcomes y1, . . . , yT , the agent’s B-constrained swap regret
against the benchmark class B over the subsequence S is:

Regswap(u,B, S) = max
ϕ:A→B

∑
t∈S

(u(ϕ(at), yt)− u(at, yt)) .

Similarly, we define the cumulative constraint violation over a subsequence:

CCV(S) := max
j∈[J ]

∑
t∈S

cj(at, yt).

Agents aim to achieve low regret and satisfy the long-term constraints simultaneously over every
subsequence in S. The latter requires that CCV(S) ≤ o(|S|) for any S ∈ S, where |S| is the length
of subsequence S.

To compete with the benchmark classes {Ac
S}S∈S , we use Algorithm 1 as the fundamental

building block for our multi-subsequence setting. We will let each agent instantiate a copy of
Algorithm 1 for every subsequence. In each round t ∈ [T ], these parallel instantiations provide
the agent with a candidate action set Âc

t,S for every active subsequence S ∈ St. The agent then
aggregates these candidate action sets by taking their union, Ut = ∪S∈StÂc

t,S , and Ut-constrained
best respond to our prediction pt. This procedure is formally stated in Algorithm 3.

Algorithm 3 Elimination-Based Algorithm for Benchmark Classes {Ac
S}S∈S

Initialize Âc
1,S = A for every subsequence S ∈ S

for t = 1 to T do
Receive the prediction pt
Aggregate candidate action sets from active subsequences, Ut = ∪S∈StÂc

t,S

Play the Ut-constrained best response to pt, at = CBRuUt
(pt)

Observe the outcome yt, obtain utility u(at, yt) and constraint increments cj(at, yt), j ∈ [J ]

Obtain Âc
t+1,S by executing one step of Algorithm 1 for every active subsequence S ∈ St

Let Âc
t+1,S = Âc

t,S for every non-active subsequence S ∈ S \ St
end

Since each instantiation of Algorithm 1 is guaranteed not to eliminate the benchmark actions
corresponding to its subsequence (Proposition 7), the union set Ut at each round t ∈ [T ] will
therefore contain the benchmark actions for every active subsequence S ∈ St.

Proposition 27 Let S be a collection of subsequences. Fix an agent in N with a utility function
u : A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. Suppose the agent
runs Algorithm 3 to compete with the benchmark class Ac

S over every subsequence S ∈ S, then
Ac
S ⊆ Âc

t,S ⊆ Ut for any t ∈ [T ] and S ∈ St.
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Fix any subsequence S ∈ S. Since the agent chooses actions from the union sets, an action’s
selection can be sourced from the candidate action set of any subsequence in S. As a result, each
action can contribute at most |S| times to the cumulative constraint violation over S before it is fully
eliminated. Consequently, the cumulative constraint violation of Algorithm 3 over any subsequence
can be upper bounded by |A||S|.

Theorem 28 Let S be a collection of subsequences. Fix an agent in N with a utility function
u : A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. Suppose the agent
runs Algorithm 3 to compete with the benchmark class Ac

S over every subsequence S ∈ S, then the
cumulative constraint violation of the agent over any subsequence S ∈ S is bounded by:

CCV(S) ≤ |A||S|.

Proof Fix any j ∈ [J ] and S ∈ S. We will bound the cumulative violation against the j-th
constraint over S, i.e.,

∑
t∈S cj(at, yt). The final result follows by taking the maximum over all

j ∈ [J ].
Similarly to the proof of Theorem 8, we first partition the sum based on the action played. For

each action a ∈ A, let RS,a = {t : t ∈ S, at = a}. This gives:∑
t∈S

cj(at, yt) =
∑

a∈A:RS,a ̸=∅

∑
t∈RS,a

cj(a, yt).

For an action a to be played in round t, it must be a candidate action for at least one active
subsequence S′. As a result, the above equation can be upper bounded by:∑
a∈A:RS,a ̸=∅

∑
t∈RS,a

∑
S′∈S

1[t ∈ S′, a ∈ Âc
t,S′ ]cj(a, yt) =

∑
a∈A:RS,a ̸=∅

∑
S′∈S

∑
t∈RS,a∩S′:a∈Âc

t,S′

cj(a, yt).

For notational convenience, we define RS,a,S′ = {t ∈ RS,a ∩ S′ : a ∈ Âc
t,S′}. For any

t ∈ RS,a,S′ \ {maxRS,a,S′}, action a is played and is not eliminated from the candidate action set
corresponding to S′, which implies that the constraint is satisfied, i.e., cj(a, yt) ≤ 0. Therefore,
only the final term, cj(a, ymaxRS,a,S′ ), can contribute positively to the sum for each action. The
sum is thus bounded by:

∑
a∈A:RS,a ̸=∅

∑
S′∈S

 ∑
t∈RS,a,S′\{maxRS,a,S′}

cj(a, yt) + cj(a, ymaxRS,a,S′ )


≤

∑
a∈A:RS,a ̸=∅

∑
S′∈S

cj(a, ymaxRS,a,S′ )

≤
∑

a∈A:RS,a ̸=∅

∑
S′∈S

1

≤ |A||S|.

Handling the expectation-based benchmarks {AE[c]
S }S∈S , in contrast, requires a more sophisti-

cated approach than simply running parallel copies of Algorithm 2. The challenge arises because
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each instantiation of the algorithm has only a local view of an action’s performance. An action
could appear feasible from the perspective of a subsequence S, but within a smaller, overlapping
portion of another subsequence S′, that same action could be highly problematic. Low (i.e. very
negative) constraint violation over the difference S \ S′ can mask the high constraint violation on
the intersection S ∩ S′, preventing S from eliminating the action. This action would then remain
in the union set Ut and continue to harm the performance of subsequence S′, even if S′ has already
eliminated it.

Our solution has the same high-level structure as Algorithm 3. We maintain a candidate action
set ÂE[c]

t,S for each subsequence and gradually eliminate actions from it; the agent selects an action

from the union set, Ut = ∪S∈StÂ
E[c]
t,S , in each round. The key difference lies in a more sophisticated

elimination rule.
We will monitor each action’s constraint violations more granularly by tracking their perfor-

mance over the intersections of pairs of subsequence. However, since these intersections overlap,
simply summing constraint violations across them would lead to double-counting. To resolve this,
we will attribute the action at played in each round t ∈ [T ] to a single, uniquely responsible subse-
quence. This responsible subsequence can be selected in any arbitrary way. To be concrete, we let
the collection of subsequences be indexed as S = {S1, S2, . . . , SI} where I = |S|. We credit the
subsequence Srt with the smallest index that is active and for which at is a candidate action:

rt = min
{
i ∈ [I] : t ∈ Si, at ∈ ÂE[c]

t,Si

}
.

For each action a ∈ A, constraint j ∈ [J ], and pair of subsequences (S, S′) ∈ S2, we define the
attributed constraint violation wa,j,S

′

[1,t]∩S that tracks the cumulative violation of action a against the
j-th constraint during the rounds of S up to round t for which subsequence S′ is responsible:

wa,j,S
′

[1,t]∩S :=

t∑
s=1

1[as = a, s ∈ S, Srs = S′]cj(a, ys).

Our new elimination rule is based on monitoring these terms against subsequence-specific
thresholds, {τS′}S′∈S . An action at is eliminated from the candidate action set of its responsi-
ble subsequence, Srt , if its attributed constraint violations exceed a subsequence-specific threshold
τSrt

. Specifically, we eliminate at from ÂE[c]
t,Srt

if for any constraint j ∈ [J ] and any subsequence

S ∈ S, the term w
a,j,Srt

[1,t]∩S surpasses τSrt
. This entire procedure is formally detailed in Algorithm 4.

Algorithm 4 never eliminates any benchmark action inAE[c]
S from the candidate action set ÂE[c]

t,S

across the T rounds for any subsequence S ∈ S with high probability over the randomness of the
outcomes y1, . . . , yT .

Proposition 29 Fix an agent in N with a utility function u : A × Y → [0, 1] and J constraint
functions {cj : A× Y → [−1, 1]}j∈[J ]. Suppose the agent runs Algorithm 4 with threshold param-

eters {τS}S∈S to compete with the benchmark classAE[c]
S over every subsequence S ∈ S, then with

probability at least 1− 2|A||S|J
∑

S∈S |S|e
− τ2S

8|S| :

AE[c]
S ⊆ ÂE[c]

t,S ⊆ Ut for every t ∈ [T ] and S ∈ St.
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Algorithm 4 Elimination-Based Algorithm for Benchmark Classes {AE[c]
S }S∈S

Input: Threshold parameters {τS}S∈S
Initialize ÂE[c]

1,S = A for each S ∈ S
For every a ∈ A, j ∈ [J ], and S ∈ S, set wa,j,S∅ = 0

for t = 1 to T do
Receive the prediction pt
Aggregate candidate action sets from active subsequences, Ut = ∪S∈StÂ

E[c]
t,S

Play the Ut-constrained best response to pt, at = CBRuUt
(pt)

Determine the responsible subsequence with index rt = min{i ∈ [I] : t ∈ Si, at ∈ ÂE[c]
t,Si
}

Observe the outcome yt, obtain utility u(at, yt) and constraint increments cj(at, yt), j ∈ [J ]

Update wa,j,S
′

[1,t]∩S = wa,j,S
′

[1,t−1]∩S + 1[at = a, t ∈ S, Srt = S′]cj(a, yt) for every a ∈ A, j ∈ [J ],
and S, S′ ∈ S

if ∃j ∈ [J ], S ∈ S, wat,j,Srt

[1,t]∩S > τS then
ÂE[c]
t+1,Srt

= ÂE[c]
t,Srt
\ {at}

end
else
ÂE[c]
t+1,Srt

= ÂE[c]
t,Srt

end
Let ÂE[c]

t+1,S = ÂE[c]
t,S for any non-responsible subsequence S ∈ S \ {Srt}

end

Proof Fix any j ∈ [J ], (S, S′) ∈ S2, and a ∈ AE[c]
S , we have that for every t ∈ [T ]:

Pr
[
wa,j,S

′

[1,t]∩S > τS

]
= Pr

[
t∑

s=1

1[as = a, s ∈ S, Srs = S′]cj(a, ys) > τS

]

≤ Pr

[
t∑

s=1

1[as = a, s ∈ S, Srs = S′](cj(a, ys)− E
ys∼Ys

[cj(a, ys)]) > τS

]
.

Similarly to the proof of Proposition 10, we define the filtrationFt = σ
(
{(xs, ps, ys)}ts=1, xt+1, pt+1

)
and first show that {1[as = a, s ∈ S, Srs = S′](cj(a, ys)−Eys∼Ys [cj(a, ys)])}Ts=1 is a sequence of
martingale differences.

We have that at = CBRuUt
(pt). Ut is the union of some candidate action set maintained by the

agent based on the record of the actions up to round t − 1, so Ut ∈ Ft−1. pt ∈ Ft−1 by definition
of the filtration. So at ∈ Ft−1 and hence 1[at = a] ∈ Ft−1.

We have that 1[t ∈ S] = 1[hSi(t, xt) = 1], where xt ∈ Ft−1. As a result, 1[t ∈ S] ∈ Ft−1.

The responsible subsequence at round t has index rt = min{i ∈ [I] : t ∈ Si, at ∈ ÂE[c]
t,Si
} =

min{i ∈ [I] : hSi(t, xt) = 1, at ∈ ÂE[c]
t,Si
} where xt ∈ Ft−1, at ∈ Ft−1, and ÂE[c]

t,Si
∈ Ft−1.

Therefore, 1[Srt = S′] ∈ Ft−1.
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Consequently, for any t ∈ [T ]:

E
[
1[at = a, t ∈ S, Srt = S′](cj(a, yt)− E

yt∼Yt
[cj(a, yt)]) | Ft−1

]
= 1[at = a, t ∈ S, Srt = S′]E

[
cj(a, yt)− E

yt∼Yt
[cj(a, yt)] | Ft−1

]
= 0.

This implies that {1[as = a, s ∈ S, Srs = S′](cj(a, ys) − Eys∼Ys [cj(a, ys)])}ts=1 is a sequence
of martingale differences. The subsequence of these terms corresponding to rounds s ∈ S, i.e.,
{1[as = a, s ∈ S, Srs = S′](cj(a, ys)− Eys∼Ys [cj(a, ys)])}s∈S:s≤t, is also a martingale difference
sequence, because the selection rule is predictable with respect to the filtration Fs−1. By Azuma-
Hoeffding inequality (Lemma 47), we derive that for any j ∈ [J ], (S, S′) ∈ S2, a ∈ AE[c]

S , and
t ∈ S:

Pr
[
wa,j,S

′

[1,t]∩S > τS

]
≤ Pr

[
t∑

s=1

1[as = a, s ∈ S, Srs = S′](cj(a, ys)− E
ys∼Ys

[cj(a, ys)]) > τS

]

= Pr

 ∑
s∈S:s≤t

1[as = a, s ∈ S, Srs = S′](cj(a, ys)− E
ys∼Ys

[cj(a, ys)]) > τS


≤ 2e

− τ2S
8|S| .

Using the union bound over every j ∈ [J ], (S, S′) ∈ S2, a ∈ AE[c]
1:T , and t ∈ S, we derive that:

Pr
[
∃j ∈ [J ], (S, S′) ∈ S2, a ∈ AE[c]

S , t ∈ S, such that wa,j,S
′

[1,t]∩S > τS

]
≤
∑
j∈[J ]

∑
(S,S′)∈S2

∑
a∈AE[c]

S

∑
t∈S

2e
− τ2S

8|S|

≤ 2|A||S|J
∑
S∈S
|S|e−

τ2S
8|S| .

By the elimination rule of Algorithm 4, this implies that the agent never eliminates any action in

AE[c]
S across the T rounds for any subsequence S ∈ S with probability at least 1−2|A||S|J

∑
S∈S |S|e

− τ2S
8|S| .

Proposition 29 provides a guarantee for a single agent. To extend this to all agents in N , we

apply a union bound. By setting the thresholds τS = 4

√
|S| ln |A||N ||S|2J |S|

δ for a desired failure
probability δ ∈ (0, 1), we arrive at the following corollary, which holds with probability at least
1− δ.

Corollary 30 Let S be a collection of subsequences. Let N be a set of agents, where each agent
is equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A ×
Y → [−1, 1]}j∈[J ]. Each agent runs Algorithm 4 to compete with the benchmark class AE[c]

S

over every subsequence S ∈ S, where the threshold parameter for each subsequence S is set to

4

√
|S| ln |A||N ||S|2J |S|

δ . Then with probability at least 1− δ, for every agent:

AE[c]
S ⊆ ÂE[c]

t,S ⊆ Ut for every t ∈ [T ] and S ∈ St.
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We now bound the cumulative constraint violation of Algorithm 4. The reasoning is a granular
extension of the argument for Theorem 12. In Algorithm 4, an action a is eliminated from the
candidate action set of the responsible subsequence S′ only when one of its attributed constraint
violations,wa,j,S

′

[1,t]∩S , surpasses the threshold τS′ . This implies that each attributed constraint violation

term, wa,j,S
′

[1,t]∩S , is bounded by at most τS′ + 1. Summing this bound over all possible responsible
subsequences S′ ∈ S and all actions a ∈ A gives the final bound on CCV(S).

Theorem 31 Let S be a collection of subsequences. Let N be a set of agents, where each agent
is equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A ×
Y → [−1, 1]}j∈[J ]. Each agent runs Algorithm 4 to compete with the benchmark class AE[c]

S

over every subsequence S ∈ S, where the threshold parameter for each subsequence S is set to

4

√
|S| ln |A||N ||S|2J |S|

δ . Then with probability at least 1− δ, the cumulative constraint violation of
any agent over any subsequence S ∈ S is bounded by:

CCV(S) ≤
∑
S′∈S

4|A|
√
|S′| ln |A||N ||S|

2J |S′|
δ

+ |A||S|.

Proof By Corollary 30, no agent in N eliminates any benchmark action in AE[c]
S across the T

rounds for any subsequence S ∈ S with probability at least 1− δ. We will condition on this event,
which ensures that the Algorithm 4 is well-behaved and avoids the risk of eliminating all actions in
A.

Fix any j ∈ [J ] and S ∈ S. We will bound the cumulative violation against the j-th constraint
over S, i.e.,

∑
t∈S cj(at, yt). The final result follows by taking the maximum over all j ∈ [J ].

We will partition the sum based on the action played and the responsible subsequence. For each
action a ∈ A and subsequence S′ ∈ S, we define RS,a,S′ = {t ∈ [T ] : at = a, t ∈ S, Srt = S′}.
Then we have that:∑
t∈S

cj(at, yt) =
T∑
t=1

1[t ∈ S]cj(at, yt)

=
∑
a∈A

∑
S′∈S

T∑
t=1

1[at = a, t ∈ S, Srt = S′]cj(a, yt)

=
∑
a∈A

∑
S′∈S

maxRS,a,S′∑
t=1

1[at = a, t ∈ S, Srt = S′]cj(a, yt)

=
∑
a∈A

∑
S′∈S

maxRS,a,S′−1∑
t=1

1[at = a, t ∈ S, Srt = S′]cj(a, yt) + cj(a, ymaxRS,a,S′ )


=
∑
a∈A

∑
S′∈S

(wa,j,S
′

[1,maxRS,a,S′−1]∩S + cj(a, ymaxRS,a,S′ ))

≤
∑
a∈A

∑
S′∈S

(τS′ + 1)

=
∑
S′∈S

4|A|
√
|S′| ln |A||N ||S|

2J |S′|
δ

+ |A||S|.
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Next, we focus on the regret against the benchmark class Ac
S over every subsequence S ∈ S.

Similarly to Section 4, we will obtain the same regret bounds for the benchmark class AE[c]
S and

relegate the results to Appendix F.
To obtain the regret bounds, we will need the predictions to be decision calibrated, conditional

on every subsequence in S.

Definition 32 ((N ,S, α2)-Decision Calibration) Let S be a collection of subsequences. Let N
be a set of agents, where each agent is equipped with a utility function u : A × Y → [0, 1] and
J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. Each agent will run Algorithm 3 to compete
with the benchmark class Ac

S over every subsequence S ∈ S. Each agent will maintain a can-
didate action set {Ut}t∈[T ]. Let α2 : R → R. We say that a sequence of predictions p1, . . . , pT
is (N ,S, α2)-decision calibrated with respect to a sequence of outcomes y1, . . . , yT if for every
S ∈ S, a ∈ A, and (u, c) ∈ N :∥∥∥∥∥

T∑
t=1

1[t ∈ S,CBRuUt
(pt) = a](pt − yt)

∥∥∥∥∥
∞

≤ α2(T
u,c,S(a)).

where T u,c,S(a) =
∑T

t=1 1[t ∈ S,CBR
u
Ut
(pt) = a].

Similarly to Theorem 14 in the single-sequence case, decision calibration leads to the con-
strained swap regret bound.

Theorem 33 Let S be a collection of subsequences. Let N be a set of agents, where each agent
is equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A × Y →
[−1, 1]}j∈[J ]. The utility functions are linear and L-Lipschitz in the second argument. Each agent
runs Algorithm 3 to compete with the benchmark class Ac

S over every subsequence S ∈ S. If
the sequence of predictions p1, . . . , pT is (N ,S, α2)-decision calibrated, then the Ac

S-constrained
swap regret of any agent over any subsequence S ∈ S is bounded by:

Regswap(u,Ac
S , S) ≤ 2L|A|α2(|S|/|A|).

We will again instantiate UNBIASED-PREDICTION to make decision calibrated predictions.

Theorem 34 Let S be a collection of subsequences. Let N be a set of agents, where each agent
is equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A × Y →
[−1, 1]}j∈[J ]. Each agent will run Algorithm 3 to compete with the benchmark class Ac

S over ev-
ery subsequence S ∈ S. Each agent will maintain a candidate action set {Ut}t∈[T ]. There is
an instantiation of UNBIASED-PREDICTION (Noarov et al., 2023) —which we call DECISION-
CALIBRATION-SUBSEQUENCE— producing predictions p1, ..., pT ∈ Y satisfying, for any se-
quence of outcomes y1, ..., yT ∈ Y , the following holds with probability at least 1 − δ for any
(u, c) ∈ N , a ∈ A, and S ∈ S:∥∥∥∥∥

T∑
t=1

1[t ∈ S,CBRuUt
(pt) = a](pt − yt)

∥∥∥∥∥
∞

≤ O

(
ln(d|A||N ||S|T ) +

√
ln(d|A||N ||S|T ) · T u,c,S(a) +

√
ln
d|A||N ||S|

δ
· |S|

)
.
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Substituting the above bounds into Theorem 33 and combining with Theorem 28, we arrive at
the following corollary bounding the cumulative constraint violation and the Ac

S-constrained swap
regret over every subsequence S ∈ S.

Corollary 35 Let N be a set of agents, where each agent is equipped with a utility function u :
A× Y → [0, 1] and J constraint functions {cj : A× Y → [−1, 1]}j∈[J ]. The utility functions are
linear and L-Lipschitz in the second argument. Each agent will run Algorithm 3 to compete with
the benchmark class Ac

S over every subsequence S ∈ S. The sequence of predictions p1, . . . , pT
outputted by DECISION-CALIBRATION-SUBSEQUENCE ensures that with probability at least 1 −
δ, the cumulative constraint violation and the Ac

S-constrained swap regret of any agent over any
subsequence S ∈ S are bounded by:

CCV(S) ≤ |A||S|,

Regswap(u,Ac
S , S) ≤ O

(
L|A|

√
|S| ln d|A||N ||S|T

δ

)
.

Since constrained swap regret is stronger than constrained external regret, the same regret bound
also holds for Regext(u,Ac

S , S).

Appendix E. Proof of Theorem 33

Similarly to the proof of Theorem 14, for any subsequence S ∈ S and action modification rule
ϕ : A → Ac

S , we can decompose the regret against ϕ into three parts as:∑
t∈S

(u(ϕ(at), yt)− u(at, yt))

=
∑
t∈S

(u(ϕ(at), yt)− u(ϕ(at), pt)) +
∑
t∈S

(u(ϕ(at), pt)− u(at, pt)) +
∑
t∈S

(u(at, pt)− u(at, yt))

By Proposition 27 and the fact that ϕ(at) ∈ Ac
S , ϕ(at) ∈ Ut for every t ∈ S. Since agents Ut-

constrained best response to the prediction pt in round t, at = argmaxb∈Ut
u(b, pt). This implies

that:

u(ϕ(at), pt) ≤ u(at, pt).

So, the second part in the decomposition is upper bounded by 0.
Thus, it suffices to bound the other two parts using decision calibration.

Lemma 36 If the sequence of predictions p1, . . . , pT is (N ,S, α2)-decision calibrated, then for
any (u, c) ∈ N and S ∈ S:∣∣∣∣∣∑

t∈S
(u(at, pt)− u(at, yt))

∣∣∣∣∣ ≤ L|A|α2(|S|/|A|).
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Proof Using the linearity of u, we can write:∣∣∣∣∣∑
t∈S

(u(at, pt)− u(at, yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[t ∈ S, at = a](u(a, pt)− u(a, yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
a,

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
a,

T∑
t=1

1[t ∈ S, at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
a,

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
a,

T∑
t=1

1[t ∈ S, at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[t ∈ S, at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

α2(T
u,c,S(a)).

where the first inequality follows from the triangle inequality, the second inequality follows from
L-Lipschitzness of u, and the third inequality follows from (N ,S, α2)-decision calibration. By
concavity of α2 and the fact that

∑
a∈A T

u,c,S(a) =
∑

a∈A
∑T

t=1 1[t ∈ S, at = a] = |S|, this
expression is at most:

L|A|α2(|S|/|A|).

Lemma 37 If the sequence of predictions p1, . . . , pT is (N ,S, α2)-decision calibrated, then for
any (u, c) ∈ N and S ∈ S:∣∣∣∣∣∑

t∈S
(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ ≤ L|A|α2(|S|/|A|).

Proof Using the linearity of u, we can write:∣∣∣∣∣∑
t∈S

(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[t ∈ S, at = a](u(ϕ(a), pt)− u(ϕ(a), yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[t ∈ S, at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

α2(T
u,c,S(a))

≤ L|A|α2(|S|/|A|)
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where the first inequality follows from the triangle inequality, the second inequality follows from L-
Lipschitzness of u, the third inequality follows from (N ,S, α2)-decision calibration, and the fourth
inequality follows from concavity of α2.

We can now complete the proof of Theorem 33.
Proof Fix any (u, c) ∈ N , S ∈ S, and ϕ : A → Ac

S . Applying Lemmas 36 and 37 to the
decomposition of the regret against ϕ, we have that:∑
t∈S

(u(a, yt)− u(at, yt)) =
∑
t∈S

(u(a, yt)− u(a, pt)) +
∑
t∈S

(u(a, pt)− u(at, pt)) +
∑
t∈S

(u(at, pt)− u(at, yt))

≤ 2L|A|α2(|S|/|A|).

Appendix F. Omitted Results from Appendix D

In this section, we derive regret bounds for the benchmark classes {AE[c]
S }S∈S . By Corollary 30,

with probability at least 1− δ over the randomness of the outcomes y1, . . . , yT ,AE[c]
S ⊆ ÂE[c]

t,S ⊆ Ut
for every agent, every t ∈ [T ], and every S ∈ St. We will condition on this event throughout this
section. Therefore, all the guarantees we give in this section hold with probability at least 1− δ.

Similarly to Definition 32, we will need the following notion of conditional unbiasedness.

Definition 38 ((N ,S, β2)-Decision Calibration) Let S be a collection of subsequences. Let N
be a set of agents, where each agent is equipped with a utility function u : A × Y → [0, 1] and
J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. Each agent will run Algorithm 4 to compete

with the benchmark class AE[c]
S over every subsequence S ∈ S, where the threshold parameter for

each subsequence S is set to 4

√
|S| ln |A||N ||S|2J |S|

δ . Each agent will maintain a candidate action
set {Ut}t∈[T ]. Let β2 : R → R. We say that a sequence of predictions p1, . . . , pT is (N ,S, β2)-
decision calibrated with respect to a sequence of outcomes y1, . . . , yT if for every S ∈ S, a ∈ A,
and (u, c) ∈ N : ∥∥∥∥∥

T∑
t=1

1[t ∈ S,CBRuUt
(pt) = a](pt − yt)

∥∥∥∥∥
∞

≤ β2(T u,E[c],S(a)),

where T u,E[c],S(a) =
∑T

t=1 1[t ∈ S,CBR
u
Ut
(pt) = a].

Similarly to Theorem 20 in the single-sequence case, decision calibration leads to the con-
strained swap regret bound.

Theorem 39 Let S be a collection of subsequences. Let N be a set of agents, where each agent
is equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A × Y →
[−1, 1]}j∈[J ]. The utility functions are linear and L-Lipschitz in the second argument. Each agent

runs Algorithm 4 to compete with the benchmark class AE[c]
S over every subsequence S ∈ S, where

the threshold parameter for each subsequence S is set to 4

√
|S| ln |A||N ||S|2J |S|

δ . If the sequence of
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predictions p1, . . . , pT is (N ,S, β2)-decision calibrated, then the AE[c]
S -constrained swap regret of

any agent over any subsequence S ∈ S is bounded by:

Regswap(u,A
E[c]
S , S) ≤ 2L|A|β2(|S|/|A|).

Similarly to the proof of Theorem 20, for any subsequence S ∈ S and action modification rule
ϕ : A → AE[c]

S , we can decompose the regret against ϕ into three parts as:∑
t∈S

(u(ϕ(at), yt)− u(at, yt))

=
∑
t∈S

(u(ϕ(at), yt)− u(ϕ(at), pt)) +
∑
t∈S

(u(ϕ(at), pt)− u(at, pt)) +
∑
t∈S

(u(at, pt)− u(at, yt)) .

Conditioning on the event in Corollary 30 and the fact that ϕ(at) ∈ AE[c]
S , ϕ(at) ∈ Ut for

every t ∈ S. Since agents Ut-constrained best response to the prediction pt in round t, at =
argmaxb∈Ut

u(b, pt). This implies that:

u(ϕ(at), pt) ≤ u(at, pt).

So, the second part in the decomposition is upper bounded by 0.
Thus, it suffices to bound the other two parts using decision calibration.

Lemma 40 If the sequence of predictions p1, . . . , pT is (N ,S, β2)-decision calibrated, then for
any (u, c) ∈ N and S ∈ S:∣∣∣∣∣∑

t∈S
(u(at, pt)− u(at, yt))

∣∣∣∣∣ ≤ L|A|β2(|S|/|A|).
Proof Using the linearity of u, we can write:∣∣∣∣∣∑
t∈S

(u(at, pt)− u(at, yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[t ∈ S, at = a](u(a, pt)− u(a, yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
a,

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
a,

T∑
t=1

1[t ∈ S, at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
a,

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
a,

T∑
t=1

1[t ∈ S, at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[t ∈ S, at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

β2(T
u,E[c],S(a))

≤ L|A|β2(|S|/|A|).

where the first inequality follows from the triangle inequality, the second inequality follows from L-
Lipschitzness of u, the third inequality follows from (N ,S, β2)-decision calibration, and the fourth
inequality follows from concavity of β2.
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Lemma 41 If the sequence of predictions p1, . . . , pT is (N ,S, β2)-decision calibrated, then for
any (u, c) ∈ N and S ∈ S:∣∣∣∣∣∑

t∈S
(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ ≤ L|A|β2(|S|/|A|).
Proof Using the linearity of u, we can write:∣∣∣∣∣∑
t∈S

(u(ϕ(at), pt)− u(ϕ(at), yt))

∣∣∣∣∣ =
∣∣∣∣∣∑
a∈A

T∑
t=1

1[t ∈ S, at = a](u(ϕ(a), pt)− u(ϕ(a), yt))

∣∣∣∣∣
=

∣∣∣∣∣∑
a∈A

(
u

(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]yt

))∣∣∣∣∣
≤
∑
a∈A

∣∣∣∣∣u
(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]pt

)
− u

(
ϕ(a),

T∑
t=1

1[t ∈ S, at = a]yt

)∣∣∣∣∣
≤
∑
a∈A

L

∥∥∥∥∥
T∑
t=1

1[t ∈ S, at = a](pt − yt)

∥∥∥∥∥
∞

≤ L
∑
a∈A

β2(T
u,E[c],S(a))

≤ L|A|β2(|S|/|A|).

where the first inequality follows from the triangle inequality, the second inequality follows from L-
Lipschitzness of u, the third inequality follows from (N ,S, β2)-decision calibration, and the fourth
inequality follows from concavity of β2.

We can now complete the proof of Theorem 39.
Proof Fix any (u, c) ∈ N , S ∈ S, and ϕ : A → AE[c]

S . Applying Lemmas 40 and 41 to the
decomposition of the regret against ϕ, we have that:∑
t∈S

(u(a, yt)− u(at, yt)) =
∑
t∈S

(u(a, yt)− u(a, pt)) +
∑
t∈S

(u(a, pt)− u(at, pt)) +
∑
t∈S

(u(at, pt)− u(at, yt))

≤ 2L|A|β2(|S|/|A|).

We will again instantiate UNBIASED-PREDICTION to make decision calibrated predictions.

Theorem 42 Let S be a collection of subsequences. Let N be a set of agents, where each agent
is equipped with a utility function u : A × Y → [0, 1] and J constraint functions {cj : A ×
Y → [−1, 1]}j∈[J ]. Each agent will run Algorithm 4 to compete with the benchmark class AE[c]

S

over every subsequence S ∈ S, where the threshold parameter for each subsequence S is set

to 4

√
|S| ln |A||N ||S|2J |S|

δ . Each agent will maintain a candidate action set {Ut}t∈[T ]. There is
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an instantiation of UNBIASED-PREDICTION (Noarov et al., 2023) —which we call DECISION-
CALIBRATION-SUBSEQUENCE— producing predictions p1, ..., pT ∈ Y satisfying, with probability
at least 1− δ, for any (u, c) ∈ N , a ∈ A, and S ∈ S:∥∥∥∥∥

T∑
t=1

1[t ∈ S,CBRuUt
(pt) = a](pt − yt)

∥∥∥∥∥
∞

≤ O

(
ln(d|A||N ||S|T ) +

√
ln(d|A||N ||S|T ) · T u,E[c],S(a) +

√
ln
d|A||N ||S|

δ
· |S|

)
.

Substituting the above bounds into Theorem 39 and combining with Theorem 31, we arrive
at the following corollary bounding the cumulative constraint violation and the AE[c]

S -constrained
swap regret over every subsequence S ∈ S. To obtain an overall failure probability of at most δ, we
instantiate the regret guarantee and the cumulative-constraint-violation guarantee each with failure
probability δ/2, and then apply a union bound.

Corollary 43 Let N be a set of agents, where each agent is equipped with a utility function u :
A × Y → [0, 1] and J constraint functions {cj : A × Y → [−1, 1]}j∈[J ]. The utility functions
are linear and L-Lipschitz in the second argument. Each agent will run Algorithm 4 to compete
with the benchmark class AE[c]

S over every subsequence S ∈ S, where the threshold parameter

for each subsequence S is set to 4

√
|S| ln 2|A||N ||S|2J |S|

δ . The sequence of predictions p1, . . . , pT
outputted by DECISION-CALIBRATION-SUBSEQUENCE ensures that with probability at least 1−δ,
the cumulative constraint violation and the AE[c]

S -constrained swap regret of any agent over any
subsequence S ∈ S are bounded by:

CCV(S) ≤
∑
S′∈S

4|A|
√
|S′| ln 2|A||N ||S|2J |S′|

δ
+ |A||S|,

Regswap(u,A
E[c]
S , S) ≤ O

(
L|A|

√
|S| ln d|A||N ||S|T

δ

)
.

Since constrained swap regret is stronger than constrained external regret, the same regret bound
also holds for Regext(u,A

E[c]
S , S).

Appendix G. Unbiased Prediction Algorithm

In this section we present the UNBIASED-PREDICTION algorithm of Noarov et al. (2023), from
which our guarantees in Theorems 17, 34, 23, and 42 follow.

We first introduce several notations and concepts from Noarov et al. (2023). Let Π = {(x, p, y) ∈
X ×Y ×Y} denote the set of possible realized triples at each round. An interaction over T rounds
produces a transcript πT ∈ ΠT . We write π<tT as the prefix of the first t − 1 triples in πT , for any
t ≤ T . We write Π∗ = ∪∞T=1Π

T for the space of all transcripts. An event E ∈ E is a mapping from
transcripts, contexts and predictions to [0, 1] , i.e. E : Π∗ ×X × Y → [0, 1].

The UNBIASED-PREDICTION algorithm makes predictions that are unbiased conditional on a
collection of events E . The algorithm’s conditional bias guarantee depends logarithmically on the
number of events:
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Theorem 44 (Noarov et al., 2023) For a collection of events E and convex prediction/outcome
space Y ⊆ [0, 1]d, Algorithm 5 produces predictions ψ1, ..., ψT ∈ ∆Y such that for any sequence
of outcomes y1, ..., yT ∈ Y chosen by the adversary:∥∥∥∥∥

T∑
t=1

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

≤ O
(
ln(d|E|T ) +

√
ln(d|E|T ) · nT (E)

)
.

where nT (E) =
∑T

t=1E(π<tT , xt, pt). The algorithm can be implemented with per-round running
time scaling polynomially in d and |E|.

Algorithm 5 UNBIASED-PREDICTION

for t = 1 to T do
Observe xt
Define the distribution qt ∈ ∆[2d|E|] such that for E ∈ E , i ∈ [d], σ ∈ {±1},

qE,i,σt ∝ exp

(
η

2

t−1∑
s=1

σ · E
ps∼ψs

[E(π<sT , xs, ps)(p
i
s − yis)]

)
;

Output the solution to the minmax problem:

ψt ← argmin
ψ′
t∈∆Y

max
y∈Y

E
pt∼ψ′

t

∑
E,i,σ

qt(E, i, σ) · σ · E(π<sT , xs, ps) · (pis − yis)

 ;

end

Theorem 44 is stated as expected error bounds over randomized predictions ψt ∈ ∆Y . In the
following Corollary 45, we state the guarantees based on realized predictions pt that are sampled
from ψt. Our guarantees in Theorems 17 and 34 directly follow from Corollary 45.

Corollary 45 For a collection of events E and convex prediction/outcome space Y ⊆ [0, 1]d, Algo-
rithm 5 produces predictions p1, ..., pT ∈ Y such that for any sequence of outcomes y1, ..., yT ∈ Y
chosen by the adversary, with probability at least 1− δ:∥∥∥∥∥

T∑
t=1

E(π<tT , xt, pt)(pt − yt)

∥∥∥∥∥
∞

≤ O
(
ln(d|E|T ) +

√
ln(d|E|T ) · nT (E) +

√
ln(d|E|/δ) · T

)
.

where nT (E) =
∑T

t=1E(π<tT , xt, pt). The algorithm can be implemented with per-round running
time scaling polynomially in d and |E|.

Proof Fix any m ∈ [d] and E ∈ E . Consider the sequence {E(π<tT , xt, pt)(pt,m − yt,m) −
Ept∼ψt [E(π<tT , xt, pt)(pt,m− yt,m)]}Tt=1, where pt,m and yt,m are the m-th coordinate of pt and yt,
respectively. It is a sequence of martingale differences, since for any t ∈ [T ]:

E
[
E(π<tT , xt, pt)(pt,m − yt,m)− E

pt∼ψt

[E(π<tT , xt, pt)(pt,m − yt,m)] | σ(π<tT )

]
= 0.
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By Azuma-Hoeffding inequality (Lemma 47), we have that with probability at least 1− δ
d|E| :∣∣∣∣∣

T∑
t=1

E(π<tT , xt, pt)(pt,m − yt,m)−
T∑
t=1

E
pt∼ψt

[E(π<tT , xt, pt)(pt,m − yt,m)]

∣∣∣∣∣ ≤ 2
√

2 ln(2d|E|/δ) · T .

Using the union bound over all m ∈ [d] and E ∈ E , we have that with probability at least 1− δ,
for any m ∈ [d] and any E ∈ E :∥∥∥∥∥

T∑
t=1

E(π<tT , xt, pt)(pt − yt)−
T∑
t=1

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

≤ 2
√
2 ln(2d|E|/δ) · T .

As a result,∥∥∥∥∥
T∑
t=1

E(π<tT , xt, pt)(pt − yt)

∥∥∥∥∥
∞

≤

∥∥∥∥∥
T∑
t=1

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

+

∥∥∥∥∥
T∑
t=1

E(π<tT , xt, pt)(pt − yt)−
T∑
t=1

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

≤ O
(
ln(d|E|T ) +

√
ln(d|E|T ) · nT (E)

)
+ 2
√
2 ln(2d|E|/δ) · T

= O
(
ln(d|E|T ) +

√
ln(d|E|T ) · nT (E) +

√
ln(d|E|/δ) · T

)
.

We further extend the guarantee to the multi-subsequence setting in Corollary 46. Our guaran-
tees in Theorems 23 and 42 directly follow from Corollary 46.

Corollary 46 Let S be a collection of subsequences. For a collection of events E and con-
vex prediction/outcome space Y ⊆ [0, 1]d, Algorithm 5 instantiated with the collection of events
{1[t ∈ S] ·E}S∈S,E∈E produces predictions p1, ..., pT ∈ Y such that for any sequence of outcomes
y1, ..., yT ∈ Y chosen by the adversary, with probability at least 1− δ, for any S ∈ S:∥∥∥∥∥∑
t∈S

E(π<tT , xt, pt)(pt − yt)

∥∥∥∥∥
∞

≤ O
(
ln(d|E||S|T ) +

√
ln(d|E||S|T ) · nS(E) +

√
ln(d|E||S|/δ) · |S|

)
.

where nS(E) =
∑

t∈S E(π<tT , xt, pt). The algorithm can be implemented with per-round running
time scaling polynomially in d, |E|, and |S|.

Proof Fix any m ∈ [d], E ∈ E , and S ∈ S. Consider the sequence {E(π<tT , xt, pt)(pt,m − yt,m)−
Ept∼ψt [E(π<tT , xt, pt)(pt,m− yt,m)]}Tt=1, where pt,m and yt,m are the m-th coordinate of pt and yt,
respectively. It is a sequence of martingale differences, since for any t ∈ [T ]:

E
[
E(π<tT , xt, pt)(pt,m − yt,m)− E

pt∼ψt

[E(π<tT , xt, pt)(pt,m − yt,m)] | σ(π<tT , xt)

]
= 0.
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The subsequence of these terms corresponding to rounds s ∈ S, i.e., {E(π<sT , xs, ps)(ps,m −
ys,m) − Eps∼ψs [E(π<sT , xs, ps)(ps,m − ys,m)]}s∈S:s≤t, is also a martingale difference sequence,
because the selection rule is predictable with respect to the filtration σ(π<sT , xs).

By Azuma-Hoeffding inequality (Lemma 47), we have that with probability at least 1− δ
d|E||S| :∣∣∣∣∣∑

t∈S
E(π<tT , xt, pt)(pt,m − yt,m)−

∑
t∈S

E
pt∼ψt

[E(π<tT , xt, pt)(pt,m − yt,m)]

∣∣∣∣∣ ≤ 2
√

2 ln(2d|E||S|/δ) · |S|.

Using the union bound over all m ∈ [d], E ∈ E , and S ∈ S, we have that with probability at
least 1− δ, for any m ∈ [d], any E ∈ E , and any S ∈ S:∥∥∥∥∥∑
t∈S

E(π<tT , xt, pt)(pt − yt)−
∑
t∈S

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

≤ 2
√
2 ln(2d|E||S|/δ) · |S|.

By Theorem 44, for any E ∈ E and any S ∈ S:∥∥∥∥∥∑
t∈S

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

=

∥∥∥∥∥
T∑
t=1

E
pt∼ψt

[1[t ∈ S]E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

≤ O
(
ln(d|E||S|T ) +

√
ln(d|E||S|T ) · nS(E)

)
.

Therefore,∥∥∥∥∥∑
t∈S

E(π<tT , xt, pt)(pt − yt)

∥∥∥∥∥
∞

≤

∥∥∥∥∥∑
t∈S

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

+

∥∥∥∥∥∑
t∈S

E(π<tT , xt, pt)(pt − yt)−
∑
t∈S

E
pt∼ψt

[E(π<tT , xt, pt)(pt − yt)]

∥∥∥∥∥
∞

≤ O
(
ln(d|E||S|T ) +

√
ln(d|E||S|T ) · nS(E)

)
+ 2
√
2 ln(2d|E||S|/δ) · |S|

= O
(
ln(d|E||S|T ) +

√
ln(d|E||S|T ) · nS(E) +

√
ln(d|E||S|/δ) · |S|

)
.

Theorem 17 instantiates Algorithm 5 with the collection of events E = {1[CBRuÂc
t

(pt) =

a]}(u,c)∈N ,a∈A. Thus, |E| = |A||N |, from which our guarantees follow.
Similarly, Theorem 23 instantiates Algorithm 5 with the collection of events E = {1[CBRu

ÂE[c]
t

(pt) =

a]}(u,c)∈N ,a∈A. Thus, |E| = |A||N | as well.
In the multi-subsequence setting, Theorems 34 and 42 instantiate Algorithm 5 with the collec-

tion of events E = {1[CBRuUt
(pt) = a]}(u,c)∈N ,a∈A. Thus, |E| = |A||N |.

We note that Âc
t , ÂE[c]

t , and Ut are constructed based on the actions’ performances in the first
t − 1 rounds. Therefore, 1[CBRuÂc

t

(pt) = a], 1[CBRu
ÂE[c]

t

(pt) = a], and 1[CBRuUt
(pt) = a] are

indeed functions of π<tT and pt, hence they qualify for the events in Theorem 44.

43



BECHAVOD LU ROTH

Appendix H. Azuma-Hoeffding’s Inequality

Lemma 47 If X1, . . . , XT is a martingale difference sequence, and for every t, with probability

1, |Xt| ≤Mt. Then with probability at least 1− 2e
− ϵ2

2
∑T

t=1 M2
t :∣∣∣∣∣

T∑
t=1

Xt

∣∣∣∣∣ ≤ ϵ.

44


	Introduction
	Our Results in More Detail

	Model and Preliminaries
	Elimination-Based Algorithms and Cumulative Constraint Violation Bounds
	Conditionally Unbiased Predictions and Regret Bounds
	Algorithm for Calibration and Decision Calibration

	Simultaneous Guarantees for Multiple Subsequences
	Related Work
	Omitted Results from Section 3
	Omitted Results from Section 4
	Simultaneous Guarantees for Multiple Subsequences: Details
	Proof of Theorem 33
	Omitted Results from Appendix D
	Unbiased Prediction Algorithm
	Azuma-Hoeffding's Inequality

