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Multi-armed Bandits with Adversarial Corruptions

For t = 1, · · · , T do

Environment generates an i.i.d. random reward vector {rt,k}k∈[K]

with means {µk}k∈[K]

Adversary attacks the reward vector to produce the corrupted reward
vector {r̃t,k}k∈[K]

Agent selects an arm It and only observe the corrupted reward r̃t,It

Goal: Minimize the (pseudo-)regret

R(T ) =

T∑

t=1

µk∗ −
T∑

t=1

µIt =

T∑

t=1

∆It

where k∗ ∈ maxk µk is one of the optimal arms and ∆k = µk∗ − µk is the
suboptimality gap

2 / 8



Extended settings

Batched bandits: The time horizon T is divided into L batches,
agent can only observe the corrupted rewards from a batch after it
has conclude

d-set semi bandits: Each round, the agent selects a combinatorial
action of d distinct arms and receives component-wise feedback for
the chosen arms

Cooperative multi-agent bandits: V agents collaboratively play a
bandit game, and share messages to accelerate learning

Strongly observable graph bandits: Pulling an arm may observe
rewards of other arms, where the reward-feedback structure is
represented by a directed graph.

3 / 8



Motivation
The FTRL framework can obtain optimal regret, but faces the following
limitations:

Hard to parallelize: the FTRL framework is unsuitable for batched
bandits and cooperative multi-agent bandits

Computationally costly: FTRL requires to solve an optimization
problem in each round which usually does not have closed-form
solutions

Unique assumption: FTRL typically assumes a unique optimal
action, except for the MAB setting

We propose a near-optimal, efficient, parallelizable framework
which do not require the assumption of unique optimal action

4 / 8



Our Techniques

Our framework proceeds in epochs, for each epoch m, we chooses a
data-independent epoch length Nm = Kλm22(m−1), which cannot be
affected by the adversary

In each epoch, we denote km as the arm with the maximum empirical
reward in the previous epoch. Then the number of pulls for each arm
is set to

ñm
k =

{
λm(∆m−1

k )−2, k ̸= km,

Nm −
∑

k ̸=km
λm(∆m−1

k )−2, k = km.

We also adapts confidence levels across epochs to lower regret and
avoid requiring the time horizon T in advance
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Theoretical Results

Our regret bounds are tight up to a logarithmic factor log(T ) for all
settings we study except batched bandits:

Setting Algorithm Regret Prop. 1 Prop. 2

Standard multi-arm bandits

[31] C +
∑

∆x>0
log(T )
∆x

[14] C +
∑

∆x>0
log(T )
∆x

✓

[19] C + K log2(T )
∆ ✓ ✓

[8] C
V + K log2(T )

V∆ ✓ ✓

Theorem 2 C
V +

∑
∆x>0

log2(T )
V∆x

✓ ✓

Strongly observable
graph bandits

[12] C + α log3(T )
∆

[5] C + min{α̃,α log(K)} log(T )
∆

Theorem 3 C
V +

∑
x∈I∗

log2(T )
V∆x

✓ ✓

semi-bandits
[30, 10, 27] γC + γK log(T )

∆k

Theorem 4 γC
V +

∑
x∈T ∗

γ2 log2(T )
V∆x

✓ ✓

Table 1: “Prop. 1” indicates that the algorithm can compute sampling probabilities for the arms effi-
ciently. “Prop. 2” indicates that the algorithm does not require the unique-optimal-action assumption.
Throughout, ∆x denotes the sub-optimality gap of action x, and ∆ is the smallest positive gap. For
graph bandits, α is the independence number of the feedback graph G, α̃ is the independence number
of the graph obtained by removing all one-sided edges from G, and the action set I∗ contains at most
the O

(
α ln(K/α+ 1)

)
smallest gaps. For semi-bandits, γ is maxx ||x||1, and T ∗ denotes the action

set of at most the K smallest gaps.

Setting Our regrets Lower bound

MAB O
(
C +

∑
∆k>0

log2(T )
∆k

)
O
(
C +

∑
∆k>0

log(T )
∆k

)

Batched bandits O
(
CT

1
L+3 + T

4
L+3 (

∑
∆k>0

L log(T )
∆k

+ K log(T )
L∆ )

)
O
(
T

1
L (K + C1− 1

L )
)

d-set semi bandits O
(
dC +

∑
∆k>0

log2(T )
∆k

)
O
(
dC +

∑
∆k>0

log(T )
∆k

)

Cooperative multi-agent bandits O
(
C
V +

∑
∆k>0

log2(T )
V∆k

)
O
(
C
V +

∑
∆k>0

log(T )
V∆k

)

Strongly observable graph bandits O
(
C +

∑
k∈I∗

log2(T )
∆k

)
O
(
C +

∑
k∈I∗

log(T )
∆k

)

of our knowledge, no work has studied multi-agent corrupted settings for these bandit problems. In90

addition, for semi-bandits, no practical sampling rule exists for FTRL-based methods [27], resulting91

in the absence of practical robust algorithms for this setting.92

2 Preliminaries93

We consider a sequential game between V ≥ 1 agents and an environment with K fixed arms. At94

each time step t = 1, 2, . . .,95

• The environment generates a random reward vector rv,t ∈ [0, 1]K independently for each agent v,96

according to an unknown distribution with mean µ ∈ [0, 1]K .97

• An adversary, having access to these reward vectors, can then adversarially attack them to produce98

corrupted rewards r̃v,t ∈ [0, 1]K . Next, each agent v chooses an action xv,t (i.e., a K-dimensional99

vector). from a fixed set of actions X ⊆ {0, 1}K , according to its strategy.100
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Experiments
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(a) K = 12, C = 2000 (b) K = 12, C = 5000 (c) K = 16, C = 2000 (d) K = 16, C = 5000

Figure 1: Comparison between MA-BARBAT, DRAA, IND-BARBAR and IND-FTRL in cooperative
multi-agent multi-armed bandits.
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Figure 2: Comparison between SOG-BARBAT, Shannon-FTRL, and Tsallis-FTRL in strongly
observable graph bandits.

5 Experiments

In this section, we present numerical results to demonstrate the robustness and effectiveness of our
framework. All experiments are implemented in Python 3.11 and conducted on a Windows laptop
equipped with 16 GB of memory and an Intel i7-13700H processor. For all experiments, we run
50 independent trials, report the average results, and use fine fills to represent standard errors. The
detailed experimental settings and time comparisons are deferred to Appendix C.

5.1 Cooperative Multi-agent Multi-Armed Bandits

We compare our framework with DRAA [12], IND-BARBAR [1], and IND-FTRL [4] in multi-agent
setting with V = 10. Here, IND-BARBAR and IND-FTRL serve as non-cooperative baselines,
wherein each agent runs the respective algorithm locally without inter-agent communication. We
do not compare with [33] since the baseline DRAA is an improved version of their method. We
present the experimental results in Figure 1, which shows that our BARBAT framework outperforms
all baseline methods, reflecting the advantage of collaboration and verifying our theoretical analysis.
In addition, when C is increased, the increase in individual regret of our framework is the smallest,
which shows that the robustness of our framework is stronger than that of all baseline methods.

5.2 Strongly Observable Graph Bandits

We compare our SOG-BARBAT algorithm with Shannon-FTRL [13] and Tsallis-FTRL [14] on two
directed graphs presented in Figure 4 in Appendix C.2. We do not include the Elise [10] algorithm in
the experiment since it only works for undirected graphs. The experimental results are presented in
Figure 2, showing that our SOG-BARBAT algorithm significantly outperforms all baseline methods
and verifying the robustness of our method.

5.3 d-Set Semi-bandits

In d-set semi-bandits, we set d = 3 for K = 12, and d = 4 for K = 16. We compare our framework
with HYBRID [15], LBINF [16], LBINF_LS [17] and LBINF_GD [17]. As shown in Figure 3, our
DS-BARBAT algorithm significantly outperforms all baseline methods.
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Comparison between MA-BARBAT, DRAA, IND-BARBAR and IND-FTRL in
cooperative multi-agent bandits
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Thank you for listening!
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