
Online Experimental Design With Estimation-Regret
Trade-off Under Network Interference

Zhiheng Zhang, Zichen Wang

treatment affects others → SUTVA 
violated.

• Offline randomized designs 
ensure statistical power but can 
induce large regret in sequential 
settings.

• Bandit literature prioritizes regret; 
causal inference prioritizes 
estimation accuracy.

• Goal: unify both—design policies 
with a provable estimation–regret 
Pareto frontier.

MAB With Interference Learning Goals

Iteration processes of MAB with interference:
for  t = 1:T
        Select a exposure super arm �� ∈ �ℇ

         Sample ��∈ �� based on �� (see Algorithm 2)
        for node i∈[N]
               Pull arm ��,� ∈ �               
         end
         Receive reward feedback {��,�(��)}�=1

�

end

Exposure Mapping:

� = �(i, �, H), 
where �: � × �� × {0,1}�×� → ��, � = (�1, ⋯, ��) ∈
��, H denotes the adjacency matrix, and |��| = ��. � 
denotes the exposure arm.

Basic Setting:

There exists a node set � with � nodes and each node 
has a �-armed set �.
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Pareto frontier

Network Interference: Treatment of one unit affects 
others → SUTVA violated.

Bandit vs Causal Inference: Bandit literature 
prioritizes regret; causal inference focuses on 
estimation accuracy.
Offline designs ensure power but incur regret in 
sequential settings.

Our Goal: Unify both! Design policies with a 
provable estimation-regret Pareto frontier.

Unified Online Design with Network 
Interference
We introduce MAB-N, a unified framework for 
online design under network interference, utilizing 
exposure mapping to bridge the multi-objective 
minimax trade-off.
Achieving Pareto-Optimality: Our framework 
achieves Pareto-optimality between treatment 
effect estimation and regret efficiency under 
network interference. We propose specific criteria 
for MAB algorithms to reach this optimal trade-off.
UCB-TSN Algorithm: We propose the UCB-TSN 
algorithm to achieve the Pareto trade-off, with 
validated performance through experiments. It 
outperforms existing methods in (i) the 
degenerated single-unit case and (ii) the extended 
adversarial bandit setting.


