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Abstract

Many interventions, such as vaccines in clin-
ical trials or coupons in online marketplaces,
must be assigned sequentially without full
knowledge of their effects. Multi-armed ban-
dit algorithms have proven successful in such
settings. However, standard independence
assumptions fail when the treatment sta-
tus of one individual impacts the outcomes
of others, a phenomenon known as interfer-
ence. We study optimal-policy learning un-
der interference on large networks. Exist-
ing approaches to this problem require re-
peated observations of the same fixed net-
work and struggle to scale in sample size
beyond as few as fifteen connected units —
both limit applications. We show that com-
mon assumptions on the structure of inter-
ference enable a parsimonious linear param-
eterization of the reward function. We de-
velop a scalable Thompson sampling algo-
rithm that maximizes cumulative rewards on
an n-node network while allowing for both
nodes and edges to be sampled at each time
period. We prove upper and lower bounds on
Bayesian regret that imply near-optimality.
Simulation experiments show that our algo-
rithm learns quickly and outperforms exist-
ing methods. The results close a key scal-
ability gap between causal inference meth-
ods for interference and practical bandit algo-
rithms, enabling policy optimization in large-
scale networked systems.

1 Introduction

Sequential learning and decision making arises in con-
texts as varied as dynamic pricing in microeconomics
(Rothschild, 1974), experimentation in online plat-
forms (Wager and Xu, 2021), and adaptive treatment
allocations in clinical research (Murphy, 2003). Many
such problems revolve around the decision of which in-
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dividuals to treat. For example, an online marketplace
may want to assign coupons to customers who other-
wise would not purchase an item, or a ride-sharing
company may want to assign bonuses to drivers who
would otherwise leave the platform. Both examples in-
volve maximizing the impact of treatment, but doing
so requires first learning its effect. Multi-armed ban-
dit (MAB) algorithms have emerged as an effective
method to solve both the learning and maximization
problems simultaneously.

Classic bandit formulations assume that the outcome
of an individual is not impacted by the treatment sta-
tus of others. This assumption is violated in many
important contexts, such as epidemiology (Benjamin-
Chung et al., 2017), marketplaces (Munro et al., 2025),
and social networks (Ogburn et al., 2024). We study
interference or spillover effects, where treatments
impact not only the treated units but also their peers.
We focus on interference that spreads along a network,
where the nodes of the network define individuals or
arms and the edges specify connections.

Our contributions are as follows: we show that un-
der common interference assumptions, the vector of
node-level rewards becomes linear in a parameter vec-
tor 8. Within a broad class of reward function for-
mulations, @ is low-dimensional, enabling a scalable
Thompson sampling algorithm that maximizes cumu-
lative rewards. Our framework allows for both nodes
and edges to be sampled at each time period, resolving
potential contradictions in previous works that require
both temporal independence and a fixed population of
nodes. We prove both upper and lower bounds on re-
gret, showing our algorithm is near-optimal. Finally,
to underscore the flexible nature of our framework,
we provide empirical results under a variety of reward
functions and network specifications.

2 Model Setup

At each time period t, the agent observes an adjacency
matrix A; for a set of n nodes with maximum degree
dmax- The agent must choose the treatment alloca-
tion vector Z; € {0,1,..., K}" potentially subject to
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budget constraint B; (e.g. an upper limit on the num-
ber of treated nodes). Each node i has a correspond-
ing reward function r;(Z;; A;). The agent attempts to
maximize the sum of the reward functions over time.

Without placing assumptions on interference, each
node-level reward function r; depends on the entire
treatment vector Z; as well as A;. For a given net-
work A, each reward function is thus a mapping
ri(;Ay) - {0,1,..., K}™ — R. Learning each of these
mappings simultaneously becomes computationally in-
feasible due to the input space growing exponentially
in n. Therefore, we adopt a set of common assump-
tions on the structure of interference to allow for scal-
able optimization of the treatment policy.

2.1 Interference Assumptions

We adopt the neighborhood interference assumption
(Sussman and Airoldi, 2017; Belloni et al., 2025) for
the node-level reward functions. Let /\/'“ denote the
set of neighbors of node 7 at time ¢, i.e. for all j € Ny,
[Ayi; =1

Assumption 1. For all nodes i, the reward function
r; satisfies the meighborhood interference assumption
(NIA) if for all treatment assignments Z., Z) that
agree on the set Ny, U {i}, ri(Zy; Ay) = ri(Z); Ay).

NIA requires that a node’s reward function depends
only on its own treatment and the treatment status
of its neighbors, reducing the dimension of the input
space. For example, with n = 100 and no assump-
tions on the interference pattern, the reward function
of each node depends on the entire 100-length vector
of treatment assignments, implying (K + 1)™ possible
inputs. Under NIA, a node with degree d would have
a reward function with (K + 1)(@+1) inputs.

Under NTA, the vector of node-level reward functions
can be represented as linear in a parameter vector 6
containing direct and indirect effects (Sussman and
Airoldi, 2017, eq. 4.1):

ry = H(Zt, At)0 + € (1)

where H(Z¢; A;) is an n X p feature matrix that maps
treatment assignments and network structure onto the
effect parameters. We emphasize that linearity is not
a modeling assumption but a reparameterization that
directly follows from the neighborhood interference as-
sumption (see Supplement Section 1 for details). How-
ever, without further assumptions, the dimension of 8
still inhibits scalable exploration and exploitation as
each node has on the order of (K 4 1)%*! parameters.
The following assumptions further restrict the form of
interference.

Assumption 2. The reward function ry; satisfies ad-
ditivity of main effects if

7i(Ztis Zn, ) = 1i(Z1,i,0) +1:(0, Z, , )-

Assumption 3. The reward function r; satisfies sym-
metrically received interference if, for all permutations
7, 1i(Zei, I, ) = 1i(Z1i, T(Z, )

Assumption 2 states that the direct effect does not
interact with the indirect effects. Assumption 3 im-
plies that a node’s reward depends only on the num-
ber of treated neighbors, not which specific neighbors
get treated. Together, Assumptions 1 to 3 are termed
SANIA (Symmetric and Additive NIA).

2.2 Reward Function Specification

The SANIA assumptions allow for a large class of re-
ward functions; the specific node-level form can be tai-
lored to the application, including information about
the underlying network structure and the nodes them-
selves.

A simple starting point is to assume that each node-
level reward function has unique direct and indirect
effect parameters that do not depend on context or
network structure beyond the adjacency matrix. Al-
lowing d}; to be the number of treated neighbors of
node 4 at time ¢, this results in a reward function of
the form

d;

7i(Ze; Ag) = Zi - i + Z%‘,k g —iy tei (2)
k=1

where we leave out an intercept parameter for simplic-
ity. This is the form taken by Agarwal et al. (2024)
with further restrictions due to SANIA.

We note two issues with this approach. First, the num-
ber of parameters scales linearly with the size of the
network (O(n - davg)). While this improves upon the
exponential scaling under NTA, it can be restrictive for
large networks. Second, the use of fixed node-specific
parameters implicitly assumes a static population ob-
served over time. It thus becomes difficult to justify
temporal independence in errors.

We provide alternative parameterizations that allow
for information sharing across nodes and do not rely
on fixed node identities. Our method does not rely on
a specific parameterization but instead defines a flex-
ible framework that researchers can use to construct
models tailored to their application.
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2.2.1 Shared Parameters

The simplest parameterization within this framework
assumes that all nodes share a single set of parameters:
wi = pj and v = v, for all 7, 7, k. If all interference
parameters 7 are 0, this reduces to the standard indi-
vidualistic treatment response assumption. With non-
zero interference, it becomes the constant treatment
response in the depth of interference model (Manski,
2013).

This approach is highly scalable but has the potential
to be misspecified. Despite this sensitivity, it is a com-
mon approach in the causal inference literature (Toulis
and Kao, 2013; Eckles et al., 2017) and can be aided
by including covariates in the model.

2.2.2 Grouped Parameters

A natural extension of the previous parameteriza-
tion assumes that groups of units (either observed
or latent) share parameters. This model is based
on the observations in sociology and network science
that similarly behaving nodes tend to share connec-
tions (McPherson et al., 2001). All nodes in group
g share a parameter vector 8, = {1, Yg.15---,Vgm}-
These combine to form the full parameter vector:
{0]—’ R OE}T

2.3 Design Matrix

The structure of the design matrix H(Zy; A¢) is de-
termined by the chosen reward parameterization. Its
rows consist of indicator variables derived from the
treatment vector Z;, features summarizing the inter-
actions between Z; and A; (e.g. the counts of treated
neighbors), and additional features such as group la-
bels.

2.4 Regret

The agent seeks to maximize the cumulative node-
level rewards with respect to the treatment vector. To
measure the agent’s performance, we use the Bayesian
regret—the expected gap in cumulative rewards un-
der the optimal policy and the agent’s actions with
respect to the prior distribution over 8. The optimal

treatment at time ¢, denoted Zj, maximizes the sum
of expected node-level rewards:

Z; = arg max ; Elri(Z; Ayl

The regret is then the cumulative expected difference
in rewards between the optimal policy and the agent’s

policy:

T n

Regy = » > E[ri(Zf; Ar) — ri(Ze; Ar)].

t=1 i=1

In the following section, we define an algorithm that
achieves low regret with high probability and provide
upper and lower bounds on regret.

3 Thompson Sampling Under
Network Interference

We devise a scalable Thompson sampling algorithm
that can accommodate any reward function satisfy-
ing the neighborhood interference assumption, such as
those discussed in the previous section. The parame-
terization of the reward functions will determine the
dimension of @, which will in turn govern the algo-
rithm’s bounds and computational complexity. We
discuss in detail the impact of @ on the theoretical
and empirical results of our algorithm, thus provid-
ing a flexible and theoretically grounded framework
for maximizing treatment policies under network in-
terference.

3.1 Thompson Sampling Algorithm

We begin with the standard assumption on the noise
€t.

Assumption 4. The terms €, ; are independent 1-sub-
Gaussian random variables for all t, i.

Our algorithm thus maintains a posterior distribution
w(@|ry,...,rs) over the unknown parameters 6. At
each time period, the agent draws 0™ from the pos-
terior and chooses action Z; that maximizes the total
reward conditional on 8.

Algorithm 1 Thompson Sampling under Interference

1: Input: Prior mean p, prior covariance 3, regu-
larization A, noise variance o2

2: fort=1to 7T do

3: Observe network A; and any features

4: Sample 8¢ ~ N(py_q,2e-1)

5: Choose treatment vector Z;:

Z; = arg max 1 [H(Z; A,)0®)]

6: Observe rewards ry
Compute H; = H(Z;; A;)
8: Update posterior:
_1—1
= (H Hy/o? + 5,4
By =X (H;rt/02 + 2;—11“%—1)
9: end for

=
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Our reformulation enables the extension of scalable lin-
ear bandit algorithms to a regime where prior work
has failed to scale beyond the smallest of networks
(n =~ 10). The algorithm requires new regret analy-
sis, which we provide in the following section.

3.2 Regret Analysis

We first provide an upper bound on the Bayesian re-
gret of Algorithm 1.

Theorem 1. Assume there exist positive constants ¢y,
ca such that supgeg [|0]2 < 1 and supgepn [|[H|2 <
ca, and suppose Assumptions 1-4 hold. Algorithm 1
then satisfies

BayesRegret(n,T) = O (D\/ nT log(nT))

We prove Theorem 1 by adapting the results on fre-
quentist regret of Abbasi-Yadkori et al. (2011) to our
setting and then applying Proposition 5 of Russo and
Van Roy (2014). Our assumptions on 8 and H match
those of Russo and Van Roy (2014). Full proofs are
provided in Section 2 of the Supplement.

We show that our approach is near-optimal by deriving
a lower bound on regret.

Theorem 2. Under the same assumptions as Theo-
rem 1, for any policy m, there exists a 0 € © such that

Rr(A,0) > Q (D\/rﬁ) .

The proof adapts arguments from Section 24.1 of Lat-
timore and Szepesvari (2020). We see that the up-
per bound provided in Theorem 1 matches this lower
bound up to a logarithmic factor, thus proving that
our algorithm is near-optimal.

4 Simulations

We validate the flexibility and scalability of our
method through simulation studies.

4.1 Linear Spillovers

We begin with a shared-parameter model. Each node
has reward function

d;

Ti(Zy; Ay) = - Zy i + Z’Yk . 1{(1;1:1@} + €1,
k=1

We set py = 0,59 = I, and use budget B = ¢ (i.e.
|Z¢||1 < B). For each iteration, we draw p ~ N(1,0.2)
and v, ~ N(k,0.5). At each time period, we simu-

late A; from a stochastic block model (SBM) of sizes

n € {100,500,1000} with K = {5 groups having uni-
form group membership probabilities, the probability
Pwithin = 0.25 of sharing a link with nodes in the
same group and probability pyetween = %L of a link be-

tween nodes in different groups. Errors are distributed
ei,t ~ N(O, ].)

For each n, we run 25 iterations with 7" = 100. In Fig-
ure 1 we evaluate our algorithm using the mean regret
of the iterations and include 95% confidence bands.

3000
2000

1000

Mean Cumulative Regret

0 25 50 75 100
Time Step

n=100 = n=500 :* n=1000 - n=2500
Figure 1: Cumulative regret plot under the shared pa-
rameters model.

5 Conclusion

We have introduced a scalable Thompson sampling al-
gorithm for regret minimization under network inter-
ference. We show that the SANITA assumptions can be
leveraged for scalable policy maximization, bridging
a gap between the causal inference and bandits liter-
ature. We prove Bayesian regret bounds and provide
strong evidence of performance and scalability through
simulation experiments. Our work suggests future re-
search into linear optimization algorithms specific to
network interference. Extensions of our method to
partially observed networks could greatly impact their
practicality. Empirical validations beyond simulation
experiments can test the impact on real-world out-
comes.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
Yes (Sections 3 and 4)

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
Yes (Section 4)

(¢) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries. Yes, in Supplement.

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. Yes (Section 4, and
proofs in Supplement)

(b) Complete proofs of all theoretical results. Yes
(Supplement)

(c) Clear explanations of any assumptions. Yes
(Sections 3 and 4)

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to
reproduce the main experimental results (ei-
ther in the supplemental material or as a
URL). Yes.

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). Yes.

(¢) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). Yes.

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). Yes (Supplement)

4. TIf you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:
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(a) Citations of the creator If your work uses ex-
isting assets. Yes.

(b) The license information of the assets, if ap-
plicable. Yes.

(¢) New assets either in the supplemental mate-
rial or as a URL, if applicable. Yes.

(d) Information about consent from data
providers/curators. Not Applicable.

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. Not Applicable.

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. Not Applicable.

(b) Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. Not Applica-
ble.

(¢) The estimated hourly wage paid to partici-
pants and the total amount spent on partic-
ipant compensation. Not Applicable.



