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Abstract

In networked environments, users frequently share recommenda-
tions about content, products, services, and courses of action with
others. The extent to which such recommendations are successful
and adopted is highly contextual, dependent on the characteristics
of the sender, recipient, their relationship, the recommended item,
and the medium, which makes peer influence probabilities highly
heterogeneous. Accurate estimation of these probabilities is key to
understanding information diffusion processes and to improving
the effectiveness of viral marketing strategies. However, learning
these probabilities from data is challenging; static data may capture
correlations between peer recommendations and peer actions but
fails to reveal influence relationships. Online learning algorithms
can learn these probabilities from interventions but either waste
resources by learning from random exploration or optimize for
rewards, thus favoring exploration of the space with higher influ-
ence probabilities. In this work, we study learning peer influence
probabilities under a contextual linear bandit framework. We show
that a fundamental trade-off can arise between regret minimization
and estimation error, characterize all achievable rate pairs, and pro-
pose an uncertainty-guided exploration algorithm that, by tuning a
parameter, attains any pair within this trade-off. Our experiments
on semi-synthetic network datasets show the advantages of our
method over static methods and contextual bandits that ignore this
trade-off.

1 Introduction

Influence occurs when the action of one user affects the actions of
other users in a social network, spreading information, behaviors,
and attitudes. Influence is an important driver of user behavior in
many digital platforms, including social media, e-commerce, and
content platforms [19, 25, 45]. Influence probability, the extent to
which one user can influence another, varies with users’ network
positions, connections, and individual traits. For example, in a social
network, sharing a recommendation can result in adoption by some
friends and in lack of interest by others. Predicting and leveraging
these heterogeneous influence probabilities is very important for
understanding information diffusion processes and for improving
the effectiveness of viral marketing strategies.

Estimating influence probabilities from correlations between
user actions is challenging because correlations can be attributed
to other potential sources, such as homophily, confounding factors,
and mere coincidence [3, 36]. Homophily refers to the tendency
of similar individuals to form connections and exhibit similar be-
haviors [32]. Confounding factors, on the other hand, can simul-
taneously affect the formation of friendships and subsequent ac-
tions [31, 36]. Peer influence probabilities are higher among strong

ties than weak ties, as individuals with stronger connections are
more likely to influence each other [13]. Tie strengths have been
estimated from correlations [16, 27, 34] but without disentangling
their source. Nevertheless, many current influence-learning meth-
ods [9, 16, 27, 34, 38, 47, 49] rely on correlational or observational
data, which are inherently non-causal.

Contextual multi-armed bandits (CMABs) [10] and online learn-
ing [35] algorithms have the potential to learn influence probabil-
ities from interventions rather than pure correlations. However,
these algorithms optimize for different objectives. CMABs offer
a principled framework for sequential, context-aware interven-
tions but they aim to minimize cumulative regret, which may limit
exploration to the regions with high influence probabilities, this
resulting in high influence probability estimation error. Online
learning methods can optimize for estimation error by exploring
at random, but this approach is resource-inefficient and lacks re-
gret guarantees. A few works have considered multi-armed bandits
in networked settings where actions can propagate through peer
influence [2, 12, 20, 22, 23, 39, 42-44, 48]. Some of these works
leverage heterogeneous influence probabilities, assuming that they
are known, for tasks such as predicting recommendations [12] and
influence maximization [20, 43]. Others learn the influence proba-
bilities in the context of influence maximization, thus focusing on
learning and leverage high influence probabilities [39, 42]. More
recently, research on MABs with interference has studied the set-
ting when treatments are simultaneously assigned to all nodes and
rewards depend on neighbors’ actions [2, 22, 23, 44, 48]. However,
none of these studies address the task of learning peer influence
probabilities as an independent problem.

In this paper, we study the problem of learning peer influence
probabilities from k interventions per round in a network, where
interventions may be selected either from the whole network or
from the neighbors of specific nodes. Here, an intervention refers
to the system showing the action of one user (e.g., social media
post or product recommendation) to other user(s) to see whether
the recipient(s) would take a subsequent action on it (e.g., share the
post or buy the product). Alternatively, the intervention can be the
user sharing their action with peer(s) suggested by the system. In
both cases the system chooses the peers. Note that in general, such
interventions can have privacy concerns if the original action was
private. In this work, we focus on actions that are visible to the peer
(e.g., the post/recommendation are public) and use features that do
not have privacy concerns (e.g., from publicly available informa-
tion). We cast this problem as a linear contextual bandit task and
prove the existence of a fundamental trade-off between cumulative
regret and influence probability estimation error. We characterize all
achievable rate pairs for this trade-off and show that no algorithm
can achieve the optimal rates for both objectives simultaneously.
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Building on this theory, we propose Influence Contextual Bandit
(InfluenceCB), a framework that alternates between uncertainty-
guided exploration and reward-oriented exploitation. InfluenceCB
uses an objective-driven uncertainty threshold to decide when to
explore uncertain edges versus exploit high-probability edges and
employs a parameter f§ to navigate the trade-off frontier. Our frame-
work can incorporate various features, including node, edge, and
network attributes, into the learning process.

Key idea and highlights. To summarize, this paper makes the
following contributions:

e We formulate the problem of learning heterogeneous peer
influence probabilities in networks as a bi-objective con-
textual multi-armed bandit, aiming to simultaneously mini-
mize cumulative regret and estimation error.

o We theoretically establish a fundamental trade-off between
regret minimization and estimation error and characterize
the achievable rate pairs.

o We propose InfluenceCB,a CMAB framework that incorpo-
rates uncertainty-guided exploration to accelerate influence
probability learning while minimizing resource waste.

e We provide theoretical guarantees for linear settings and
show that In fluenceCB can achieve any point on the trade-
off curve by tuning a single parameter.

o We evaluate InfluenceCB on semi-synthetic network datasets
and show its effectiveness over methods based on observa-
tional data or conventional contextual bandits.

2 Related Work

Link weight prediction focuses on estimating the numerical value
(e.g., strength, capacity) associated with an edge in a network [14].
Previous studies have explored influence probability estimation
either offline from historical cascades using propagation models or
likelihood-based inference [9, 16, 27, 34], or have focused on struc-
tural patterns [47] and influence tracking or maximization without
learning edge-level probabilities [38, 49]. In contrast, our work
learns edge-level influence probabilities online through interven-
tions, explicitly modeling the exploration—exploitation trade-off.

Learning influence probabilities with bandits has been studied
for problems such as probabilistic maximum coverage and social in-
fluence maximization in viral marketing [39, 42]. However, they are
interested in learning and leveraging high influence probabilities,
rather than the full range of probabilities. A related recent direction
is multi-armed bandits with network interference [2, 22, 23, 44, 48],
where treatments are simultaneously assigned across all nodes and
rewards depend on neighbors’ treatments. The trade-off between
regret and estimation error has also been investigated in this con-
text of node interventions [48]. In contrast, our framework learns
peer influence probabilities by selecting a small subset of edges per
round and observing samples of their influence.

While extensive research exists on top-k recommendation prob-
lems (e.g., [21, 37, 46]), including with CMABs [4], limited attention
has been given to identifying top-k edges in social networks. A
recommendation model for socialized e-commerce focuses on rec-
ommending top-k relevant products to a user for sharing with
all neighbors [15] but no work focuses on recommending top-k
neighbors for sharing a fixed product.
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3 Problem Description

We represent the data as a bidirected attributed network G = (V, E),
where V = {v,05,...,0,} is the set of n nodes, and E = {e;; | 1 <
i, j < n} is the set of edges, with e;; denoting an edge between nodes
v; and v;. The neighborhood of a node v; is defined as N; = {v; € V|
eij € E}, and each v; € N; is a neighbor of v;. The attribute vector
ej.X is referred to as the context vector for edge e;; € E. It includes
attributes of nodes v; and v; and other relevant information, such as
the recommended item attributes and network structural features
(e.g., number of common neighbors). Let v;.y € {0, 1} denote the
activation status of node v;. Specifically, v;.y = 1 indicates that v; is
activated, while v;.y = 0 indicates no activation.

In our setup, a node v; takes an action (e.g., creates a post or
buys a product) and shares their action with a neighbor based on a
peer recommendation from the system. The system then observes
whether the neighbor gets activated by taking a subsequent ac-
tion (e.g., shares the post or uses referral link to buy the product),
reflecting peer influence. Each edge e;; € E is associated with a
peer influence probability e;;.p € [0, 1], which represents the prob-
ability of activating node v; (recipient node) due to peer influence
from active node v; (source node). The peer influence probability
can be asymmetric (e;;.p # ej;.p) and heterogeneous across edges
(eij.p # eir.p, eir.p # ej1.p). In our problem setup, these probabilities
are unknown.

We consider a stochastic M-armed contextual linear bandit set-
ting over T rounds. The set of arms is denoted by A = {X1, Xz, .. .,
Xy} € RY, where each X, corresponds to the context vector for
an edge e; j and M corresponds to the number of edges. At each
round t € {1,..., T}, the agent observes a pool of available actions
A; C A and selects k actions {X; 1, ..., X} where k < |A;| and
X:,i denotes the i-th action chosen at round t. The action pool A;
may include edges from one node’s neighborhood or from multiple
nodes’ neighborhoods, and its size may vary over different rounds.
After receiving the binary rewards {r; 1, ..., 7.}, the agent updates
its selection policy.

Each reward corresponds to a successful activation event: a re-
ward of 1 indicates that an inactive node v; was activated due to
influence from an active node v; across edge e; j, and 0 otherwise.
We assume a linear reward model with an unknown parameter
6* € RY, such that

Elreml = X[1,0".

The estimated peer influence probability thus corresponds to the
probability of observing reward 1. The set of top-k edges in round
t is defined as
&; « argtop, X, 0".
XreAr

Hence, any problem instance is characterized by (A, 8*). We fur-
ther assume bounded norms for actions and parameters: there exist
constants ¢, ¢’ > 0 such that [|X]|; < cforall X € A and [|0"]]2 < ¢".
We also assume that the set of actions spans R?. These are stan-
dard assumptions in the linear bandit literature [28]. The set of all
problem instances satisfying these conditions with d-dimensional
actions and binary rewards is denoted by &. We can now define
our two objectives of interest.

Regret. The expected cumulative regret of a policy  interacting
with an environment characterized by (A, %) over T rounds is
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defined as

T

Regret, (7, A, 0") = Z Z XTe* - Zk:XtTiB* ,
i=1

t=1\Xe&;

where &; denotes the set of top-k optimal actions at round ¢. The
goal in standard contextual bandits is to minimize Regret (7, A, 0*).
Since 6" is unknown during the learning process, different bandit
algorithms employ various strategies to minimize regret by select-
ing high-reward actions X; ;. However, focusing solely on regret
minimization does not necessarily lead to an accurate estimation
of peer influence probabilities. We therefore introduce a second
objective that explicitly measures estimation accuracy.

RMSE. The expected root mean squared error (RMSE) of the
estimated influence probabilities over all edges serves as our second
objective. For a policy 7, its value after T rounds is defined as

ﬁ{l Z (XT(6r —6%))%|,

XeA

RMSEy (7, A, 6°) = E

where 67 denotes the parameter estimate obtained after T rounds.

The two objectives—minimizing cumulative regret and minimiz-
ing estimation error—are inherently in conflict. Minimizing regret
requires focusing on high-reward edges, biasing exploration to-
ward frequently activated neighbors and leaving large regions of
the influence-probability space underexplored. Conversely, reduc-
ing estimation error necessitates exploring uncertain or low-reward
edges, which inevitably increases regret. As a result, no single pol-
icy can simultaneously minimize both objectives to their global
optima.

Motivated by this intuition, we measure the performance of any
sampling policy 7 by a pair (Regret, (), RMSEr (7)), where each
term denotes the worst-case value of the corresponding objective:

Regret; () = (ﬂr,%ﬁfies Regret (7, A, 6%),
RMSEr(7) = max RMSEg(rz, A,0").
(A0 eE

To compare policies, we characterize optimality in terms of Pareto
domination. A policy n* is Pareto-optimal if there exists no other
policy 7 such that

Regret; () < Regret;(7*) and RMSEr(xr) < RMSEr ("),

with at least one inequality strict. The set of all Pareto-optimal
policies defines the Pareto frontier, representing the fundamental
boundary of achievable trade-offs: any improvement in one objec-
tive beyond this frontier necessarily worsens the other. Our goal
is therefore not to find a single globally optimal policy but to de-
sign bandit algorithms that enable controlled movement along the
Pareto frontier, allowing practitioners to select policies aligned with
desired trade-offs that are application-specific.

ProBLEM 1. Learning Peer Influence Probabilities under Bi-
Objective Trade-off Given an attributed network G = (V,E), the
goal is to learn peer influence probabilities e;j.p over T rounds by
selecting top-k edges in each round to minimize both regret and esti-
mation error.

These two objectives — cumulative regret Regret, and estimation
error RMSE - are inherently conflicting and cannot be simultane-
ously minimized. The solution space is therefore characterized by
a Pareto frontier: min, F(r) = [RegretT(n), RMSE7 () ] , where
each Pareto-optimal policy represents a trade-off where improv-
ing one objective inevitably worsens the other. The problem thus
requires designing algorithms that enable controlled movement
along this frontier, allowing selection of policies that best align
with desired trade-offs that are application-specific.

4 Estimation-Regret Trade-Off

In this section, we present theoretical results demonstrating the
existence of a fundamental trade-off, in the worst case, between
two objectives: minimizing cumulative regret and minimizing the
RMSE of estimating the influence probabilities. We begin by estab-
lishing the achievable rates for each objective individually, thereby
illustrating the inherent difficulty of both tasks. We then prove that
there exist instances in which a trade-off arises between these two
objectives, showing that no algorithm can achieve the optimal rate
for both simultaneously. Finally, we propose an algorithm that, by
tuning a parameter, can interpolate between these objectives and
attain any achievable pair of rates implied by the lower bound.

Note that in the described problem setting, it is not possible to
generally establish a worst-case bound on the objectives, partic-
ularly for the RMSE. The main difficulty arises because, at each
round ¢, nature selects the set of available actions A; (e.g., which
specific users have taken an action to be shared with their friends),
and the algorithm must then choose k of its members to play. Since
A is determined by nature and may vary across rounds, a uniform
worst-case bound on the RMSE cannot be guaranteed.

For example, suppose the actions can be partitioned into two
sets S; and S, such that all vectors X,,, € S; are nearly collinear
(i.e., point in almost the same direction), while the vectors in S
lie far from that direction. If nature selects A, C S; for most
rounds, the estimation of the parameter vector §* will be poor in
directions corresponding to S;. Consequently, the estimation errors
|X;l6} — X,,0%| will remain large for each X,, € Sy, resulting in a
high RMSE.

Motivated by this limitation, we establish our theoretical results
in a slightly modified setting where nature cannot restrict the action
set across rounds, and the agent has access to a fixed set of actions
throughout. Our theoretical bounds and guarantees are derived
for this fixed-action setting, while our experiments are conducted
under the more general setting introduced earlier. Formally, for the
theoretical analysis, we assume that the set of available actions at
each round is constant, i.e., A, = A for all t. We now proceed to
provide bounds for each objective under this setting to highlight
their inherent difficulty.

For the regret minimization objective, the agent may choose any
set of k actions from A and then observe binary rewards indicating
whether activation is successful for each of the selected arms. This
setup corresponds to the well-studied combinatorial linear bandit
problem with semi-bandit feedback [5, 8, 11, 41]. For this problem,
the ComBLINUCB algorithm introduced in [41] achieves the follow-

ing worst-case regret upper bound over T rounds: (j(kd\/f ) where

O hides constant and logarithmic factors. Regarding tightness, a



ower bound o T) was established in [5]. Although these
I b d of O Vkd blished in [5]. Although th

bounds do not match, they are close and can capture the inherent
difficulty of the regret minimization problem.

For the objective of minimizing RMSE, we propose an algorithm
and prove a worst-case upper bound on its RMSE over T rounds.
At each round t, the agent selects the edges for activation, together
with their feature vectors {X; 1, X;2,. .., X;x}. We define

V,:M+22X X (1)

s=1 r=1
where A > 0 is a regularization constant. It is well known in
the linear bandit literature that, for each X, € A, the quantity
VXV, 1X,, would characterize the estimation uncertainty of the
influence probability associated with feature vector X after ¢ rounds.
Motivated by this intuition, to minimize the maximum estimation
uncertainty over all actions, the classical linear bandit problem (cor-
responding to the case k = 1) relies on the G-optimal design, which
is obtained as the solution to the following optimization problem:
-1

M
min maxX wiX: X7 | X, 2
weAM-1X;e A Zl T ! ( )

where AM~! denotes the (M — 1)-dimensional simplex. In this set-
ting, given the optimal solution w*, the algorithm that plays each
arm X; for Tw; rounds minimizes the maximum estimation error
of mean rewards.

Our setting can be viewed as a linear bandit problem with kT
total plays. The key difference is that at each round, the agent must
choose k distinct arms, meaning no arm can be played more than
T times out of the total kT selections. Consequently, if we were to
adopt the G-optimal design, some coordinates of the optimal design
vector w* might exceed % which is infeasible in our setting. To
address this, we consider a constrained design that minimizes the
maximum uncertainty while ensuring that no arm is selected more
than T times. Formally, we define the optimization problem

-1

n&ln_l}r(rll?;({X ZWJX X Xi, 3)

[ (A k) =
where Allv/[kl = {w e AM=1 | Vi:iw; < %} is the subset of the

simplex in which all entries are bounded above by %

Lemma 4.1 (RMSE Upper Bound). For any instance (A, 0*) € &,
consider the algorithm that allocates its kT selections proportionally
to wy, the optimizer of (3). Then the final (expected) RMSE satisfies

o ol [LAK)
RMSET(n,ﬂ,a)eO( T)

where O(-) hides logarithmic factors.

All the theoretical proofs are provided in Appendix 8. In the spe-
cial case where the optimal solution of the unconstrained prob-
lem (2) already lies in A/l‘%;l and span(Xy, ..., Xu) = RY, we have
*(A, k) = d; otherwise, f*(A, k) is larger.

The bounds above imply that the optimal rates in T for cumula-
tive regret and RMSE are Tt and T~2, respectively. We now show
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that there exist instances in which these two objectives conflict and
no algorithm can achieve both optimal rates simultaneously.

Theorem 4.2 (RMSE-Regret Trade-Off). For any M > k, there
exists an instance (A, 8*) such that, for any policy & with

Regrety (7, A, 0%)) € O(Tzﬁ),

we have
RMSEr (7,7,0")) € 9(T77),

where ff < % and by the regret lower bound, i <p.

By Theorem 4.2, if an algorithm achieves the optimal rate for
cumulative regret (i.e., § = %, giving Ry = O(T'?)), then its

1
RMSE rate must be non-optimal, namely Q(sz). Conversely, if

an algorithm achieves the optimal RMSE rate (i.e., f =
RMSE = ©(T~!/2)), then its cumulative regret is necessarﬂy linear.

An important question is whether one can achieve any pair of
rates satisfying the condition in Theorem 4.2. In the next section,
we propose an algorithm that, based on the parameter f, attains
any feasible pair of rates implied by the theorem.

1 , giving

5 Influence Contextual Bandit framework

We propose an Influence Contextual Bandit (InfluenceCB) frame-
work that simultaneously learns peer influence probabilities and
leverages them to recommend top-k edges for intervention. In each
round, the framework chooses between uncertainty-guided explo-
ration and reward-guided exploitation. The details of the two phases
are presented next, with the pseudo-code provided in Algorithm 1.
Then we present a theorem on the optimality of InfluenceCB.

5.1 Uncertainty-guided Exploration

Contextual bandits face the well-known cold-start problem: in early
rounds, limited feedback makes reward estimation highly unreli-
able, particularly in the setting of influence probability learning.
To mitigate this, InfluenceCB employs an uncertainty-guided ex-
ploration strategy. In each round, the framework computes the
estimation uncertainty for all candidate edges from the action pool.
It considers two parameters,  and C which determine different
strategies for the tradeoff between regrets and RMSE. As discussed
in the previous section, f reflects our preference for prioritizing
each of the objectives; for example, § = 1/4 optimizes for regret,
and f = 1/2, for RMSE. The second parameter C is learned and
the learning procedure reflects whether we would like to achieve
a tradeoff between regrets and RMSE or optimize fully for one of
the objectives. If the maximum uncertainty across edges exceeds
the threshold C/ tfina particular round ¢, the algorithm selects
the exploration phase in that round. This adaptive thresholding
mechanism ensures that actions with high uncertainty are explored
sufficiently often, progressively reducing their uncertainty in sub-
sequent rounds. As a result, the uncertainties of all actions remain
at most on the order of O(T"'B ) which leads to the corresponding
upper bound on the RMSE. In this phase, the top-k edges with the
highest uncertainty scores are recommended for intervention. The
rewards are observed for the selected edges, and the CMAB param-
eters are updated accordingly. By prioritizing uncertain edges, the
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Algorithm 1 Influence Contextual Bandit Framework

1: Input: rounds T; CMAB hyperparameter «; interventions
per round k; exploration parameter f; objective O €
{Regret, RMSE}, linear CMAB f(¥7;).

2. Output: Set of k edges with features X; = {X;1, X2, ..., Xpk}
to intervene on at each round ¢.

3: foreachroundt =1,2,...,T do

4 Agent receives the pool of available actions A; € A.

5 for each X € A;: Uy(X) «— JXTV,\X, where V;_; is
defined in (1).

6 Set uy «— maxxea, Ur(X), auy < meanxe 7, U (X).

7: C; « UpdateC(O, auy, activation rate) > Algorithm 2

8 if u; > C,/t? then > Exploration (uncertainty-guided)

9 X « argtop Uy (X)

XeA;
10: else > Exploitation (reward-guided)
11: Xi — f(Fi-1)
12: end if
13: Observe rewards 7,1, 7t 2, - . ., 't k, and update ét , Vi
14: end for

framework increases edge diversity and accelerates the estimation
of influence probabilities, albeit at the cost of potentially higher
short-term regret.

5.2 Reward-guided Exploitation

When the maximum edge uncertainty falls below the threshold
C/t# in a particular round t, InfluenceCB is more confident in
its predictions and selects the exploitation phase in that round.
Given a fixed f, increasing C biases the bandit towards exploitation,
leading to lower cumulative regret Regretr but higher estimation
error RMSEr. Here, the goal is to only focus on minimizing the
regret. This step is performed by incorporating a linear CMAB
algorithm designed for regret minimization, which is the input to
our algorithm, and our algorithm plays based on its policy. We
denote the sampling policy of the CMAB algorithm at round ¢ by
f(Fz-1), where F;_; is the history of interaction until round ¢ — 1.
The rewards from the corresponding edge actions are observed,
and the CMAB parameters are updated to refine subsequent reward
estimates. By exploiting the learned knowledge, the framework
gradually improves the quality of interventions while reducing
regret over rounds.

5.3 Illustration of the InfluenceCB Algorithm

Algorithm 1 shows the pseudo-code for InfluenceCB which we
explain next. The InfluenceCB algorithm operates over discrete
rounds t = 1,2,...,T. In each round ¢, the following steps are
executed:

(1) Action Pool Observation. The agent receives the set of
candidate edge contexts A; from the network, representing
the pool of available actions for round t [Line 4].

(2) Uncertainty Estimation. For each edge e;; with feature
vector X € A;, the algorithm computes the associated

uncertainty Uy (X) = /XTV, 2} X [Line 5].

(3) Maximum Uncertainty Computation. The maximum
uncertainty u; = maxxe s, Ur(X) is computed to quantify
the exploration potential of the current action pool [Line
6].

(4) Threshold Computation. A dynamic threshold C; is com-
puted according to the optimization objective O [Lines 7]:

o If O =RMSE, C; is derived from uncertainty statistics
to encourage exploration (Algorithm 2 in Appendix).
o IfO = Regret, C; is computed from activation statistics
to bias exploitation (Algorithm 2 in Appendix).
C; adapts over time based on recent batch-level statistics.
In the uncertainty-based version, it decreases when current
uncertainty exceeds its historical mean to encourage ex-
ploration and increases when it falls below the historical
mean to favor exploitation. In the activation-based version,
it increases when current activation rates drop below their
historical mean, steering the model toward exploitation.

(5) Exploration-Exploitation Decision. If u; > C,/t#, the
algorithm enters the exploration phase, selecting the top-k
edges with the highest uncertainty scores. Otherwise, it
enters the exploitation phase, where the algorithm plays by
the policy of the input linear CMAB algorithm [Lines 8-12].
For the CMAB algorithm, we can incorporate CombLinUCB,
CombLinTS [41], or any other algorithm with similar regret
bounds.

(6) Reward Observation and Parameter Update. After se-
lecting the intervention set X;, the algorithm observes the
rewards associated with the corresponding edges and model
parameters are updated with the new feedback [Lines 13].

The computational complexity of InfluenceCB is governed pri-
marily by the size of A,. Its adaptive exploration-exploitation
mechanism, modulated by 8 and C;, enables continuous navigation
along the Pareto frontier, balancing regret minimization against
estimation accuracy.

The next theorem shows that, by choosing f, the algorithm
attains all rates on the Pareto frontier (in T) implied by the lower
bound in Theorem 4.2. The statement below assumes constant
action sets and thresholds (Vt : A; = A and C; = C); in Section 6,
we show that the algorithm performs well even when A; varies
over time and we propose adaptive procedures to set the C;’s.

Theorem 5.1 (Achievability of the Pareto-Frontier). For any ff €
[}1, %] Algorithm 1 initialized with parameter f§ on any instance
(A, 0%) withVt : A; = A,C, = C, where C is a positive constant,
satisfies

Regret; (InﬂuenceCB, A, 9*) € (j(TZ'B) ,
RMSEr (InfluenceCB, A,6") € O(17F),

where O(-) hides logarithmic factors.

Proof Sketch. Here, we provide a high-level overview of the
proof with full proof in the Appendix). We first show that the un-
certainty of any arm X,,, € A decreases at least on the order of
N S i
AT where N;(X,,) denotes the number of times arm X,,, has

been selected up to round t. Next, we show that, under the explo-
ration condition of our algorithm, the total number of exploration



rounds is bounded by O(Tzﬁ ), which, combined with the regret
bound of the regret minimization subroutine, implies the regret
upper bound. Finally, we prove that the proposed exploration mech-
anism guarantees that the uncertainty of each arm remains at most
on the order of O(T~#), yielding an estimation accuracy of the
same order and establishing the RMSE upper bound.

6 Experiments

We evaluate the performance of InfluenceCB on semi-synthetic
network datasets against state-of-the-art contextual bandit algo-
rithms, demonstrating its advantages and revealing the trade-off
between minimizing regret and minimizing estimation error.

6.1 Data representation

We generate ground truth peer influence probabilities for two real-
world attributed network datasets. BlogCatalog! is a network of
social interactions among bloggers listed on the BlogCatalog web-
site. It consists of 5, 196 nodes, 343, 486 edges, 8, 189 attributes, and
6 labels. Labels correspond to topic categories inferred from blogger
metadata. Flickr! is a benchmark social network dataset containing
7,575 nodes, 479, 476 edges, 12, 047 attributes, and 9 labels. Nodes
represent users, edges denote following relationships, and labels
indicate user group interests.

6.1.1  Construction of edge feature representations. The feature rep-
resentation of an edge e;; € E is constructed by concatenating
the feature vectors of its endpoints v; and v;, capturing both node
attributes and network information. To represent the attributes of
each node in the edge, we apply truncated SVD [17] and project its
attributes into a 64-dimensional space. To capture structural prop-
erties, we generate 64-dimensional node embeddings using a two-
layer GraphSAGE model with mean aggregation [18]. Finally, we
concatenate the 64-dimensional attribute representation with the
64-dimensional node embedding to form a unified 128-dimensional
feature vector for each node, yielding a 256-dimensional edge fea-
ture vector.

6.1.2  Generation of synthetic ground truth peer influence probabili-
ties (linear). The peer influence probability associated with edge e;;
is synthetically generated as a linear combination of the features:

ejj.p= a(wTe,-j.X) 5

where w € R% is a weight vector with entries sampled uniformly
at random from [-1,1], and o(-) is a min-max scaling function
ensuring e;;.p € (0,1).

6.2 Evaluation metrics

We evaluate the performance of the InfluenceCB using the follow-
ing metrics:

6.2.1 Regretr. To evaluate regret, we compute the expected acti-
vations of the k recipient nodes influenced by their corresponding
source nodes across the k {e;;}, selected by InfluenceCB in round
t. These activations are estimated through simulations using the
ground-truth peer influence probabilities. We then compare this
value against the expected activations obtained from the top-k edges

1 All datasets available at https://renchi.ac.cn/datasets/
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{e};}, representing the maximum achievable expected activations
under the same simulation setup in round ¢. The cumulative regret
over T rounds, Regretr, is then computed following the formulation
defined in Section 3.

6.2.2 RMSEr. To evaluate the accuracy of the learned peer in-
fluence probabilities, we compute the root mean squared error in
round T, RMSEr, over a randomly sampled subset of edges E C E
from the network. The estimation error is calculated as: RMSET =
ZeijEE (éij.p=eij-p)?
|E|
timated peer influence probability in round T and , computed fol-
lowing the formulation defined in Section 3.

, where &;.p = min(1, max(0, X7 6")) is the es-

6.3 Main Algorithms and Baselines

6.3.1 Static Models. We compare our proposed InfluenceCB
framework against several representative static baselines that do
not learn peer influence probabilities over rounds but use the at-
tributes from 6.1.1.

Random. Each edge in the network is pre-assigned a random
score sampled uniformly from [0, 1]. In every round, this baseline
selects k edges with the highest random scores from the candidate
pool.

Similarity. Following [24], this method selects edges based on
the similarity of their endpoint features. In each round, it selects the
k edges with the smallest Euclidean distance between the feature
vectors of the two endpoint nodes.

Link Prediction (Ridge). This baseline adopts a supervised learning
approach to predict edge weights, following the learning based link
prediction framework in [26]. Existing edges E are labeled as 1,
while an equal number of randomly sampled non-existing edges
are labeled as 0. Each edge (existing or non-existing) is represented
by the concatenation of the 256-dimensional edge feature vector
from 6.1.1. A ridge regression model is trained on this labeled data
to estimate link scores for all edges e;; € E. In each round, the k
edges with the highest predicted scores are selected.

Link Prediction (GraphSAGE). This method leverages node em-
beddings generated by the GraphSAGE algorithm [18]. Similar to
the Ridge baseline, the concatenated embeddings of node pairs are
passed through a neural network-based scoring function to produce
link scores. The top-k edges ranked by these scores are selected
in each round. We follow a hyperparameter setting [30] for this
baseline.

Link Prediction (NCNC). This baseline employs the Neural Com-
mon Neighbor (NCNC) model [40], a state-of-the-art link prediction
approach to generate the link score of all edges in the network,
where each node is represented by the 128-dimensional feature
vectors from 6.1.1. In each round, candidate edges are ranked by
their link scores, and the top-k edges are selected. We follow the
authors’ default configuration [40] for hyperparameter setting.

6.3.2 Online Learning Models . We employ an online learning
baseline in which model parameters are updated incrementally us-
ing Stochastic Gradient Descent (SGD) [7]. Each of the k selected
edges triggers a gradient update, allowing the model to adapt con-
tinuously without retraining from scratch. Specifically, we adopt
SGDClassifier with the partial_fit routine [33], where each
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of the k selected edges is labeled as positive if the recipient node
becomes activated and negative otherwise. In each round, edges in
the pool are ranked by their SGD-estimated probability of being
positive, and the k edges are selected. The model parameters are
then updated online by treating edges with activated and inactive
recipient nodes as positive and negative examples, respectively. We
consider two variants of this baseline:

SGDgxpioir- A purely exploitative variant where, in each round,
the top-k edges with the highest estimated probabilities are selected.

SGDgxplore- A purely exploratory variant where, in each round,
k edges are selected uniformly at random from the candidate pool,
regardless of the estimated probabilities.

6.3.3 Bandit Models. We also evaluate two contextual multi-
armed bandit (CMAB) algorithms. Unlike static or purely online
learning approaches, these models aim to minimize cumulative
regret by adaptively selecting the top-k edges in each round.

LinUCB. This baseline assumes that the expected reward (i.e.,
the influence probability) is a linear function of the edge feature
vector [29]. This makes it well aligned with our experimental setting,
as influence probabilities are generated as linear combinations of
edge features. We set @ = 2.0 for LinUCB.

EENet. This baseline does not rely on the linearity assump-
tion [6]. Instead, it learns low-dimensional representations to im-
prove reward estimation and accelerate convergence compared to
standard LinUCB, making it suitable for capturing more complex
feature—influence relationships. We follow the authors’ default con-
figuration [6] and perform a grid search over learning rates for each
dataset, reporting the best-performing results.

6.3.4 Bandit Models for Influence (InfluenceCB). Our pro-
posed framework, InfluenceCB, leverages CombLinUCB [41] as
the CMAB algorithm to learn edge-level peer influence probabil-
ities. It dynamically learns C; over rounds to optimize a specific
objective O as InfluenceCB(f, O). When C; is fixed across rounds,
we denote the variant as InfluenceCB(f, C).

6.4 Experimental setup

In each round, for each action, a reward is generated based on
the true peer influence probability (unknown to the algorithms).
To compute RMSEr, we reserve a fixed subset of [E| = 500 edges,
removed from the network in advance to ensure an unbiased evalu-
ation. For all online and bandit algorithms, we conduct experiments
under two edge selection settings in each round: (i) selecting k
edges from a pool of 500 edges randomly sampled from the net-
work (network-based), and (ii) selecting k edges from the pool of
a randomly selected node’s neighbors (neighbor-based) in each
round. Due to space constraints, we only include the results for the
network-based setting, noting notable differences between them
when needed. In the Appendix, we include the Pareto frontier trade-
off for both selection settings.

For InfluenceCB, we consider four experiments. In the first
experiment, we evaluate InfluenceCB(f,C) under varying f €

{0.0,0.25,0.30,0.35, 0.40, 0.45,0.50,0.75, 1.0} and fixed C € {1,3,5,7,9}

to show the Regretr and RMSEr tradeoff. We also run an experi-
ment where the ground truth influence probabilities are generated
from a non-linear model, in order to check the robustness of our

Regret (C=1) Regret (C=5) Regret (C=9) —— RMSE (C=3) —— RMSE (C=7)
Regret (C=3) Regret (C=7) —— RMSE (C=1) —— RMSE (C=5) —— RMSE (C=9)
Flickr: Network-based Blogcatalog: Network-based

RMSE;
" RMSEr

00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10

Figure 1: Trade-off between cumulative regret (Regretr) and
estimation error (RMSET) in InfluenceCB(f, C) across linear
network-based settings on the semi-synthetic datasets. The
results illustrate how increasing C shifts the trade-off: larger
C consistently reduces Regretr but leads to higher RMSEr,
with the trade-off depending on the choice of .

method when the function is misspecified. The third experiment
evaluates InfluenceCB(f, O) with dynamically optimized C; for
objectives, O € {Regret, RMSE} using S € {0.25,0.50} and k = 5.
We compare our variants against baseline methods. In the fourth
experiment, we compare InfluenceCB(f, O) variants with O €
{Regret, RMSE} and § € {0.25,0.50} across k € {5, 10, 15, 20, 25}
for both settings. All experiments are repeated 10 times, and we
report the average results across these repetitions.

6.5 Experimental results

6.5.1 Effect of f andC onRegretr and RMSE7 inInfluenceCB(f, C)
under linear setting. Figure 1 shows the trade-off in our network-
based experiments: when f = 0.25 (favoring optimal regret), in-
creasing C from 1 to 9 reduces Regretr (as expected) by 53.7% and
57.5% on the Flickr and BlogCatalog datasets, respectively, while
increasing RMSEr by 142.1% and 136.7%. Similarly, for # = 0.50 (fa-
voring optimal RMSE), the same increase in C results in a 37.6% and
60.2% reduction in Regretr on Flickr and BlogCatalog, respectively,
accompanied by a 21.2% and 34.7% increase in RMSEr. A similar
pattern is observed in the neighbor-based experiments.

Furthermore, the choice of C strongly influences the trade-off
between regret minimization and estimation accuracy. When f§ =
0.25, C = 3 yields the lowest Regretr, while C = 1 achieves the
lowest RMSEr across both datasets. For f = 0.50, C = 9 leads to
lowest Regretr, whereas C = 5 leads to the lowest RMSEr. Overall,
C = 3 provides a good balance between Regretr and RMSEr for
B =0.25, whereas C = 7 achieves a good trade-off for § = 0.50. A
similar pattern is observed in the neighbor-based experiments.

Overall, these results demonstrate that given f, careful tuning
of C is crucial for achieving a good Regretr—RMSEr tradeoff.

6.5.2  Effect of f andC onRegretr and RMSE7 inInfluenceCB(f, C)
under non-linear setting. When the underlying function is misspec-
ified, the results exhibit a similar overall pattern to those in Sec-
tion 6.5.1: Regretr behaves as expected for the most part but RMSET
has a more idiosyncratic behavior. The full experimental setup and
additional results are provided in Appendix 8.4, along with Figure 4.

6.5.3 Comparing InfluenceCB(p, O) to the baselines. Table 1 sum-
marizes the performance of InfluenceCB(f, O) variants compared



to the LinUCB baseline. All static methods have higher RMSEr and
Regretr than all four variants of InfluenceCB. In Figure 3 in the
Appendix, we provide the detailed Pareto frontier visualization for
our method vs. online and bandit baselines.

In network-based setting, on Flickr, InfluenceCB(0.25, Regret)
achieves 4.5% lower Regret than LinUCB with 4.5% increase in
RMSE7, whereas InfluenceCB(0.25, RMSE) reduces RMSET by 31.1%
at the cost of a 24.2% increase in Regretr. Increasing f further bi-
ases the model towards exploration: InfluenceCB(0.50, Regret) and
InfluenceCB(0.50, RMSE) reduce RMSET by 60.3% and 60.4%, re-
spectively, but incur 98.5% and 180.1% higher Regretr. A similar
trade-off pattern is observed on BlogCatalog. The InfluenceCB(0.25,
Regret) variant outperforms LinUCB in Regretr by 1.3% with a

slight (3.5%) RMSE7 increase, while InfluenceCB(0.25, RMSE) achieves

a 25.4% reduction in RMSET with a 14.8% Regrett increase. High-f
configurations further improve estimation accuracy, with
InfluenceCB(0.50, Regret) and InfluenceCB(0.50, RMSE) lowering
RMSE7 by 49.3% and 63.1% at the cost of 81.2% and 226.9% higher
Regretr, respectively. These results demonstrate that InfluenceCB
expands the Pareto frontier beyond LinUCB, providing tunable
trade-offs between Regretr and RMSEr depending on the applica-
tion’s priorities. A similar pattern is observed in the neighbor-based
experiments.

6.5.4 Effect of k on the Trade-off Between Regretr and RMSEr
in InfluenceCB(f, O). Figure 2 shows how the number of inter-
ventions k affects the trade-off between Regretr and RMSEr for
InfluenceCB(p, O) relative to LinUCB in network based setting.
Across both Flickr and BlogCatalog, increasing k amplifies the trade-
off, with estimation error reductions becoming more pronounced
but accompanied by larger regret increases as the k grows. For
example, InfluenceCB(0.25, Regret) consistently achieves compa-
rable or lower Regretr than LinUCB, with up to 4.54% decrease
on Flickr and 8.43% on BlogCatalog, and this advantage remains
stable as k increases. However, the corresponding RMSEr increases
slightly (about 3-4%). In contrast, InfluenceCB(0.25, RMSE) ex-
hibits a stronger dependence on k: RMSEr reduction grows from
around 30% at k = 5 to more than 45% at k = 25, but this im-
provement is accompanied by a Regretr increase from roughly
14% to 46%. The increase in k is even more evident at f = 0.50.
InfluenceCB(0.50, Regret) reduces RMSET by 33%-60% as k grows,
but Regretr rises sharply from 81% to over 116%. Similarly,
InfluenceCB(0.50, RMSE) achieves up to 60% reduction in RMSET,
but Regretr increases dramatically, from about 180% to over 330%
as k increases from 5 to 25. This indicates that a larger k intensifies
exploration-driven effects.

Overall, these results reveal that the influence of k on perfor-
mance is tightly coupled with . f = 0.25 settings scale more
gracefully with k, maintaining near-optimal regret while offering
moderate estimation improvements, whereas f§ = 0.50 configura-
tions leverage larger k to substantially reduce estimation error but
at steep regret costs. This highlights InfluenceCB’s adaptability
to varying k, enabling practitioners to balance exploration and
exploitation according to deployment needs.

Notably, the trends in the neighbor-based setting follow the same
qualitative pattern but with more volatile changes in both Regretr
and RMSEr, indicating that the sensitivity to k is stronger.
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Table 1: Regretr and RMSET achieved by InfluenceCB(f, O) on
the Flickr and BlogCatalog datasets with network-based edge
selection.

Method Flickr BlogCatalog
Regretr | RMSEr | Regretr | RMSEr ]
Static Models
Random 5412 0.3296 5426 0.3018
Similarity 5504 0.3439 5585 0.4757
Link Prediction (Ridge) 5083 0.1066 6447 0.1810
Link Prediction (GraphSAGE) 4772 0.4325 5620 0.2430
Link Prediction (NCNC) 4579 0.2325 4920 0.2130
Bandit Models (CMAB)
LinUCB 2245 0.0599 1144 0.0959
EENet 2146 0.0991 1718 0.1517
Online Learning
SGDExplore 5426 0.0665 5428 0.0894
SGDxpioit 920 0.0968 1052 0.1781
Ours: InfluenceCB
InfluenceCB(0.25, Regret) 2143 0.0626 1129 0.0993
InfluenceCB(0.25, RMSE) 2788 0.0413 1313 0.0715
InfluenceCB(0.50, Regret) 4456 0.0238 2074 0.0486
InfluenceCB(0.50, RMSE) 6288 0.0237 3742 0.0354
—e— InfluenceCB(0.25, Regret) +— InfluenceCB(0.50, Regret)
InfluenceCB(0.25, RMSE) = InfluenceCB(0.50, RMSE)
Flickr - Regret § Flickr - RMSE
300 s S—

g 250 -10

5 10 15 20 25 5 10 15 20 25

Figure 2: Tradeoff between Regretr (solid) and RMSEr (dotted)
for InfluenceCB variants compared to LinUCB for varying k.

7 Conclusion and Future Work

This work introduced a novel formulation of learning heteroge-
neous peer influence probabilities in networked environments un-
der a contextual linear bandit framework. We proved the existence
of a fundamental trade-off between cumulative regret and estima-
tion error, characterized the achievable rate pairs, and showed that
no algorithm can achieve the optimal rates for both simultaneously.
Building on this theoretical insight, we proposed InfluenceCB that
leverages uncertainty-guided exploration to navigate the Pareto
frontier and enables explicit control over the exploration-exploitation
balance through a parameter. Our empirical evaluation on semi-
synthetic network datasets corroborates the theoretical results,
demonstrating that InfluenceCB can achieve good trade-off be-
tween estimation accuracy and regret, unlike static, online learning,
and contextual bandit baselines. Future work will focus on extend-
ing this framework beyond the linear setting to capture non-linear
influence dynamics and adapting the approach to dynamic or par-
tially observed networks.
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8 Omitted Proofs

In this section, we present the omitted proofs of the theoretical
results.

8.1 Proof of Lemma 4.1

Here, we present the proof of Lemma 4.1.

Proor. We first introduce two notations:
M
M-1 . _ T
VweAl/k : M(w) = ijXij,
=

lully = VuTVu.

If the kT total selections are allocated proportionally to w}, then
the design matrix satisfies

YueR% VeR¥:

T k
Vp = AH+ZZXMX,T, = AL+ kT M(W).

t=1 r=1
Since A = B= A~! < B7!, for any X; € A,
X[ ViX; = X[T(AL+ kT M(w})) ™X;
1 [ (AK)
kT kr
Let Or be the ridge estimator with parameter A > 0. Since rewards

are binary, they are %—sub—Gaussian. From the self-normalized
bound in [1], for any § € (0, 1), with probability at least 1 — J,

16 - 6"llvy < Pr(d),

< =X M(wp)'X; <

where
2
Pr(6) = iyJdlog(ZLL) + VE[I0° L, @

and L = max; || X;||2.
To move from parameter error to prediction error for X;, we
apply Cauchy-Schwarz in the Vr-inner product:

X (Br-67)1 = (v X5, V2 (Br-07)] < IIXilly o 116767l
Thus, with probability at least 1 — 4,
XT(Or =09 < Br(d) yXTVi'Xe < pr(o) .

By definition,

1

RMSEr = || o (X7 (6r —6%)%|.

Mz

Il
N

The uniform bound above implies

RMSE; < fir(8) 28,

Finally, choosing 6 = % and taking expectations yields

E[RMSE7] < (5(#@),

where (j() hides logarithmic factors in d, kT, and confidence pa-
rameters. This completes the proof. O
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8.2 Proof of Theorem 4.2

Proor. We begin by presenting a known lower bound in the
literature on the expected estimation error for Bernoulli random
variables.

Lemma 8.1 (Expected estimation error for the Bernoulli mean).
Let Xi,...,X; be ii.d. samples from a Bernoulli distribution with
success probability p € [i, i], and let p be any estimator of p. Then
there exists a universal constant C > 0 such that, for allt > 1 and all
peli il

p(1-p)

Ep[lp-pl] = C —

We construct an instance (Ao, 6;) as follows. Let the action set
be

(1,0, %m3, . s Xma), 1<m<k,

Ao ={X1,...,. Xm}t, Xm=
0= m} " {(O,l,xm,g;,...,xm,d), k<m<M,

and set the true parameter vector to

b5 = (%, . 0,...,0).

The expected reward of arm m is X,},0;, so the first k arms are
high-reward arms with mean 3/4, and the remaining M — k arms
are low-reward arms with mean 1/4. The expected reward gap is
thus 1/2.

Fix any policy r that selects k arms per round for T rounds, for a
total of kT plays. Let a € [0, 1] denote the expected fraction of plays
allocated to high-reward arms, so that a fraction 1 — a corresponds
to plays of low-reward arms. Define f§ = W
kT(1 — @) = T?. The total expected regret is then

, equivalently

1
Regret; (7, Ao, 0;) = 7 X (# of plays on low-reward arms)
1
=S (kD)(1-a) € o(T?).

Let Njow denote the (random) number of plays of low-reward
arms, so that E[Njy ] = kT (1 — @). Each time a low-reward arm is
played, the observed reward follows Bernoulli(1/4) and provides
information only about the second coordinate 67, = i. Conditioned
on the (possibly adaptive) history of actions, these Njo,, samples
are i.i.d. Bernoulli(1/4).

By the definition of RMSE,

1 A 2
RMSEr (7, Ay, 0y) =E| . [— XT(6r -6
T(” ﬂo O) |ﬂ|);,ﬂ( ( T 0))

(X7 (0r - 6;))"

1
ZEﬁZ

X low-reward

> K g1, - 2]

where éT,z denotes the estimate of the second coordinate of 0, and
the last inequality follows from the Cauchy-Schwarz inequality.
Applying Lemma 8.1 with p = { yields

N 1
E[Ier,z—ﬂ | Nlowzn] > = foralln > 1,
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for some universal constant C’ > 0. Taking expectations and ap-
plying Jensen’s inequality to the convex function n +— 1/+/n, we
obtain

N c’ C’
E||07, - 1| > = .
167241 2 VENew] VKT -a)

Combining these inequalities gives

M-

_ M-k -5
MkT(—a) © 2T

RMSEr (7, Ap, 05) > C’
where constants depending on k are absorbed into the asymptotic
notation. This completes the proof. O

8.3 Proof of Theorem 5.1

Proor. Let the set of available actions be fixed as A for all
rounds, and let V¢ : C; = C. For each round ¢t and arm X € A,
denote by N; (X) the number of times Algorithm 1 has selected arm
X up to round ¢. For any u € R? and V € R%*?, define

[[ully = VaTVu.
The uncertainty of arm X at round ¢ is given by U;(X) = || X ”Vzil{
Let m;(X) denote the number of times s < t such that u, > C/s?
and arg maxx’ec z ”X,||V;11 =X.
We first show that for all t and X € A,
1

VN (X))

X y-s < ®)

Recall

Vi = A + izklxs,,xg,

s=1 r=1
= A + Z N(X)X'X'T = Ny(X)XX".
X'eA
For any positive semidefinite matrix A and any vector u, the
Cauchy-Schwarz inequality in the A-inner product yields
(uTw)?

uTA Tl < = .
uTAu

Apply this with A =V; and u = X:
X 4 X 4
XTVEIX < X113 < XI5
XTViX © XT(Ny(X) XXT)X
X115 1

SN (XTX)? T Ne(X)

Equivalently,

1
IX[ly-1 = JXTVIX < .
! VN (X)

Then, we prove the following upper bound on m;(X):

2

Lets; < s3 < -++ < Sy, (x) be the rounds up to ¢ at which X is
(i) the maximizer of uncertainty and (ii) has uncertainty above the
threshold, i.e.,

’
- = - >
arg g X =X, Xl

By the algorithm’s exploration rule, X is selected at each such round,
hence the play count increases strictly:

N;;(X) = Ng;j-1(X) + 1.
Inductively, Ns;—1(X) > j— 1forall j > 1. Therefore, by Step 1,
1 1
< < —.
VN1 (X)) Vi-1
Combining with the threshold condition gives, for every j > 2,

C P e
> — = j-1< = <
s
J

X1y -
sj—1

1
j-1

cz = ¢

Thus j < 1+ t?#/C? for all such indices. Including the base case
J =1 (which trivially satisfies the same bound), we obtain

t2h 21%

Y 1< el for all sufficiently large t.
Summing over X € A then gives

oM
Z mr(X) < = T1%,
CZ
XeA

m(X) <

which shows the total number of rounds that our algorithm per-
forms the exploration. On all of the other rounds, we are play-
ing based on an optimal regret minimization subroutine, like the
CombLinUCB algorithm[41], where we can use their regret upper
bound to bound our regret as

Regretr (InfluenceCB, A, 6%) (7)
< O(ckdVT) + grzﬁ €0 (Tzﬁ), ®)

where we use f§ > i.
We now prove that

2C

L <=
Xy < =5 ©)
Since V; = V;_1, the uncertainty || X ||V;1 is monotonically decreas-

ing in £. I [|X]|y-1 > ;—g, then for all t < T,

x C
[ ||V;1 > 5 > W
implying that for all t € [T/2,T], we have u; > C/t# and the
algorithm explores. However, this would require
T 2M
R G
2 C?
which fails for large T for f < %, and for f§ = %, the constant
C can be chosen to be large enough to fail this inequality. Thus,
for sufficiently large T, inequality (9) must hold. For small T, the
constant in the final bound can be adjusted accordingly.
From the self-normalized bound of [1], with probability at least
1 -8, we have for all X € A:

VXeA:

T?F

5

IXT(6r - 6| < Br(6) yXTV; X,

where fr(0) is defined in (4) and is logarithmic in the problem
parameters. By setting § = ﬁ and taking the expectation, and

combining this with (9) implies
IXT (b - 6%)] < é(rﬂ),
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Figure 3: Pareto frontiers of cumulative regret Regretr versus estimation error RMSEr for InfluenceCB(f, O) compared to baseline
bandit and online models on semi-synthetic datasets. InfluenceCB expands the Pareto frontier and enables tunable trade-offs,
with a notably smoother frontier on BlogCatalog. Varying § and C shifts the curve between low-regret and low-error regimes.

Algorithm 2 UpdateC: Adaptive Computation of C;

1: Input: objective O € {RMSE, Regret}, activation rate,
average uncertainty, Cmax, Cmin, ¥, warmup, €

: m; < activation rate if O = Regret else average uncertainty

: Append m; to history buffer hist

: baseline «— mean(hist) if |hist| > warmup else m;

z « (baseline — m;)/(std(hist) + €)

if O = Regret then z « max(0, z)

: end if

: cnew — cmin + (cmax - min)/(l + e—yz)

. if O =Regret then

Ct — maX(Cprev: Cnew)a Cprev — Ct

: else

Cr < Chew

. end if

: return C;

T R T SR )

R e < e
N =

and hence for any instance (A, 6%),

RMSET (InfluenceCB, A, 0*)

1 R )
=E MZ(x;(eT—e*)) €

i=1

o(r’).

This completes the proof.

8.4 Experiments with Non-linear Ground-truth
Influence Model.

To capture non-linear interactions among edge features, we syn-

thetically generate peer influence probabilities using a feed-forward

neural network. Given the feature vector ¢;;.X € R for edge e;;,

the probability e;;.p is computed as
h; = tanh(Wleij.X + bl), h, = tanh(W,h1 + by),
Z=V\/3h2+b3, e,-j.p=0'(§),

where W, € RIZBX256 y, ¢ RO*X128 and Wy € R1X%* are weight

matrices with entries drawn uniformly at random from [-1, 1],
b; € R b, € R% and b, € R are bias terms, tanh(-) denotes the

Regret (C=1) Regret (C=5)
Regret (C=3) Regret (C=7)
Flickr: Network-based

Regret (C=9)
RMSE (C=1)

—— RMSE (C=3) —— RMSE (C=7)
—— RMSE (C=5) —— RMSE (C=9)
Blogcatalog: Network-based

RMSE;
“RMSE;

00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10

Figure 4: Trade-off between cumulative regret (Regretr) and
estimation error (RMSET) in InfluenceCB(f, C) under a non-
linear network-based setting. Peer influence probabilities
are generated via a feed-forward neural network to simulate
model misspecification. Results on Flickr and BlogCatalog
show that while Regretr trends remain consistent with the
linear case, RMSEr exhibits more irregular patterns as f and
C vary.

hyperbolic tangent activation, and o(+) is the sigmoid function en-
suring e;;.p € (0,1). The scalar 7 = 4.0 is a temperature parameter
that controls the sharpness of the probability distribution.

This experiment follows the same setup as the second experiment
but employs the synthetically generated peer influence probabilities
described above to investigate how the generation model misspeci-
fication impacts the trade-off between cumulative regret Regretr
and estimation error RMSEr. The observed trade-off are presented
in Figure 4. A similar pattern is observed in the neighbor-based
experiments.
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