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Abstract

Causal bandits (CBs) provide a principled ap-
proach to the sequential design of interventions
(experiments) on causal systems to optimize any
desired utility of interest. Implicitly, CB algorithms
learn the causal model while performing experi-
ments, to the extent that the model’s information
is needed for optimizing the desired utility. This
paper provides a perspective and framework for
viewing and analyzing causal Bayesian optimiza-
tion (CBO) through the lens of CBs. Despite their
distinctions, CBO and CB problems share the same
principle: causal structure can be used to share
information across interventions and avoid treat-
ing actions as independent alternatives. Specifi-
cally, this paper first compares the two lines of
literature on CBs and CBOs with respect to the
roles of graph structures, intervention models, and
function-class assumptions, distinguishing graph-
theoretic sources of complexity from those aris-
ing from posterior surrogate-model complexity. Fi-
nally, it identifies open problems in CBO that can
be addressed using recent advances in CBs.

1 INTRODUCTION

Large-scale physical and engineered systems are often mod-
eled as networks of interconnected components whose be-
haviors are coupled through complex dependencies. Unlike
standalone input-output systems, where each component can
be studied largely in isolation, networked systems exhibit
interactions in which the state or behavior of one compo-
nent mediates the behavior of several others. As a result,
the performance of the overall system cannot be reliably
predicted by analyzing individual components separately;
it must instead be understood through the behavior of the
network in unison.

A natural way to represent such dependencies is through
causation: a formal way of modeling how changes to one
component of a system propagate to others. Causal rela-
tionships go beyond statistical associations by specifying
how the system would respond to deliberate modifications.
In a power network, for instance, causation captures how
a line outage affects downstream load redistribution; in a
robotic pipeline, it describes how changing a controller gain
affects motion, stability, and task completion; in a biologi-
cal network, it characterizes how an intervention on a gene
modifies downstream expression patterns. Thus, causal rela-
tionships provide an operational framework for reasoning
about the cause-and-effect relationships in complex systems.

In many real-world systems, a key goal is to optimize
a network-level utility generated by such causal systems.
Without knowledge of the causal relationships, this requires
exploring a broad range of possible changes to the system.
In contrast, should the underlying causal mechanisms be
known, these could be exploited to improve learning and
decision-making: one could use such structural informa-
tion to narrow down the set of potentially optimal changes
by leveraging information shared across changes, thereby
reducing the number of samples needed to obtain a given
guarantee. However, in practice, causal relationships are
often unknown a priori. The learner may know part of the
graph or need to estimate local mechanisms from limited
data while optimizing its utility. This raises a fundamental
sequential decision-making question: how should data be
allocated between learning the causal system and using the
learned structure to optimize the network-level utility?

Causal bandits. Addressing the question above involves
balancing actions that are in spirit in line with the
exploration—exploitation dichotomy. This, naturally, moti-
vates the use of the multi-armed bandit (MAB) framework to
resolve this trade-off. The study in|Lattimore et al.[[2016] in-
troduced causal bandits (CB), in which the arms correspond
to distinct possible intervention on one or more components
of a causal system. An intervention’s impact is inducing



changes in the statistical models that generate the data of
the nodes intervened. The system’s utility is conventionally
represented by the value of a leaf node in the causal graph
(or by a dummy node added as a leaf to the graph). The
learner’s objective is to identify, or repeatedly select, an
optimal intervention that maximizes the expected reward
under the induced post-intervention distribution. Induced
by the underlying causal structures, the arm choices and
associated utilities are not statistically independent and are
not independent alternatives.

Reducing causal bandits to classical MABs, where no causal
information is used, and each arm’s utility is estimated inde-
pendently, leads to a curse of dimensionality in the cardinal-
ity of the intervention space. For instance, when the causal
graph has /N nodes, and there is only one possible interven-
tion model per node, the intervention space has cardinality
2N With multi-valued or continuous interventions, the size
of the action space can become infinite. Since canonical
bandit algorithms typically incur regret that scales with the
number of arms, treating interventions as unrelated actions
leads to at least exponential dependence on the number of
nodes N. This motivates the central question of causal ban-
dits: can the causal structure be learned and leveraged to
share information across interventions and thereby reduce
the statistical cost of sequential experimentation?

Causal Bayesian optimization. A closely related view-
point arises from Bayesian optimization (BO), another se-
quential framework for optimizing an unknown objective
using adaptively chosen queries. While various MAB for-
mulations investigate the cumulative cost of repeatedly se-
lecting suboptimal actions, BO is often used when each
evaluation is costly and the learner therefore maintains a
probabilistic surrogate of the unknown objective to decide
where to query next. This naturally raises a causal analog:
what if the queries are not ordinary inputs, but interventions
on variables generated by a structured causal system?

Addressing this question leads to considering causal
Bayesian optimization (CBO)|Aglietti et al.|[2020]. In CBO,
the learner chooses both where to intervene in the causal
system and how to set the intervened variables, aiming to
optimize the expected downstream outcome of the result-
ing intervention. Thus, CBO may be thought of as a struc-
tured causal bandit problem and viewed through a Bayesian
lens, in which the utility of each intervention is represented
through a posterior model over interventional response func-
tions. The causal graph couples these response functions:
observations collected under one intervention can inform
beliefs about other interventions, enabling more sample-
efficient optimization than treating each intervention inde-
pendently.

Related works. The core idea of leveraging the causal
structure to reduce the intervention search space has led

to a growing literature that can be organized along two
broad axes: i) what is known about the causal graph, and
ii) what type of interventions and mechanisms are assumed.
In the known-topology setting, early works study atomic
do-interventions with unknown interventional distributions,
using the graph to propagate information across interven-
tions rather than treating them independently [Lu et al.|
2020\ |Yabe et al.,|2018|, Xiong and Chen,[2023]]. Subsequent
works consider richer intervention models, including soft
interventions in linear structural equation models, in which
regret depends on graph parameters such as in-degree and
path length rather than the full intervention count|Varici et al.
[2023]]. More recent results extend this viewpoint to nonlin-
ear causal mechanisms and broader classes of interventions
Yan et al.|[2024c]. A parallel line of work studies partially or
fully unknown graphs, where the central challenge is to learn
only the reward-relevant structural information needed for
effective intervention selection [Lu et al.|[2021]], Konobeev.
et al.|[2025], [Feng and Chen|[2023]], [Elahi et al.| [2024], Yan
and Tajer|[2024].

Contributions. This paper develops a unified view of
CBO through the lens of structured causal bandits. First, we
formulate CBO as a sequential intervention design problem
in which interventions serve as actions and the downstream
outcome determines the reward. Second, we compare the
CBO and CB literature within a common framework, sepa-
rating dependencies that arise from the causal graph, such as
degree, path length, and intervention cardinality, from those
induced by the surrogate function class, such as Gaussian-
process information gain or more general function-class
complexity. Finally, we identify open CBO problems that
can be investigated by recent advances in causal bandits.

2 CAUSAL BANDITS

Consider a system described by a collection of random
variables X := (X1,..., Xy ), where each variable repre-
sents one component of the networked system. The causal
relationships among these variables are encoded by a di-
rected acyclic graph (DAG) G := ([N], E), where an edge
¢ — j indicates that X; is a direct cause of X;. In a causal
Bayesian network, the observational distribution factorizes
according to the graph as

N
p(@) = [ i@ | 2pags) o
=1

where pa(i) denotes the set of parents of node i. Equiva-
lently, one may view the system through a structural equa-
tion model (SEM) as follows.

X = fi(Xpa(i)7 UZ) ’

where U; is an exogenous noise variable and f; is the lo-
cal causal mechanism generating X; from its direct causes.

ie[N], @)



Throughout, we denote the reward variable by ¥ = Xy
and assume, following the standard causal bandit conven-
tion, that the reward node is a leaf of the graph. This is
without loss of generality for decision-making, since vari-
ables downstream of the reward do not affect the learner’s
objective.

An intervention is an action that modifies one or more local
causal mechanisms. Let .4 denote the set of available inter-
ventions. Each intervention a € A targets a subset I, C [N]
and replaces the original conditional kernel p;(x; | Zpa())
by an intervention-specific kernel g{' (z; | Zpa(;)) for every
1 € I,. The resulting post-intervention distribution is

pa(I) = H pi(zi | Ipa(i)) H qf(xz | xpa(i)) . 3

i¢l, iel,

This formulation includes several common intervention
classes. A do-intervention fixes a variable to a prescribed
value, so that ¢{' (z; | Zpae)) = 1{z; = x{}. A stochastic
hard intervention removes parental dependence but random-
izes the target variable according to ¢¥(z;). A soft inter-
vention is more general: it modifies the local mechanism
while retaining possible dependence on the parents through
4 (zi | xpa(i))-

The causal bandit problem proceeds sequentially. At each
round ¢ = 1,...,T, the learner chooses an intervention
a; € A based on the history and observes a realization of
the network utility Y; together with the graph feedback X.
For an intervention a € A, we define its mean reward as
the expectation over the utility y1, := Ep[Y]. We denote
an optimal intervention by a* € argmax,¢ 4 [lq, and seek
to minimize average cumulative regret:

T
Z(Uu* - Ma:)] . (4)
t=1
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The central question is therefore how the causal structure
in (T)—(3) can be used to control regret without enumerating
interventions as independent arms. The aim is to replace de-
pendence on the intervention cardinality by dependence on
structural quantities of the causal model. We note that other
metrics, such as simple regret for best arm identification,
may also be used.

3 CAUSAL BAYESIAN OPTIMIZATION

Bayesian optimization (BO). Let X be a compact de-
cision domain and let f : X — R be an unknown objec-
tive function. In BO, the learner sequentially places queries
x¢ € X for t € [T] and gleans observations

yr = foe) + e, 5)

where {e;};>1 denotes observation noise. After ¢ evalua-
tions, let us denote the dataset D; = {(x;,y;) }i_;. The goal

is to identify a minimizer z* € argmin, . f(x). Canon-
ically, we assume that f belongs to a reproducing kernel
Hilbert space (RKHS) H, associated with a positive-definite
kernel k£ : X x X — R. Equivalently, in the Bayesian
surrogate view, one places a Gaussian process prior on f,
f ~ GP(m,k), where GP(m, k) denotes a stochastic pro-
cess whose finite collections are jointly Gaussian with mean
function m and covariance kernel k. Conditioning on D;
yields the posterior process f | Dy ~ GP(u, ki), where
e » X — R is the posterior mean and k; : X x X — Ris
the posterior covariance kernel. Accordingly, the posterior
variance at x is given by 0Z(z) = k(z, z).

Causal Bayesian optimization (CBO). Causal Bayesian
optimization (CBO) studies sequential optimization over
interventions in a causal Bayesian network |Aglietti et al.
[2020]. We keep the notation of the causal bandit set-
ting: X = (X1,...,Xn),Y = Xn,and G = ([N], E).
For an intervention a € A, recall that p® denotes the
post-intervention distribution and denote its mean reward
pa = Epa[Y]. Defining an optimal intervention a* €
arg maX,e 4 [la» the objective in CBO is to design a se-
quence of interventions with minimal cumulative regret, as
defined in (). The distinguishing feature of this setting, rel-
ative to the broader causal-bandit formulation, is the regular-
ity assumption on the local mechanisms: each f; is assumed
to belong to an RKHS #H,;, thereby enabling posterior un-
certainty quantification through kernel or Gaussian-process
surrogate models.

Thus, CBO can be viewed as a structured BO problem in
which the objective is not a single black-box function of
ordinary inputs, but an interventional response induced by
a causal system. Model-based CBO [Sussex et al.| [2023a]]
makes this structure explicit by placing surrogate (Gaussian
process) models on the local mechanisms {f;} 2 ;.

4 FROM CB TO CBO: ADVANCES &
GAPS

Algorithmic viewpoints. CB algorithms are built on the
principle that interventions are coupled through a common
causal system and should not be learned as independent
arms. Under do interventions, the graph is typically used to
identify reward-relevant variables, prune the effective inter-
vention set, and estimate intervention values through shared
observational or interventional distributions. This yields
UCB, Thompson sampling and pure-exploration algorithms
whose guarantees scale with graph-dependent quantities
rather than only with the number of arms [Bareinboim et al.,
2015 [Lattimore et al.l 2016, [Lu et al., [2020, [Yabe et al.,
2018}, Xiong and Chen, 2023} [Feng and Chenl 2023 Sawarni
et al.}2023]]. Under soft interventions, the emphasis shifts
from pruning intervention targets to learning local mecha-
nisms and propagating their uncertainty through the graph



[[Sen et al., 2017, |Varici et al., 2023| Yan et al., 2024 albic].

CBO follows the same structural principle, but implements
it through Bayesian optimization. Instead of constructing
bandit rules directly over arms, CBO places probabilistic
surrogates on interventional response surfaces and selects in-
terventions using acquisition functions. Early CBO methods
exploit known causal structure to restrict the intervention
search space, in a spirit related to possibly optimal mini-
mal intervention sets [[Aglietti et al.| 2020, |Gultchin et al.}
2023]]. Model-based CBO goes further by placing GP sur-
rogates on the local causal mechanisms and propagating
posterior uncertainty through the graph, paralleling the soft-
intervention view in causal bandits [Sussex et al., [2023a)
Varici et al., [2023]]. Thus, causal bandits and CBO share
the same organizing idea: structural information sharing
across interventions. At the same time, they also differ in
how uncertainty is represented and operationalized: causal
bandits through regret-minimizing sampling rules, and CBO
through surrogate models and acquisition functions.

Existing CBO guarantees. |Aglietti et al.| [2020] intro-
duced causal global optimization and the CBO algorithm,
combining causal Gaussian-process priors, causal expected
improvement, and an e-greedy rule for the observation—
intervention trade-off. Their analysis relies on identifiability
through do intervention and the usual properties of the sur-
rogate model, but it does not provide a finite-time regret
guarantee for the full CBO procedure. Subsequent inves-
tigations extend this design in several directions: |Aglietti
et al.|[2021] extend CBO to dynamic settings with time-
dependent causal graph evolution, |Aglietti et al.[[2023]] in-
corporate feasibility constraints through constrained causal
acquisition functions, |Arsenyan et al.|[2023]] study contex-
tual CBO, where observational variables are used as con-
texts for choosing intervention values, and the algorithm
searches over policy scopes that combine contextual and in-
terventional variables, |Gultchin et al.|[2023]] extend CBO to
functional contextual interventions, and Bhatija et al.| [2025]
extend the framework to multi-objective causal optimiza-
tion through Pareto-style intervention pruning. For unknown
graph structure, |Branchini et al.|[2023|] incorporate graph un-
certainty through an information-theoretic acquisition rule,
while | Durand et al.|[2025]] focus on learning a posterior over
the direct parents of the target; this latter strategy shares a
similar local-structure-learning idea with unknown-graph
causal bandits |Lu et al.| [2021]], [Konobeev et al.|[2025]. [Sus{
sex et al.| [2023al] formalize model-based CBO (MCBO),
which learns the structural mechanisms f; rather than fitting
a separate GP to each intervention-response surface. This is
close to CB algorithms that estimate reusable local quanti-
ties rather than the full arm means. Under a known graph,
full observation of the system, calibrated GP uncertainty,
and smooth soft interventions, MCBO obtains the first non-
asymptotic sublinear cumulative-regret bounds for CBO of

the order
Lt1

O(d 7> NVT) ©)
where d is the maximum degree, L is the longest causal
path and 7 is the information gain. Thus, the guarantee
avoids direct dependence on the number of intervention
sets and instead depends on graph-specific parameters and
information gain. Sussex et al. [2023b] extend this model-
based perspective to adversarial CBO, where uncontrolled
external interventions are handled through multiplicative
weights and optimistic counterfactual reward estimates.

Advances in CB. The CB literature has developed sharper
finite-time analyses for related, but not identical, interven-
tion models. For known graphs and linear SEMs with soft
interventions, |Varici et al.|[2023]] avoid estimating the oN
interventional reward distributions directly and instead, esti-
mate the SEM parameters. Their upper bound scales as

O (d-=#VNT), @)
with a lower bound
Q (d%*\/f) . ®)

Yan et al.|[2024c] extend this mechanism-estimation view-
point beyond linear SEMs to general Lipschitz structural
functions and generalized soft interventions, including in-
finitely many interventions. Their regret bound depends on
the graph parameters and on the complexity of the mecha-
nism class, through quantities such as the eluder dimension
dim(F) and covering number cn(F) as

o (KdL—l /T dim(F)log cn(f)> : )
with lower bounds specialized to several SEM classes.

Gaps. Recent advances in causal bandits point to sev-
eral open directions for CBO. First, existing performance
guarantees should be sharpened to separate intrinsic graph
dependence from artifacts of GP confidence propagation. In
particular, a more refined theory should clarify how quanti-
ties such as graph depth, maximum in-degree, reward ances-
tors, and graph cardinality interact with information-gain
terms from the surrogate model. Second, the current model-
based CBO largely assumes known graphs and fully ob-
served systems; extending CBO to unknown or partially
known topologies, latent confounding, and partial observa-
tion remains a major open challenge, with recent causal-
bandit developments offering natural starting points [Lee!
and Bareinboim, 2018|, |Yan et al., [2024bl |Park et al., 2025,
Elahi et al., [2024} [Yan and Tajer;, [2024]]. Finally, computa-
tion is a central bottleneck: optimistic CBO acquisition rules
may require global optimization over intervention parame-
ters and plausible causal mechanisms. A mature theory of
CBO should therefore pair regret guarantees with tractable
algorithms, or develop approximation-aware regret bounds
for practically implementable acquisition procedures.
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