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Abstract. Belief-Desire-Intention (BDI) agents encode causal assump-
tions implicitly within their plan libraries and belief-update rules, with-
out formally representing or reasoning over causal structure. This limits
their ability to detect confounding, distinguish correlation from cau-
sation, and adapt to environments with latent variables. We present
CAusaLBDI, an architectural pattern that augments Jason/AgentSpeak
agents with an explicit structural causal model (SCM) maintained by
an external causal inference server. The agent progresses through an
epistemic lifecycle: (1) a naive phase with epsilon-greedy exploration
to collect randomised-policy data, (2) causal discovery via Fast Causal
Inference (FCI) on data from random action selection to detect latent
confounders, (3) an epistemic transition where beliefs shift from corre-
lational to causal, and (4) a causal policy phase using proxy-stratified
estimation, sensitivity analysis, and Thompson Sampling. We evaluate
the architecture on a navigation scenario where a proxy variable (yellow
warning light) misleads naive agents into suboptimal behaviour: over 30
independent runs, the causally-aware agent reduces accident rate by 25%
compared to the naive baseline (p < 0.001), closing 42% of the gap to an
oracle with direct access to the latent confounder. Our work provides a
concrete proof-of-concept for integrating causal learning and reasoning
into the BDI reasoning cycle, bridging the gap between agent program-
ming and causal inference.

Keywords: BDI agents - causal reasoning - structural causal models
- causal discovery - Jason/AgentSpeak - Thompson Sampling - latent
confounders
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1 Introduction

The Belief-Desire-Intention (BDI) architecture [I5] provides an elegant compu-
tational model for rational agents, where beliefs encode the agent’s informational
state, desires represent objectives, and intentions commit the agent to courses
of action via plan execution. Platforms such as Jason [4] and JaCaMo [3] have
made BDI programming accessible through the AgentSpeak language, enabling
agents that operate reactively and proactively in complex environments.

However, as recently emphasised by the CLaRAMAS workshop organisers [I],
the causal knowledge underpinning BDI agent behaviour remains implicit. A
BDI plan library constitutes an informal causal model: the developer encodes
assumptions about which actions lead to which outcomes, but no formal causal
structure is made available for the agent to inspect, refine, or reason over. This
implicit encoding has several consequences: (i) the agent cannot distinguish spu-
rious correlation from genuine causation, (ii) it cannot detect latent confounders
that distort observed associations, and (iii) it cannot perform interventional or
counterfactual reasoning about its own actions.

These limitations become acute in environments with unobserved confounders—
latent variables that simultaneously influence both the agent’s observations and
its outcomes. In such settings, a naive agent that conditions only on observed
variables may adopt a systematically biased policy, a well-documented phe-
nomenon in causal inference [T4J10].

We present CAUSALBDI, an architecture that bridges this gap by augmenting
a Jason BDI agent with an explicit structural causal model (SCM). The agent
actively discovers the causal structure of its environment, estimates causal effects
with appropriate uncertainty quantification, and adapts its policy accordingly.
Rather than proposing a fully general causal reasoning framework, we focus on a
concrete proof-of-concept that demonstrates the feasibility and value of making
causal models explicit within BDI agents. Our contributions:

1. A structured epistemic lifecycle for causal BDI agents, comprising naive
exploration, causal discovery, epistemic transition, and causal exploitation
phases (Sect. [3).

2. A concrete implementation in Jason/JaCaMo with an external Python-
based causal inference server, demonstrating that explicit causal reasoning
can be integrated into BDI platforms through a loosely coupled service-
oriented design that preserves the standard BDI reasoning cycle. (Sect. @

3. Attention to methodological soundness—randomised-policy data for valid
FCI, proxy-stratified estimation with honest uncertainty quantification, sen-
sitivity analysis, and Thompson Sampling for causal bandits—while explic-
itly acknowledging what is and is not identified (Sect. .

4. A demonstration scenario with latent confounding where the naive agent
is systematically deceived, while the causally-aware agent is designed to iden-
tify the proxy structure (Sect. .

5. A quantitative evaluation comparing naive, causally-aware, and oracle
agents over 30 independent simulation runs, demonstrating statistically sig-
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nificant improvement in accident rate (the proportion of simulation steps in
which an accident occurs) after causal discovery (Sect. [7)).

Notation. We use the following abbreviations throughout: BDI (Belief-Desire-Intention),
SCM (Structural Causal Model), DAG (Directed Acyclic Graph), PAG (Partial An-
cestral Graph), FCI (Fast Causal Inference), HPm (modified Halpern-Pearl definition
of actual causality), IPW (Inverse Probability Weighting), KQML (Knowledge Query
and Manipulation Language). Scenario variables: C' = Cleaning, S = Slippery (latent),
Y = Yellow (observed proxy), A = Accident, U = agent’s chosen action.

2 Background and Related Work

Structural Causal Models. Pearl’s SCM framework [I4] formalises causal rela-
tionships through directed acyclic graphs (DAGs) and structural equations. A
key insight is the distinction between observational distributions P(Y | X),
interventional distributions P(Y | do(X)), and counterfactual queries. In the
presence of unobserved confounders, observational conditioning does not gener-
ally yield valid causal estimates—precisely the problem that naive agents face
when they treat correlational beliefs as causal.

Causal Discovery. Constraint-based algorithms such as FCI (Fast Causal In-
ference) [2I] can discover causal structure from data, including the presence of
latent common causes. Unlike the simpler PC algorithm, FCI produces partial
ancestral graphs (PAGs) that correctly represent ambiguity due to unobserved
variables. A critical requirement is that the input data satisfy the algorithm’s
assumptions; in an agent setting, this means that observations used for discov-
ery should come from randomised (interventional) data to avoid confounding the
discovery process itself.

Causal Bandits and Sensitivity Analysis. The connection between causality and
sequential decision-making has been formalised in the causal bandit literature [1212],
where agents choose actions in settings described by causal models. Proxy vari-
able approaches [I3] and sensitivity analysis [16] provide tools for reasoning un-
der unmeasured confounding. However, these methods have not been integrated
into practical BDI agent platforms.

BDI Agents and Implicit Causality. BDI architectures [I5/4] represent a mature
paradigm for cognitive agent programming. A plan +e : ¢ < ai;as; ... implicitly
assumes that executing aq,as, ... under context ¢ will causally bring about the
desired outcome. Yet this causal model is neither explicit nor revisable by the
agent. Recent surveys on BDI architectures [6] note the growth of learning-based
extensions (e.g., via reinforcement learning), but these encode causal knowledge
implicitly in policies or value functions. Our work addresses this gap directly by
providing BDI agents with an explicit, inspectable, and revisable causal model.
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Causality in Multi-Agent Systems. A growing body of work investigates the
formal relationship between causality and multi-agent systems. In one line of
inquiry, Gladyshev et al. [7] propose Dynamic Causality, an alternative to the
modified Halpern-Pearl H P™ definition of actual causality [9] based on the order
in which variable values are computed given the dependency structure of a causal
model; the key insight is that an intervention on a candidate cause may not pre-
vent the effect from occurring, but can delay the computational step at which
the effect is determined — yielding more intuitive causal ascriptions in cases
where HP™ fails (such as the Switches problem [9]) and lower verification com-
plexity for unary causes. In a related line, the same group [8] proposes a novel
temporal interpretation of structural equation models in which SEMs are viewed
as mechanisms transforming time series of exogenous values into time series of
endogenous values, combining counterfactual causal reasoning with linear-time
temporal logic (LTL) to obtain the logic CPLTL; a notable feature is that non-
recursive (cyclic) models receive a natural temporal interpretation, avoiding the
technical difficulties they pose in static settings. In a parallel line, Kerkhove et
al. [II] introduce a systematic method for constructing concurrent game struc-
tures from structural causal models, enabling analysis of how agents’ strategic
decisions produce causal effects and connecting causal and strategic notions of
responsibility. On the information-theoretic side, Simoes et al. [20I8] develop
causal entropy and causal information gain to measure how much control an in-
tervention provides over outcomes, and recently characterise the minimal search
space for conditional causal bandits [19].

These contributions establish formal foundations for causal reasoning given
a structural causal model. Our work addresses a complementary question at
a more practical level: given a set of known variables with pre-specified roles
(treatment, outcome, covariate), can a BDI agent use data-driven methods to
determine the nature of the causal relationships between them—in particular,
whether an observed variable is a direct cause or a proxy for a latent confounder?
While this falls short of open-ended causal discovery over arbitrary variable sets,
it demonstrates that even limited structural refinement via FCI can meaningfully
change an agent’s epistemic state and yield measurable policy improvements—
suggesting a practical entry point for integrating causal learning into BDI archi-
tectures.

3 The CausalBDI Architecture

3.1 Overview

Our architecture introduces an epistemic lifecycle that mirrors how a ratio-
nal agent would progress from ignorance to causal understanding. The agent
maintains a meta-belief belief_structure that tracks its current epistemic
state—naive (correlational) or causal_confounding (post-discovery). The life-
cycle comprises four phases:

1. Naive Exploration: The agent acts according to correlational beliefs with
e-greedy exploration (¢ = 0.4), ensuring ~40% of observations come from
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uniformly random action selection. Each observation is tagged with an is_random
flag. Discovery is attempted every 25 steps, but the server requires nyandom >
50; with € = 0.4, approximately 10 randomised observations accumulate per
interval, so several early discovery attempts return insufficient before the

threshold is reached (typically around step 125-150).

2. Causal Discovery: Periodically, the agent invokes FCI on only the ran-
domised observations. This is methodologically critical: the agent’s own pol-
icy creates dependencies between observed variables and actions; using all
data would introduce spurious edges.

3. Epistemic Transition: When FCI reveals that an observed variable is a
prozy for a latent confounder (rather than a direct cause), the agent updates
its belief structure from naive to causal_confounding and runs sensitivity
analysis to calibrate confidence.

4. Causal Policy: The agent switches to Thompson Sampling [225] with
proxy-stratified posteriors, replacing the naive correlational policy. Thomp-
son Sampling selects actions by sampling from posterior distributions over
expected outcomes, naturally balancing exploration and exploitation with-
out requiring explicit confidence-bound tuning. Confidence level (high/medi-
um/low) is set by the Rosenbaum sensitivity tipping point I"*.

The transition from exploration to exploitation is governed by a phase readi-
ness check: the server verifies both sufficient randomised data (niandom > 50)

and adequate overlap (at least 8 observations per action per Y-stratum, i.e., per
value of Y) before signalling readiness for causal exploitation.

Figure [I] illustrates the overall architecture.

BDI Agent (Jason) SCM Server (Python)
Plans + //sensitivity  Sensitivity
Meta-cognition Analysis
I
- Beliefs """ Causal Dis-
Environment percepts [ ——
(Causal DAG) —— (FCI)
1
Action Se- Policy
P >
— lection optimize (Thompson)
(e-greedy / TS)
| S ——

Fig. 1. The CausaLBDI architecture. The BDI agent (left) interacts with the environ-
ment and queries an external causal inference server (right) via HTTP/JSON. Solid
arrows: standard BDI perception—action loop; dashed arrows: causal inference queries.
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3.2 Epistemic Meta-Beliefs

A key design principle is that the agent’s epistemic state is itself a belief, enabling
introspective reasoning:

1 belief_structure(naive). // or: causal_confounding
2 belief_latent_danger (0.0). // P(LatentDanger | Prozy)
belief_confidence (low). // low / medium / high

The transition from naive to causal_confounding constitutes an epistemic
revolution: the agent revises not merely individual beliefs, but its entire model
of how observations relate to outcomes. In the naive phase, the agent interprets
Yellow = 1 as high danger (P = 0.9); after the epistemic transition, it recognises
Yellow as a proxy with attenuated evidential value (P € [0.55,0.65] depending
on confidence).

4 Methodological Foundations

4.1 Valid Causal Discovery with Interventional Data

A naive application of constraint-based causal discovery to agent-generated data
is methodologically flawed: the agent’s own policy creates a dependency Yellow —
Action that is an artefact of the decision process, not of the environment’s causal
structure. To address this, our architecture ensures that FCI receives only data
collected under random action selection (the e-greedy exploration steps). Under
random action selection, Action 1L Yellow, removing the policy-induced spuri-
ous association and allowing FCI to detect the true latent structure. The server
enforces a minimum of nyanqom > 50 before attempting discovery.

4.2 Proxy-Stratified Estimation

Stratification. Stratification is a general statistical technique for estimating con-
ditional effects: the data is partitioned into subgroups (strata) defined by the
value of one or more covariates, and effect estimates are computed within each
stratum. In our scenario, we stratify by the proxy variable Y, yielding two Y-
strata (corresponding to Y=0 and Y'=1). The Y-stratified estimator below thus
instantiates a general method to our specific causal structure; references to “Y-
stratum” throughout the paper denote this scenario-specific application of the
general concept.

In our scenario, the true DAG is Cleaning (C) — { Yellow (Y), Slippery (S)},
with both S — Accident (A) and U — A, where U € {fast, slow} denotes the
agent’s chosen action (the treatment variable). Since S is unobserved, Y is a
proxy for C' (the common ancestor of the proxy and the confounder), not for S
itself. Standard adjustment (Inverse Probability Weighting (IPW) or stratifica-
tion) on Y does not suffice to identify the causal effect, because Y is a proxy for
C—not for S itself—and does not block the confounding association between U
and A that arises when the agent’s policy conditions on Y (creating the path
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S« C =Y —policy U). Consequently, the causal effect P(A=1 | do(U=a)) is
not point-identified from observed data. Instead, we compute an observational
proxy-stratified estimate:

Rarla) = S P(Y=y)- P(A=1 | U=a, Y=y) 1)
y€{0,1}

This is not the interventional quantity P(A=1 | do(U=a)), but an approximation
whose bias depends on how well Y captures the confounding. We therefore report
s:cratum—speciﬁc risk differences as informative bounds: if the sign of R, (fast) —

Rstr(slow) agrees across both Y-strata , this provides evidence for the direction
of the causal effect, even though the magnitude is not identified.

4.3 Rosenbaum Sensitivity Analysis

To quantify robustness to unmeasured confounding, we employ a sensitivity anal-
ysis inspired by Rosenbaum’s framework [16]. The core idea is that an unmea-
sured confounder could shift the true risk rates away from the observed ones.
For each sensitivity parameter I > 1, we compute bounds on the risk difference
by shifting the observed rates within a Y-stratum by 6(I") = (I' — 1)/(I" + 1):

RDiouer(I) = (tast = 8(I)) = (Fatow + (1)) ©)

Note that this is a simplified heuristic: Rosenbaum’s original method operates
on matched pairs and bounds the Wilcoxon signed-rank statistic, whereas our
formulation directly shifts risk rates by a quantity derived from the propensity
odds ratio. The simplification sacrifices formal guarantees but retains the key
insight: I" = 1 recovers the unadjusted estimate, and the tipping point I'* where
the bound interval first contains zero provides a useful measure of fragility. Our
implementation maps: I'* > 3.0 = high confidence, I'™ > 1.5 = medium, I'™* <
1.5 = low. This value directly updates the agent’s belief_confidence.

4.4 Thompson Sampling for Causal Bandits

In the causal policy phase, we use Thompson Sampling [22l5] with Y-stratified
Beta posteriors. For each action a in Y-stratum y, the posterior on safety prob-
ability is:

0oy ~ Beta(agy+1, Bay+1) (3)

where o, counts safe outcomes and 3, , counts accidents. The agent samples
from each posterior and selects the action with higher sampled safety, natu-
rally balancing exploration and exploitation. When sufficient data is available,
it switches to posterior mean exploitation.
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5 Demonstration Scenario

5.1 Environment: The Wet Floor Navigation Scenario

We demonstrate CAUSALBDI on a navigation scenario with the causal struc-
ture depicted in Fig. [2| The variable Yellow represents a yellow warning light
that indicates a recently-cleaned (and therefore potentially slippery) area. The
agent observes Yellow directly but cannot perceive whether the floor is actually
slippery—it must reason about the latent Slippery state from the observable

proxy.

’: Slippery \/\ (latent)

Fig. 2. Causal DAG. Cleaning causes both Slippery (latent, dashed) and Yellow (ob-
served). Yellow is a proxy for Cleaning—the common ancestor—mnot for the con-
founder Slippery itself. The agent observes only Yellow but must reason about Ac-
tion— Accident, confounded by the latent Slippery.

The data-generating process, implemented as a second Jason agent (env.asl)
that communicates percepts to the cognitive agent via KQML tell /untell mes-
sages (rather than a JaCaMo environment artifact), is specified by conditional
probability tables:

P(Cleaning=1) = 0.30

P(Slippery=1 | C=1) = 0.90; P(Slippery=1 | C=0) = 0.05
B(

P(

Yellow=1 | C=1) = 0.80; P(Yellow=1 | C=0) =0.10
Accident | S, A): see Table 1]

A naive agent observing Yellow=1 and high accident rates may erroneously
conclude that Yellow causes accidents, or that its mere presence necessitates
slowing down. The true structure is more subtle: Yellow is a proxy for Cleaning
(the common cause), which also causes Slippery—the actual latent confounder
whose interaction with Action determines accident risk.
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Table 1. Accident probabilities P(Accident=1 | Slippery, Action).

Action = fast Action = slow

Slippery = 1 0.70 0.10
Slippery = 0 0.01 0.005

5.2 Agent Behaviour Across Phases

Naive Phase. The agent begins with belief_structure(naive) and interprets
Yellow as a direct danger signal. With e = 0.4 exploration, it collects randomised
observations (tagged is_random(true)) alongside policy-driven ones.

Discovery and Transition. Every 25 steps, the agent invokes scm.run_discovery(Status),
which calls FCI on randomised data only. The server interprets the resulting PAG

edge marks between Yellow (column 0), Action (column 1), and Accident (col-

umn 2) according to FCI’s encoding (—1 = tail, 1 = arrowhead, 2 = circle, 0 =

no edge):

(i) if the Yellow—Accident edge is absent (d-separated) or bidirected (+», marks
(1,1)), the status is proxy—indicating a latent common cause;

(i) if a circle mark (o —, marks (2,1)) appears on Y-A with Y 1 Action
confirmed by the absence of a Y-U edge (guaranteed by randomisation),
this also signals proxy structure with high confidence;

(iii) if FCI returns Y — A (marks (—1,1), direct arrow), the agent’s naive model
remains valid (direct_cause) and no epistemic transition occurs;

(iv) if a circle mark appears on Y—A but a YU edge is also present (suggesting
imperfect randomisation), the result is ambiguous_latent and the agent
transitions with caution.

I if (Status == proxy) {
2 -+belief_structure (causal_confounding) ;
scm.set_epoch(1); // signal new epistemic phase
4 'assess_confidence; // run sensitivity analysis
5}
6 if (Status == ambiguous_latent) {
7 -+belief_structure (causal_confounding) ;
8 scm.set_epoch(1);
9 lassess_confidence;
0}
|1 if (Status == direct_cause) {
2 .print ("FCI: Yellow -> Accident (direct). Naive model valid.");
1 };

Causal Phase. Post-transition, the agent’s latent danger estimates become nu-
anced: P(Danger | Y=1) € [0.55,0.65] (vs. naive 0.9), reflecting the proxy un-
derstanding. Action selection delegates to Thompson Sampling via the causal
server.
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6 Implementation

The system consists of three loosely coupled components communicating via
HTTP/JSON:

Environment Agent (env.asl). A second Jason agent (not a JaCaMo environ-
ment artifact) implementing the causal DAG as a generative model. It produces
percepts (Yellow, Accident, position, fuel) via KQML tell/untell messaging
to the cognitive agent. The latent variable Slippery is never communicated—the
cognitive agent must infer its influence.

Cognitive Agent (al.asl). A Jason BDI agent whose plan library implements
the epistemic lifecycle. Custom Java internal actions in the scm package provide
a clean interface:

— scm.record_observation(Y, Act, Acc, IsRandom) — records data with
randomisation flag

— scm.run_discovery(Status) — FCI returning structure classification

— scm.test_intervention(RiskFast, RiskSlow) — proxy-stratified estima-
tion

— scm.run_sensitivity(TippingGamma) — Rosenbaum analysis returning
F*

— scm.get_optimal_action(Y, Explore, Best) — Thompson Sampling query

Causal Inference Server (scm_server.py). A Python HTTP server using causal-learn [23]
for FCI, NumPy for estimation and Thompson Sampling, and custom Rosen-

baum bounds. The server maintains observation history with metadata (ran-
domisation flag, epoch) and filters data appropriately for each task. The loose

coupling makes it straightforward to replace the server with DoWhy [17] or to

deploy it as a shared service for multiple agents.

7 Experimental Evaluation

To assess whether the epistemic lifecycle yields measurable behavioural improve-
ment, we conducted a quantitative evaluation comparing three agent types over
30 independent simulation runs.

7.1 Setup

The experiment replicates the agent’s decision logic and the causal inference
pipeline in a standalone Python simulation for reproducibility and statistical
evaluation. The environment uses the same causal DAG and probability tables
described in Sect. [5] with parameters: goal distance = 500, initial fuel = 1000,
¢ = 0.4, and FCI minimum sample size N,andom = 50. Each step, the agent
chooses fast (+3 progress, —1 fuel) or slow (+1 progress, —1 fuel); accidents
yield zero progress and a fuel penalty of 5. The simulation ends when the agent
reaches the goal or exhausts fuel.
Three agent types are compared:
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— Naive: Uses only correlational beliefs throughout ( Yellow=1 = slow, Yellow=0 =
fast). No causal discovery is performed.

— CausalBDI: Implements the full epistemic lifecycle: e-greedy exploration,
FClI-based discovery, epistemic transition, and Thompson Sampling with
proxy-stratified posteriors.

— Oracle: Observes the latent variable Slippery directly (Slippery=1 = slow,
Slippery=0 = fast). This represents a theoretical upper bound, as the con-
founder is unobservable in practice.

7.2 Results
Table [2] summarises the results across 30 independent runs per agent type.
Table 2. Agent comparison over 30 independent simulation runs. Values reported

as mean + std. The CausalBDI agent achieves a statistically significant reduction in
accident rate compared to the naive baseline (Welch’s ¢t = 5.31, p < 0.001).

Metric Naive CausalBDI Oracle
Success Rate 30/30 30/30 30/30
Steps to Goal 233+ 7 349 4+ 58 214+ 6
Accident Rate 0.091 +0.016 0.068 4+ 0.016 0.037 4- 0.012
Fuel Remaining 682 + 23 559 £+ 64 754 £ 15
Discovery Rate — 30/30 (100%) —
Discovery Step — 139 + 18 —

The CausalBDI agent achieves an accident rate of 0.068 +0.016, representing
a 25% reduction compared to the naive agent’s 0.091 4 0.016. This difference
is statistically significant (Welch’s t-test: ¢ = 5.31, p < 0.001). FCI correctly
identifies the proxy structure in all 30 runs, triggering the epistemic transition
at step 139 &+ 18 on average.

To contextualise the improvement: the Oracle agent achieves an accident rate
of 0.03740.012 with perfect knowledge of the latent confounder. The gap between
naive and oracle is 0.054; CausalBDI closes 42% of this gap (0.023/0.054) using
only the observed proxy variable and data-driven causal discovery—without ever
observing the true confounder.

The increased step count for CausalBDI (349 vs. 233) and reduced fuel re-
maining (559 vs. 682) reflect the exploration cost of the e-greedy phase: ap-
proximately 40% of actions are randomised during the naive phase, both slow-
ing progress and inducing additional accidents (with their fuel penalties) be-
fore causal structure is identified. The Oracle’s lead on these efficiency metrics
(214 steps, 754 fuel) reflects its access to the latent confounder, which removes
the need for exploration entirely—an unattainable advantage in practice. This
exploration—exploitation tradeoff is inherent to the architecture; the agent invests
in data collection to enable valid causal discovery, which subsequently yields a



12 M. Gullusac et al.

safer policy. We note that the Rosenbaum sensitivity tipping point I™* = 1.25 in-
dicates low robustness to unmeasured confounding, consistent with Yellow being
an imperfect proxy—an honest diagnostic that the agent itself produces.

8 Discussion

Explicit vs. Implicit Causal Models. Our architecture makes the causal model
explicit and revisable—a fundamental departure from standard BDI practice.
The agent distinguishes proxies from causes and quantifies sensitivity to un-
measured confounding, moving from Pearl’s associational level (P(Y | X)) to-
ward recognising the gap between observational and interventional quantities
(P(Y | do(X))) [14] —even where the latter is not point-identified.

Causal Discovery and BDI Plan Revision. Our current implementation partially
leverages Jason’s plan selection mechanism—for instance, +!infer_latent_state
is defined with two context-differentiated plans selected based on belief _structure
but the plan library itself remains static throughout execution: causal discov-
ery updates a belief flag rather than revising or generating plans at runtime.

A more idiomatic BDI integration would involve dynamic plan library revi-
sion, moving causal reasoning from a belief-level mode switch to the core of the
deliberation cycle. This deeper integration can be achieved through two primary
mechanisms:

— Context Revision: Instead of internal if-else logic, the agent could au-
tomatically update plan context conditions to reflect discovered structures.
For instance, plans relying on variables identified as proxies could have their
applicability conditions attenuated or conjoined with the agent’s calibrated
confidence (e.g., yellow(1) & belief_confidence(high)).

— Plan Generation: Upon identifying latent confounding, the agent could
synthesize entirely new plans—such as instrumental exploration strategies—
that would be irrational under a naive model but become valuable for refining
causal estimates.

By utilizing Jason’s .add_plan and .remove_plan primitives, causal discovery
moves beyond simple action—value estimation; it informs the agent’s practical
reasoning by directly determining which plans are considered and which inten-
tions are formed. We leave the full realization of this self-revising architecture,
including formal guarantees on plan library consistency, as a significant direction
for future work.

Methodological Soundness. A key contribution is the attention to inferential
validity, even where the implementation falls short of ideal. Causal discovery
uses only randomised-action data, avoiding the common mistake of applying
FCI to confounded agent-generated data. The proxy-stratified estimator hon-
estly reports bounds rather than claiming point identification, and the sensitivity
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analysis—though a simplified heuristic—provides the agent with a concrete mea-
sure of how fragile its conclusions are. We note that the Thompson Sampling
posteriors currently use all data (including policy-driven observations), which
introduces potential bias; addressing this is important future work.

Assumptions and Required Prior Knowledge. The CausalBDI architecture, as
instantiated in this proof-of-concept, relies on a set of explicit assumptions that
should be made transparent before practical deployment. We organise them into
three categories. Structural assumptions: The agent is assumed to know a pri-
ori (i) the set of relevant observable variables (Y, U, A in our scenario), (ii)
the role of each variable (treatment, outcome, candidate proxy/covariate), and
(iii) the existence, if latent confounding is present, of an observed proxy vari-
able that captures partial information about it. FCI’s role is therefore restricted
to determining the nature of the relationship between known variables (direct
cause, proxy, or latent-mediated), not open-ended structure discovery over ar-
bitrary variable sets. Statistical assumptions: Causal discovery via FCI requires
(i) faithfulness (independencies in the data correspond to d-separation in the
true graph), (ii) sufficient sample size (Nrandom > 50 in our setup, with adequate
overlap across (action, Y-value) cells), and (iii) data collected under randomised
action selection so that U 1L Y holds by construction. The Thompson Sampling
and proxy-stratified estimation phases additionally assume binary variables and
stationarity of the underlying causal mechanisms. Operational assumptions: The
agent must be permitted to perform randomised interventions during the naive
exploration phase. In safety-critical or cost-sensitive applications this assumption
may fail; hybrid schemes that combine limited interventional with observational
data would be required. These assumptions are realistic for semi-controlled mon-
itoring tasks but become limiting in open-ended environments.

Limitations and Future Work. The current implementation has several limita-
tions that should be noted. First, while causal discovery uses only randomised-
action data, the Thompson Sampling posteriors and proxy-stratified estimates
are computed from all observations, including policy-driven ones. This means
these estimates may carry residual confounding bias from the agent’s own action-
selection policy—an important caveat. Separating estimation by epoch or using
only randomised data for posterior updates would improve inferential validity
at the cost of sample efficiency. Second, the implementation restricts variables
to binary and assumes a fixed DAG topology. Third, the architecture assumes
the agent can perform randomised interventions, which may not always be fea-
sible. Fourth, FCI’s statistical power with 50 binary observations is limited, and
discovery results should be interpreted cautiously. Fifth, the PAG interpretation
logic in the current implementation is scenario-specific: the server knows the
column ordering and interprets edge patterns between pre-identified variables.
The agent does not perform fully generic structure discovery over an arbitrary
variable set. Rather, FCI’s role is to determine the nature of the relationship (di-
rect cause, proxy, latent confounder) between variables whose roles (treatment,
outcome, covariate) are already known to the agent—a form of structural refine-
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ment rather than open-ended discovery. A generic PAG interpreter that could
operate over arbitrary variable sets and automatically identify proxy structures
represents important future work toward a truly general-purpose causal BDI
architecture.

Broader Implications. Causal inference tools map naturally onto BDI belief-
revision: discovery revises structural beliefs, estimation updates risk assessments,
and sensitivity analysis calibrates confidence. Combined with the plan revision
mechanisms discussed above, this suggests a broader programme where causal
models are first-class citizens of the agent’s mental state—mnot only informing
what the agent believes, but also how it deliberates and which plans it considers
applicable. Multi-agent extensions—where agents share causal knowledge or rea-
son about each other’s causal models—represent a compelling future direction.

9 Conclusion

We have presented CAUSALBDI, an architecture that augments Jason BDI
agents with explicit structural causal models. By progressing through a prin-
cipled epistemic lifecycle—from naive correlational beliefs, through causal dis-
covery and sensitivity analysis, to causally-informed adaptive policy—the agent
achieves a qualitatively different and more robust form of reasoning compared
to standard BDI agents. Our experimental evaluation over 30 independent sim-
ulation runs demonstrates that the causally-aware agent reduces accident rate
by 25% compared to the naive baseline, closing 42% of the gap to an oracle
agent with perfect knowledge of the latent confounder. The full implementation,
including Jason agent code, causal inference server, and evaluation scripts, is
available at https://github.com/meltemino/CausalBDI.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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