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Abstract

Lexical-disambiguation tasks with supplied context do not reveal whether readers would
choose to seek evidence before deciding. Therefore, we adapted the spatial T-maze in the
active-inference package pymdp to show how agents seek and use contextual informa-
tion under lexical uncertainty. Agents could choose between two readings or request a
contextual hint. We performed two main sets of simulations. First, deterministic simula-
tions used fully informative hints to reproduce context seeking followed by lexical com-
mitment. A hint shifted belief over two readings from equal probabilities (0.50, 0.50) to
certainty (1.00, 0.00), reducing entropy by one bit. Second, lexical decision trials were re-
peated with informative and uninformative hints across 32 paired simulation runs. Agents
learned the relationship between the intended reading and the observed hint. Informa-
tive experience increased both the probability and simulated frequency of requesting con-
text. This increase persisted when trials ended after one response and feedback. A hint
information-gain ablation, in which policies were rescored without crediting the informa-
tion expected from hints, eliminated the learning-related increase in hint-request probabil-
ity. These simulations demonstrate how experience changes the expected informational
value of context within a lexical task, providing a computational proof of concept for sub-
sequent behavioral experiments.

Keywords: active inference; expected free energy; variational free energy; entropy reduc-
tion; information seeking; lexical ambiguity; contextual disambiguation; T-maze

1. Introduction

A written word can support more than one interpretation. For example, the English
word (bank) can refer to a financial institution or the side of a river. Context changes which
interpretation is likely [1,2]. A reader may seek more evidence before deciding. This can
take the form of reading ahead, rereading, or asking for clarification [3-5]. Arabic pro-
vides another clear example. For instance, the consonantal string < (ktb) can be read
as X (kataba, “he wrote”) or <X (kutub, “books”), with short-vowel diacritics provid-
ing evidence for the correct reading. However, short-vowel diacritics are usually omitted
from adult text. This creates uncertainty about the intended reading. In the absence of
vowelization, contextual evidence can help readers distinguish between competing read-
ings and reduce uncertainty [6-9]. Surprisal and entropy have been used to characterize
language processing [10-14]. Uncertainty over competing readings can be quantified as
entropy [15]. However, entropy does not by itself determine whether to seek more infor-
mation to resolve uncertainty. That choice is a value-of-information problem [16,17].
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In lexical-disambiguation tasks where context is supplied, the final interpretation
alone does not reveal whether a reader would have chosen to request that evidence, or
how their uncertainty would have influenced that choice. To make this decision explicit,
we propose the T-lexical task, a lexical adaptation of the spatial epistemic T-maze used in
active inference [18-21]. The agent can select a reading or request a contextual hint before
responding. The task builds on the established spatial T-maze paradigm [22-30]. We retain
the computational structure and specify its components in lexical terms. The hidden con-
text is the intended reading. The cue is contextual evidence. The two arms are two possible
lexical responses. Correct and incorrect feedback replace reward and loss. This follows
the broader idea that spatial and cognitive search can share a computational structure [31],
while avoiding a claim that lexical processing is itself spatial. The simple design represents
prior beliefs explicitly and allows cue reliability to be controlled while context requests, be-
lief updating, and lexical choices are examined within a common task structure.

Information seeking can be modeled through Bayesian value-of-information ap-
proaches, reinforcement learning, and active inference [16,17,32]. However, we use ac-
tive inference because the open-source pymdp package provides an existing T-maze im-
plementation together with established routines for belief updating, policy selection, and
learning [33,34]. Adapting this implementation provides a reproducible basis for examin-
ing context seeking and lexical choice while retaining an established computational struc-
ture. The package implements active inference using partially observable Markov decision
process (POMDP) generative models, which represent hidden states, observations, and
action-dependent transitions [33]. Variational free energy (VFE) is used during state infer-
ence after an observation. Expected free energy (EFE) is used to compare future policies
and includes pragmatic and epistemic value [18-21]. Related active-inference work has
addressed communication, listening, and eye movements in reading [35-38]. For example,
existing models simulate conversational questioning [35] or guide eye movements toward
informative text [38]. The present adaptation isolates a discrete choice between requesting
a contextual hint and committing to one of two lexical readings, allowing context requests
and subsequent interpretations to be examined as cue reliability is learned across trials.

In summary, we present numerical studies to simulate how agents solicit contextual
information when faced with a lexical decision task under uncertainty. We performed two
kinds of simulations. The first (deterministic) simulations considered a simple context in
which the cues or hints —available when requested —were (deterministically) informative.
This enabled us to reproduce the expected behavior: when the agent was uncertain about
the lexical reading, it would ask for a hint before making a decision. In addition, this also
allowed us to perform numerical checks of the task implementation.

We then proceeded to the main experiment, in which lexical decision trials were re-
peated under two conditions: with informative and uninformative hints. Crucially, these
numerical analyses included learning of the likelihood mapping between the intended
reading and the observed hint. This allowed us to demonstrate information-seeking be-
havior and how that behavior changes when the agent learns whether the hint is informa-
tive. To characterize the underlying imperatives for information seeking, we compared
various components of expected free energy between the two conditions. These analyses
used multiple replications with stochastic action selection. We were therefore able to repro-
duce epistemic foraging in this lexical context and show how learning about cue reliability
changes the expected informational value of requesting context. This computational proof
of concept provides a starting point for behavioral experiments on how readers acquire
and use contextual evidence when uncertain.
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2. Materials and Methods
2.1. Study Design and Software

The study used a discrete, factorized partially observable Markov decision process.
The implementation used inferactively-pymdp 1.0.4 and its JAX Agent class [33,34]. The
notebook contains the model definition, rollouts, learning loop, VFE and EFE calculations,
ablations, numerical checks, and figure generation. The analysis had three parts. A de-
terministic rollout checked the basic mechanism. A paired simulation tested learning
across trials. A fixed-parameter rescore separated the utility and information-gain terms
in EFE. The submission rerun used Python 3.12.14, JAX and jaxlib 0.4.38, NumPy 1.26.4,
Matplotlib 3.9.4, and mediapy 1.2.7.

2.2. Mapping the Physical T-Maze to a Lexical Task

We adapted the spatial epistemic T-maze by assigning its components lexical roles while
retaining their computational relationships. The hidden reward location became the in-
tended reading of an ambiguous word, and the two response arms represented competing
lexical interpretations. In the Arabic example, the unvowelized target S supported two can-
didate readings: < (R1) and < (R2). The agent could request a contextual hint or proceed
toward selecting a reading. Visiting the cue therefore corresponded to acquiring contextual
evidence, while entering a response arm corresponded to lexical commitment. Correct and
incorrect feedback retained the computational roles of preferred and nonpreferred outcomes.
This mapping preserved the task’s central decision: whether to seek additional evidence be-
fore choosing between two alternatives. Table 1 summarizes the correspondence between
physical and lexical elements, and Figure 1 shows the resulting task structure.

Table 1. Role-preserving mapping from the physical T-maze to the lexical task.

Physical T-Maze Computational Role Lexical T-Maze
Hidden reward location Unobserved binary context Intended reading: R1 or R2
Start or junction Initial decision state Ambiguous unvowelized target «iS
Cue location Optional informative observation Contextual hint supporting R1 or R2
Travel to cue Information-seeking action Request context before answering
Left or right arm Mutually exclusive commitment Choose R1: &5 or R2: &
Reward or loss Preferred or nonpreferred outcome Correct or incorrect feedback
A. Physical task roles B. Implemented lexical states
Hidden context: rewarded arm Hidden context: intended reading
‘ Left arm \<—>[ Junction ]<—> Right arm ’ [Response R1}<—> Answer gate ’<—>[Response Rz’
approach junction answer branch
‘ Start J [ Ambiguous target
request / return request / return
‘ Cue J [ Contextual hint

Arrows show supported transitions; unsupported commands are self-transitions (omitted).

Figure 1. (A) The physical T-maze task. (B) The lexical T-maze task. Both tasks share one hidden
binary state, one optional information source, and two later commitments. The mapping is com-
putational. It does not imply that reading is literally spatial. The answer gate is shown explicitly.
Bidirectional arrows represent supported transitions in the retained nonterminal dynamics; unsup-
ported commands cause self-transitions and are omitted.
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2.3. Partially Observable Markov Decision Process Specification of Lexical T-Maze

We represented the lexical T-maze as a discrete, factorized, partially observable
Markov decision process (POMDP), implemented in pymdp [20,33,34,39]. Partial observ-
ability arises because the initial target observation does not identify the intended reading.
The agent must infer that reading from the available observations and decide whether to
obtain contextual evidence before selecting a response. The Arabic forms provide lexical
labels for the model states; the simulated observations are categorical task-stage, hint, and
feedback outcomes.

The hidden state was s; = (x4, ). The task-stage factor x; contained five states: am-
biguous target, response R1, response R2, contextual hint, and answer gate. The reading
factor r contained the two candidate readings and remained fixed within a trial. The task
stage was directly observed, whereas the intended reading had to be inferred. Request-
ing a hint therefore changed the evidence available to the agent without changing which
reading was intended.

The observation was 0; = (of,o{ ,0l'), comprising task-stage, feedback, and hint
modalities with five, three, and three possible outcomes, respectively. The likelihood map-
pings A specified the probability of each observation conditional on the relevant state fac-
tors. The task-stage observation identified the current stage. Feedback indicated no feed-
back, a correct interpretation, or an incorrect interpretation. The hint modality indicated no
hint, support for R1, or support for R2. Cue reliability determined how consistently a hint
supported the intended reading. Both hints and response feedback could consequently
update beliefs about that reading.

The transition mappings B specified how states changed following an action. Under
the Markov assumption, the next state depended on the current state and action rather than
the full preceding sequence [20,39]. The reading factor remained unchanged, while actions
controlled transitions between task stages. Controls were destination-coded: return to
target, choose R1, choose R2, request hint, and answer. At the ambiguous target, the two
meaningful branches were requesting a hint and proceeding to the answer gate. From
the answer gate, a subsequent response command selected R1 or R2. Transitions followed
the retained T-maze connectivity shown in Figure 1; unsupported commands produced
self-transitions. Nominal action sequences were treated as computational candidates for
policy evaluation.

For a policy 7t specifying a sequence of controls uy, the generative model factorized as:

T T—1
P(OliTlsllT | T, A/ B/ D) Sl | D HP Ot ‘ St, H P(St+l | St, Ut, B)
t=1 t=1

Here, D specified the initial state distributions. In the deterministic mechanism check
and controlled cue-reliability experiment, each trial began at the ambiguous target with
equal prior probabilities for R1 and R2. These reading priors were distinct from the agent’s
beliefs about cue reliability, represented in the hint likelihood. In the controlled exper-
iment, the reading priors were reset at each trial, while the learned hint likelihood was
retained. Thus, initial uncertainty about the intended reading remained constant across
trials, while experience could change the expected usefulness of contextual evidence.

Within a trial, observations updated the agent’s posterior beliefs. The posterior over
the intended reading was carried forward when forming the prior for the next observation
because the reading itself remained fixed. An informative hint could therefore concentrate
belief on one candidate, while subsequent observations could provide further evidence. In
the controlled learning experiment, the hint likelihood was updated between trials using
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the observed cue and the reading posterior obtained from response feedback. The update
procedure is specified in Section 2.6.

Preferences C assigned values to observations. Correct and incorrect feedback re-
ceived scores of +2 and —3, respectively, in the deterministic mechanism check, and +3 and
—4 in the cue-reliability learning simulation. In the learning simulation, observing the hint
position additionally carried a preference score of —0.05. This contribution accumulated
for each predicted time step spent at the hint position. Other preference scores were zero.
These values were preference scores rather than probabilities. In other words, they are the
logarithm of the prior preference probability for each outcome that can be regarded as a
prior utility or value. Policy priors E were uniform. The resulting policy evaluation and
action-selection procedures are described in Sections 2.4-2.6.

The task retained the original nonterminal T-maze dynamics. Entering a reading-
response state did not terminate the rollout or the policy forecast. Subsequent transitions
and observations remained possible, including further feedback at response states. Simu-
lations continued for their specified rollout lengths, with the first lexical response used to
identify the initial commitment.

2.4. Posterior Entropy, VFE, and EFE

The posterior g¢(r) represented belief about the intended reading. Its Shannon entropy
was [15]:

Hlg:] = =) q:(r)Ings(r).

Entropy was reported in nats unless converted to bits. The reduction caused by an obser-
vation was:
AH; = H[p:] — Hlqt],

where p; was the empirical prior before that observation.
Posterior VFE was calculated after each observation with calc_vfe. It was checked
against its complexity-plus-inaccuracy decomposition:

F = D [qe(s) || pe(s)] — Egs) [InP (ot | 5)].

VFE is a state-inference diagnostic. It is not a second entropy measure.
Policies were compared by EFE. In the sign convention returned by the software:

S(m) = Ll (m) + U ()], G(7r) = =S(7),
T

where U is expected preference value and I is expected state information gain. A smaller
G is preferred, in the sense that the associated policy is more likely to be selected. The soft-
ware returns S under the name neg_efe. Fixed action sequences are scored by propagating
state beliefs through the transition model, without conditioning future predicted beliefs on
hypothetical observations. Policies are rescored after actual observations. The information
term sums per-step state information gains, i.e., the expected free energy is a path integral
or the accumulated expected free energy over successive time points in the future. The
posterior over policies was:

q(7) = softmax[—yG(rt) + InE(7r)].

State information gain was enabled. Parameter information gain was disabled. The policy
prior E was uniform. The agent used the package’s fixed-point state-inference routine with
16 iterations. The default marginal action precision was « = 1.0.
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2.5. Deterministic Mechanism Check

The deterministic example used a balanced prior over the two readings, a perfectly
diagnostic hint, deterministic feedback, policy horizon 2, and rollout horizon 10. The re-
ported path ended at the first lexical response even though the stored arrays continued to
the requested rollout length. The expected sequence was: ambiguous target, contextual
hint, return to the target, answer gate, and selected reading. At each time point, the note-
book recorded the observation, posterior state belief, empirical prior, VFE, EFE for every
policy, posterior policy probability, action, and environment state. The deterministic agent
used policy precisiony =1 and deterministic marginal action selection. Both deterministic
examples used seed 0. The hint-first route requires four transitions to reach a reading re-
sponse, beyond the initial two-step planning horizon; the observed sequence is produced
by repeated inference and replanning.

2.6. Cue-Reliability Learning Simulation

The main simulation used 32 paired random streams. Each stream completed 30 trials
in two conditions. The informative environment produced a reading-consistent hint with
probability 0.95. The control condition produced either hint with probability 0.50. Both
conditions began with the same agent belief. Its initial conditional cue validity was 0.60.
At the hint position, initial concentrations over no hint, support for R1, and support for R2
were (0.05, 2.40, 1.60) for intended R1 and (0.05, 1.60, 2.40) for intended R2. Each column
had a total concentration of 4.05. Concentration here corresponds to the concentration
counts or parameters of a Dirichlet distribution encoding the likelihood of an observation,
given some hidden state or cause. These concentration parameters are accumulated on the
basis of experience to simulate learning. This means that confidence in the likelihood map-
pings or contingencies is scored by the total number of concentration parameters or Dirich-
let counts, which increases with learning, as we will see below. Column normalization
gave the likelihood means, and the small null-hint probability was retained in the mutual-
information calculation. Each trial began with equal prior probability for R1 and R2. The
model used a four-step policy horizon, policy precision 7 = 4, and stochastic marginal ac-
tion sampling. The nominal policy set contained 5% = 625 four-action strings. Of these,
125 began with request_hint and 125 began with answer. Within-trial likelihood and tran-
sition learning were disabled. When a trial contained both a cue and feedback, the first cue
outcome was associated with the reading posterior at the first feedback time. In all update-
eligible trials, the first cue preceded the first feedback. The hint likelihood concentration
was updated once after the trial:

PAh (Oh/xhintr V) — PAh (Oh,thtl f) +11 {Oh = Oobserved] Qtf(r)/ n=1

Here, the subscripted time denotes the first feedback observation, and the observed cue
in the indicator is the first cue outcome. Trials without both observations did not update
the cue likelihood. A new agent was then created for the next trial with the updated con-
centrations. Parameter information gain was disabled. The agent therefore requested a
cue for the current lexical decision, not because it prospectively valued learning the cue
parameter. At the first decision of each trial, we recorded estimated cue validity, poste-
rior mass on hint-first policies, and the sampled first action. We summarized trials 1-5 as
the early window and trials 26-30 as the late window. The paired experiment used seed
2026 and num_timesteps = 7, which stores eight observation and inference states at times
0 through 7. First-action outcomes include every trial; feedback-grounded learning re-
quires both observations within that window.
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The two conditions shared random streams. Change was summarized as:

(informative late — informative early) — (control late — control early).

2.7. EFE Decomposition and Cue-Information Ablation

Initial and learned hint likelihoods were frozen and rescored from the same starting
beliefs. The score was separated into expected utility and state information gain. Infor-
mation gain was also separated by observation modality. The information expected from
one hint was calculated as mutual information under the agent’s retained hint likelihood
A and a balanced reading prior:

o) = i Afo]|7)

I; (R,O ) = ;q(r)A(o | r)lnm
"

The key ablation removed only contextual-hint information gain from policy scores. The
learned likelihood, preferences, feedback information, policy set, precision, and starting
beliefs were left unchanged. If the learning-related policy shift depends on the informa-
tional value of the cue, that shift should disappear under this ablation. This was a fixed-
state policy rescore, not a new behavioral rollout under ablation. Main paired-stream
change contrasts in this analysis used 5000 bootstrap resamples.

2.8. Robustness Analysis with an Explicit Stopping Rule

We repeated the cue-learning experiment to test whether the findings depended on
continuing the task after a lexical response. In the first variant, each trial ended after one
response and its feedback. In the second variant, only one contextual hint could be ob-
tained before responding. All other experimental settings were retained. We compared
both variants with the original task, examining changes in hint-request probabilities and
simulated hint requests as cue reliability was learned.

3. Results
3.1. The Lexical T-Maze Produced the Intended Sequence

The representative deterministic rollout began at < with g(R1, R2) = (0.50, 0.50). It se-
lected request_hint. The perfectly diagnostic hint supported R1 and changed the posterior to
(1.00, 0.00). The model then returned to the target, entered the answer gate, selected R1 <),
kataba), and received correct feedback. Posterior entropy fell from In2 = 0.6931 nats to 0. This
is a reduction of one bit. The posterior remained resolved through commitment (Figure 2).

Deterministic mechanism: context converts an equivocal lexical state into a resolved interpretation

14 ° o g
IS o ® o

Posterior probability

°
o

0.0 4

A. Belief update over intended reading B. Reading-state uncertainty
0.7
0.6
~ 05
2
© .
q(R1: kataba) i 0.4 one bit resolved
: a
q(R2: kutub) 803
g
0.2
0.14
0.0
ambiguous contextual return to answer commit ambiguous contextual return to answer commit
target hint target gate R1 target hint target gate R1

Figure 2. (A) Belief update over intended reading. Diagnostic contextual hint changed a uniform
posterior over two readings into certainty. (B) Reading-state uncertainty. The entropy reduction
was one bit. The pale green shaded band marks the contextual-hint stage, when the agent receives
the hint and updates its beliefs.
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3.2. VFE and EFE Behaved as Separate Quantities

We calculated VFE after each observed outcome. VFE was approximately O at the
initial state. It rose to 0.6931 nats when the diagnostic cue was assimilated and returned
to approximately O at the later stages. This peak reflects the posterior update under the
model. EFE was calculated prospectively for each policy. Table 2 shows three summaries
over the first five stages. EFE need not decrease at every stage. It is recalculated from the
current position and beliefs.

Table 2. Mean deterministic-rollout diagnostics across nine streams over the first five stages. The
final stage is commitment to the correct reading, R1 or R2. All information quantities are in nats.
MAP denotes the maximum a posteriori policy.

Stage Posterior Entropy Posterior VFE Posterior-Mean EFE MAP-Policy EFE
Ambiguous target 0.6931 approximately 0 —0.6806 —1.3863
Contextual hint 0 0.6931 approximately 0 0
Return to target 0 approximately 0 —0.4806 —2.0000
Answer gate 0 approximately 0 —3.6445 —4.0000
Correct-reading 0 approximately 0 —3.9056 —4.0000
commitment
These values confirm that we scored uncertainty, posterior inference, and prospective
policy separately.
3.3. Informative Experience Increased Later Hint Seeking
The informative and control conditions began with the same cue model. Their later
behavior differed. In the informative condition, mean estimated validity increased from
0.611 in the early window to 0.723 in the late window. In the control condition, it fell from
0.603 to 0.563. Posterior mass on hint-first policies increased from 0.086 to 0.228 in the
informative condition. It changed from 0.083 to 0.081 in the control. The sampled hint-
first rate increased from 0.094 to 0.213 under informative cues and from 0.094 to 0.088 in
the control (Table 3). Figure 3 shows the learning trajectories across trials.
Table 3. Early-to-late learning summaries.
. ) Paired Change Contrast
Measure Informative Early = Informative Late Control Early Control Late [95% Bootstrap Intervall
Estimated hint 0.611 0.723 0.603 0.563 0.152 [0.121, 0.183]
validity
Posterior mass on 0.086 0.228 0.083 0.081 0.144 [0.101, 0.192]
hint-first policies
Sampled hint-first 0.094 0.213 0.094 0.088 0.125 [0.069, 0.188]

action rate

The informative streams received 6.59 cue-feedback updates on average. Control
streams received 3.88. Cue exposure therefore co-evolved with policy selection. The re-
sult illustrates the intended learning of how informative the hint is, in a given context,
illustrating the autodidactic nature of active inference and learning in this setting.
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Figure 3. Learning trajectories from the paired simulation. Panel (A) show estimated cue validity.
Panel (B) show posterior hint-policy mass. Panel (C) show the sampled first action. Lines show
means across streams. Ribbons show mean + 1.96 SEM. The 32 streams are simulated agents. Dotted

lines in the validity panel mark the environmental values, 0.95 and 0.50.

3.4. Cue Information Ga

in Explained the Policy Shift

Figure 4 summarizes the EFE decomposition, cue-information ablation, and changes

in the expected information supplied by a contextual hint. The information expected from

one hint was 0.0199 nats before learning. It increased to 0.1333 nats after informative learn-

ing. It was 0.0164 nats after control learning. The paired informative-minus-control change
was 0.117 nats, with a 95% paired-stream bootstrap interval of [0.089, 0.146].

What makes contextual information worth seeking?

A. Answer-minus-hint EFE gap

B. Hint-first policy mass
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Figure 4. Fixed-state expected free energy (EFE) decomposition and cue-information ablation. (A) EFE
difference between the best answer-first and hint-first policies, calculated as G(answer) — G(hint); positive
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values favor requesting a hint first, whereas negative values favor answering first. (B) Total posterior
probability of hint-first policies under full EFE scoring, after removing hint information gain (IG), and
after removing all state IG. Removing hint IG eliminated the learning-related increase in hint-first policy
probability. The blue and orange dotted curves overlap, with the orange curve covering the blue curve;
the black dashed curve represents removal of all state IG. (C) Hint-minus-answer differences in expected
utility, feedback IG, and hint IG after learning. These components use the same policy pair selected
under full EFE and sum to the EFE gap in panel (A). (D) Expected information from one hint, expressed
as mutual information in nats. Blue and orange represent the informative and uninformative conditions,
respectively. Initial and learned hint likelihoods were rescored from the same balanced reading prior.
IG denotes state information gain. Error bars in panels (A,C,D) show 95% percentile bootstrap intervals
from 5000 resamples of 32 simulation streams; panel (B) shows means without error bars.

The full EFE comparison gave the same pattern. The signed gap G(answer) — G(hint)
changed from —0.416 initially to —0.179 after informative learning. It was —0.420 after
control learning. The mean gap remained negative: the best answer-first policy retained
lower EFE on average across streams under the focal horizon and preferences. In sum,
7 of the 32 informative learned models favored the best hint-first policy, whereas 25 fa-
vored the best answer-first policy. Informative learning nevertheless made hint-first poli-
cies more competitive.

Raw posterior mass on hint-first policies rose from 0.081 to 0.263 after informative
learning. It remained 0.080 after control learning. When only contextual-hint informa-
tion gain was removed, this posterior mass was 0.066 at all checkpoints. Within the two
meaningful first branches, P(hint|hint or answer) rose from 0.141 to 0.421 after informative
learning. It remained 0.141 in control and 0.116 under the cue-information ablation.

Table 4 reports means across 32 streams. For each stream, the best hint-first and
answer-first policies were selected under the full score; all component differences use that
same pair. The policy-mass column instead sums posterior probability over all 125 hint-
first policies. The components sum to the full EFE gap for the selected pair. The full EFE
gap, calculated as Ganswer — Ghint, cOmpares the best answer-first and hint-first policies us-
ing both expected utility and expected information gain; positive values favor requesting
a hint first, whereas negative values favor answering first.

Table 4. Fixed-state EFE decomposition for the best hint-first and answer-first policies.

Condition and

Feedback Information  Hint Information

Likelihood Full EFE Gap  Utility Term Term Term p (Hint First)
Informative: —0.416 0.950 ~1.386 0.020 0.081
initial
Informative: ~0.179 1.136 —1.755 0.440 0.263
learned
Control: initial —0.416 0.950 —1.386 0.020 0.081
Control: learned —0.420 0.961 —1.408 0.027 0.080

3.5. Results Under the Stopping Rule

The learning-related increase in context seeking persisted when trials ended after one
response and its feedback. With informative hints, the model’s hint-request probability in-
creased from 0.131 in early trials to 0.314 in late trials, while remaining approximately sta-
ble with uninformative hints. Simulated hint requests also increased, from 13.8% to 29.4%.

When only one hint was available per trial, context seeking still occurred, but the
learning-related change was smaller. Hint-request probability increased from 0.112 to
0.137, while simulated requests remained at 12.5% in both early and late trials. Both stop-
ping variants produced fewer completed responses within the original trial limit.
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These comparisons identify cue availability and trial termination as task-design
choices that influence the expression of context seeking and should be specified when de-
veloping behavioral versions of the lexical T-maze. Full comparisons are provided in the
Supplementary File S3.

4. Discussion
4.1. Main Finding

We mapped a spatial epistemic T-maze to a lexical ambiguity task without changing
its core decision structure. The model began uncertain. It requested a hint. The hint re-
duced uncertainty about the lexical context and the model then committed to the supported
lexical reading. VFE tracked posterior inference after observations. EFE compared future
policies before actions. The learning simulation adds one step. Repeated informative expe-
rience changed the agent’s cue model. This increased the expected information supplied
by a hint resulting in the agent learning to request hint more often. Removing only the
hint information-gain term in a fixed-state rescore eliminated the learning-related increase
in hint-first policy mass. The learning-related increase in context seeking persisted in the
additional stopping analysis.

4.2. What the Study Contributes

The contribution of this study is a reproducible lexical context-seeking task imple-
mented in pymdp [33,34]. Conventional lexical-disambiguation systems generally identify
an interpretation from supplied context [40,41]. The lexical T-maze represents the decision
to request contextual evidence before selecting an interpretation. It provides an explicit
mapping from competing readings, contextual hints, and response feedback to the states,
observations, and actions of an established active-inference task.

Bayesian decision-making, value-of-information, reinforcement-learning, and active-
inference approaches address the decision to acquire information [16,17,32,42]. Active in-
ference and reinforcement learning can both be applied to decision problems formulated as
POMDPs [32]. A computational comparison between alternative models was outside the
scope of the current study. For context, a recent empirical comparison of active-inference
and reinforcement-learning models fitted to human choices in a three-armed bandit task fa-
vored active inference in model comparison, although choice-prediction accuracy was sim-
ilar and the models provided partially distinct explanations of behavior [43]. Pymdp itself
implements active inference using POMDP generative models [33]. The present adaptation
retains this computational foundation and makes its application to a lexical task explicit
and executable. The novelty of this study lies in adapting the exploration—exploitation
structure of the spatial epistemic T-maze to lexical tasks in which an agent can request
contextual evidence before committing to an interpretation.

In a corresponding experiment, participants could choose between two readings or
request additional context before responding. This would allow researchers to test when
readers seek further evidence and how that evidence influences their eventual interpreta-
tion. The adaptation also makes explicit how prior beliefs over competing lexical readings
are combined with contextual evidence to form posterior beliefs [20,39]. In the controlled
cue-reliability experiment, each trial begins with equal prior probabilities over the two
readings, while the learned cue likelihood is retained across trials. This separates initial un-
certainty about the intended reading from experience-dependent changes in the expected
reliability of contextual evidence. In human behavioral studies, priors could be estimated
separately by surveying readers of a language or by using language statistics derived from
large language models. The task therefore provides a basis for future behavioral testing
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of the interaction between prior expectations, evidence acquisition, and belief revision in
a lexical task.

4.3. Scope and Limitations

This study provides a practical adaptation of the established epistemic T-maze to the
lexical domain, implemented in pymdp as a reproducible computational proof of concept.
Its scope is to provide a working task structure in which contextual evidence can be re-
quested before selecting between competing lexical readings. The Arabic forms serve as
illustrative labels for two alternatives. The model does not process orthography, morphol-
ogy, or sentence meaning. Initial beliefs, preferences, and task contingencies were spec-
ified by the modeler, while cue likelihoods were updated through simulated experience.
The simulations establish the operation of this task under controlled conditions; correspon-
dence with human reading behavior remains to be evaluated.

The original implementation retained nonterminal T-maze dynamics. The additional
stopping analysis showed that the learning-related increase in context seeking persisted
when trials ended after one response and its feedback. When contextual evidence was
restricted to one hint per trial, context seeking remained present, although the increase in
hint-request probability was smaller and sampled requests did not increase between early
and late trials. These comparisons demonstrate how cue availability and trial termination
influence the expression of context seeking within the implemented task and inform its
subsequent behavioral use.

The adaptation therefore provides a reproducible starting point for developing lexi-
cal experiments with optional contextual evidence. Application to a particular experiment
requires specifying its stimuli, cue availability, response options, and stopping rules, fol-
lowed by fitting and evaluating the model against participant data [39,44].

4.4. Next Step

The next step is to collect behavioral data and fit an active-inference model. The empir-
ical test can remain simple. Participants could see an ambiguous lexical target and choose
either to answer or reveal a short context. Cue validity and request cost could be var-
ied. The main outcome would be whether context requests increase when cues are more
reliable and decrease when they are more costly. Eye tracking could measure fixation du-
ration, rereading, and transitions between the target and its context. EEG could provide
time-resolved measures of neural responses to ambiguity, cue presentation, belief updat-
ing, and lexical commitment. These measures would allow the model’s predicted sequence
of uncertainty, information seeking, updating, and commitment to be compared with be-
havior and neural dynamics.

5. Conclusions

We adapted the spatial epistemic T-maze in pymdp to represent a choice between re-
questing contextual evidence and selecting a lexical reading. A diagnostic hint resolved
uncertainty between two readings in the deterministic example. Across repeated trials,
learning cue reliability changed the expected informational value of context and the ten-
dency torequestit. Removing the cue-information term during policy rescoring eliminated
the learning-related increase in hint-request probability. This increase persisted when tri-
als ended after one response and its feedback.

The contribution is a reproducible adaptation of an established task to the lexical do-
main and a computational proof of concept. It makes context seeking an explicit choice
within a simple lexical task and provides an executable starting point for behavioral exper-
iments on how readers acquire and use contextual evidence under uncertainty. Its broader
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theoretical value and behavioral relevance remain to be established through comparison
with alternative models and empirical data.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/e28101136/s1, File S1 is Lexical_TMaze_Proof_of_Concept_reprodu-
cible.ipynb. It contains the deterministic verification, stochastic rollouts, cue-reliability learning
simulation, posterior entropy analysis, VFE calculation, EFE calculation and decomposition, cue-
information ablation, sensitivity grid, numerical assertions, and figure-generation code. File 52, Lex-
ical_TMaze_supporting_files.zip, provides the README, resolved environment, execution script,
figure sources and exports, and numerical arrays. Main exports match Figures 1-4; the condition-
congruent probe and validity-by-penalty surface are Supplementary Figures S1 and S2. File S3,
T_lexical_Stopping_Robustness.ipynb, provides the executable notebook and results comparing the
original task with two stopping variants: termination after one response and feedback, and the same
stopping rule with access restricted to one contextual hint per trial. File S3 also includes a joint-
information sensitivity analysis in which fixed policies are rescored using frozen models, accounting
for overlap between information supplied by hints and feedback about the intended reading. This
analysis examines the resulting changes in hint-request probabilities and policy rankings.
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