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Abstract: Computational accounts of human exploration usually assume a stationary policy, in which
a single set of parameters for value sensitivity and uncertainty seeking generates every choice in a task,
so that all within-task variation is treated as decision noise. Neuroscience instead treats exploration and
exploitation as dissociable modes between which the brain switches, which a stationary model cannot
represent. We introduce the Markov-Switching Reinforcement-Learning (MS-RL) model, in which a
first-order hidden Markov chain governs transitions among a small number of latent decision regimes,
each with its own softmax policy over a shared value-learning process. The three regimes are exploita-
tion, directed exploration, and random exploration. The model contains the standard stationary ac-
count (one regime) and a temporally unstructured mixture (memoryless transitions) as nested special
cases, making the stationarity assumption testable. We estimate the model using Expectation-Maximi-
zation with Viterbi decoding and select the number of regimes using the Bayesian information criterion.
A parameter- and state-recovery study confirmed that the generating parameters and latent regime
paths are recoverable (parameter correlations 0.88—0.94; state accuracy 86 percent; Cohen’s kappa =
0.79). Applied to an openly available two-armed bandit dataset (46 adults, 13,800 choices), a three-
regime MS-RL model was preferred over the nested baselines, two- and four-regime variants, and a
single-regime model with smoothly time-varying value sensitivity. An ablation analysis attributes the
largest gains to the latent regimes and temporal switching. The decoded regime path revealed a system-
atic within-game shift from directed exploration toward exploitation. The estimated transition matrix
provides a per-participant measure of strategy change that has no counterpart in stationary models.
We conclude that exploration is better described as a dynamic state than as a fixed trait, and that

modeling it as a switching process is both more accurate and useful.

Keywords: Computational behavioral modeling; Directed and random exploration; Exploration—
exploitation; Hidden Markov model; Latent states; Markov switching; Reinforcement learning; Strategy
dynamics.

1. Introduction

Systems that adapt to people over time must track a moving target. A tutoring system, a
recommender, or a clinical decision aid observes a sequence of choices and infers what a
person is doing, yet the strategy generating those choices may change: the same person may
spend one stretch of a session probing unfamiliar options and the next settling on a known
favorite. Reading that shift correctly has practical consequences. An adaptive learning system
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that introduces new material while a learner is consolidating may interrupt rather than help,
while a behavioral assessment that treats every non-greedy choice as an error cannot distin-
guish between a person who has stopped seeking information and one who has become in-
attentive. Knowing when a strategy changes, and in which direction, is therefore a measure-
ment problem with immediate applications. It calls for models that locate strategy changes in
time rather than summarizing them as an average over a task.

When a decision maker faces repeated choices under uncertainty, they confront the ex-
plore—exploit dilemma: select the option that currently seems best, or sample an uncertain
alternative that might turn out to be better [1], [2]. Human exploration is itself algorithmically
structured, combining value-guided and uncertainty-guided components rather than reducing
to simple randomness [3]. Exploration is also not merely a reaction to uncertainty; it reflects
dynamic changes in cognitive control, where rising uncertainty or conflict promotes infor-
mation-seeking and behavioral flexibility [4]. Formal accounts of this trade-off must therefore
specify not only how a decision maker weighs value against uncertainty, but also whether that
weighting can change as the task unfolds.

The dominant computational treatment of this dilemma assumes that each individual
resolves it with a fixed policy: a single inverse-temperature parameter for value sensitivity and,
in directed-exploration models, a single uncertainty bonus, both held constant across an entire
task. This is the stationary-policy assumption. Under this assumption, every choice is drawn
from the same decision rule, and all within-task variation in exploratory behavior is absorbed
into independent decision noise. The assumption is convenient, but it is increasingly difficult
to defend. Neuroscience describes exploration and exploitation as dissociable modes that the
brain enters and leaves rather than as points on a single continuum, while recent latent-state
models show that behavior once dismissed as random lapsing can reflect structured switching
between discrete strategies. A model that fixes one policy for the whole task cannot represent
this structure: it cannot distinguish whether a non-greedy choice reflects information-seeking
or noise, whether a strategy persists across a sequence of trials, or how the balance of strate-
gles changes as a task unfolds.

This is the gap we address. We treat the parameters that govern exploration not as fixed
traits but as latent states that switch over time, making the switching dynamics themselves an
object of inference. We introduce the Markov-Switching Reinforcement-Learning (MS-RL)
model, in which a first-order hidden Markov chain governs transitions among a small number
of latent regimes. Within each regime, choices follow a regime-specific softmax policy that
combines a learned value term with a count-based information term, while value learning is
shared across regimes so that the regimes represent distinct modes of action selection rather
than distinct learners. With one regime, the model reduces to stationary softmax reinforce-
ment learning, while a memoryless transition matrix reduces it to a temporally unstructured
mixture. Thus, the two dominant alternatives are nested special cases, making the stationarity
assumption a testable hypothesis rather than a default. We estimate the model using Expec-
tation-Maximization with Viterbi decoding, select the number of regimes using the Bayesian
information criterion, and validate identifiability through parameter- and state-recovery stud-
ies before fitting the human data. The main contributions of this work are summarized as
follows:

e A Markov-Switching Reinforcement-Learning framework that allows the action-selec-
tion policy to switch among latent regimes while value learning remains shared, provid-
ing an interpretable representation of exploitation, directed exploration, and random ex-
ploration.

e Aunified latent-state formulation of exploration dynamics in which stationary reinforce-
ment learning and temporally unstructured mixtures are represented as nested special
cases, allowing the stationarity assumption to be evaluated against temporal switching.

e A regime-transition representation of strategy dynamics that provides participant-spe-
cific information about strategy persistence and switching, which is not directly available
from conventional stationary reinforcement-learning accounts.

e A systematic validation and empirical evaluation framework combining parameter and
state recovery, model comparison, and component-level ablation to assess the identifia-
bility, fit, and behavioral relevance of the proposed model.

Taken together, these contributions provide a framework for modeling exploration as a
dynamic latent state rather than as a fixed policy parameter. The empirical analysis further
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examines whether this switching structure captures within-game transitions between explora-
tion and exploitation in human sequential choice. The remainder of the paper is organized as
follows. Section 2 reviews related work and positions MS-RL against existing latent-state and
decision-making models. Section 3 specifies the model and its estimation, including Algo-
rithm 1. Section 4 reports the experimental evaluation, including the dataset and baselines,
validation on simulated data, recovered regimes and their within-game dynamics, model com-
parison, and ablation analysis. Section 5 discusses the contributions, practical implications,
and limitations, and Section 6 concludes.

2. Related Work

Three strands of prior work are particularly relevant to the present model: computational
models of exploration, neural and psychological accounts of discrete decision modes, and
latent-state models of behavior. We review each and then position MS-RL within these mod-
eling directions.

2.1 Models of Exploration in Sequential Choice

Computational models of the explore—exploit trade-off typically fit a single softmax pol-
icy with a fixed inverse temperature and, in directed-exploration variants, a fixed uncertainty
bonus [2], [3], [5]. These models have established that human exploration combines directed
and random components and that directed exploration is driven by uncertainty [2], [6], [7],
with related evidence from restless-bandit and model-based accounts of choice [8], [9]. Their
shared limitation is stationarity: one policy is assumed to generate every choice, so changes in
strategy within a task are represented as noise rather than as changes in state. The present
model relaxes this assumption while retaining the stationary policy as its one-regime special
case.

The stationarity assumption has also been questioned within this family of bandit tasks.
Ger et al. [10] trained a recurrent network on synthetic data to infer trial-by-trial reinforce-
ment-learning parameters and found, on the closely related dataset of Gershman [7], that
allowing these parameters to vary over time predicted held-out choices better than fitting
them as constants. We take this result as motivation rather than as a direct competitor: it
provides independent evidence that a fixed policy may be an inadequate idealization for this
paradigm. However, such an approach does not provide an explicit discrete strategy structure.
Its recovered trajectories are continuous and network-derived, so they can show that param-
eters change without specifying how many strategies a person uses, how long each persists,
or how often one gives way to another. The present model instead imposes a small number
of regimes connected by a Markov chain and estimates their switching dynamics directly. Nor
is instability confined to within-task timescales. In a twelve-week longitudinal study, the
weight participants placed on relative uncertainty in a two-armed bandit varied systematically
across sessions with practice and affective state [11]. Taken together with the within-task ev-
idence, these findings suggest that variation in exploration parameters can reflect meaningful
changes in the policy being measured rather than measurement noise alone.

2.2 Neural and Psychological Evidence for Discrete Modes

A parallel literature treats exploration and exploitation as distinct neural and cognitive
modes rather than as points on a continuum. Dissociable activity in frontopolar and striatal
systems [1], causal separability of directed and random exploration [12], and the adaptive-gain
account of locus-coeruleus function [13]—[15] all describe exploration as a state that a decision
system enters and leaves. Psychological accounts of cognitive control as a dynamic, demand-
sensitive process [4], [16] and of novelty- and uncertainty-driven information seeking [17],
[18] support a similar view at the behavioral level.

This dissociation has also been demonstrated within the task family considered here.
Using fMRI on a two-armed bandit that independently manipulates relative and total uncer-
tainty, Tomov et al. [19] found relative uncertainty represented in the right rostrolateral pre-
frontal cortex and associated with directed exploration, while total uncertainty was repre-
sented in the dorsolateral prefrontal cortex and associated with random exploration. Each
signal predicted cross-trial variability in its corresponding strategy rather than the other. Di-
rected and random exploration are therefore not merely labels for a statistical partition of
choices; in this paradigm, they have separable neural correlates. This evidence motivates a
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latent-state formulation but does not itself provide a computational model that recovers such
states from behavioral choices.

2.3 Latent-State Models of Behavior

Hidden Markov and related state-switching models recover discrete behavioral states
from sequential data and show that apparent lapses can reflect structured switching [5], [20],
[21]. Closest to the present work, recurrent-network and sequential-exploration models cap-
ture exploration as a latent process that can be recovered from choices [5], [6]. However,
these approaches do not allow reinforcement-learning policy parameters themselves to switch
with a latent regime while keeping value learning shared across regimes.

This distinction is important for interpreting the resulting states. A whole-rule switching
model may capture changes in behavior but does not necessarily distinguish changes in learn-
ing from changes in action selection. MS-RL instead places a hidden Markov chain over re-
gime-specific softmax policies that share a common value-learning process. The resulting re-
gimes therefore represent changes in action-selection strategy while preserving a common
learning process, providing a direct link between latent states and interpretable exploration
parameters.

2.4 Research Gap and Position of the Present Study

Prior work has advanced on two fronts that the present study brings together. Compu-
tational models of exploration have established that human choice combines directed and
random components and that directed exploration is uncertainty-driven [2], [3], yet they gen-
erally assume a stationary policy, so within-task changes in strategy are represented as noise
rather than as changes in state. Latent-state models, in turn, have shown that discrete behav-
ioral states can be recovered from choices and that apparent lapsing can reflect structured
switching [5], [6], [10], [20], but they do not explicitly separate a switching action-selection
policy from a shared value-learning process.

Two gaps therefore remain. First, the stationarity assumption in explore—exploit models
is typically imposed rather than directly tested, leaving limited scope for determining whether
exploration is better characterized as a fixed setting or as a state that changes within a task.
Second, existing latent-state approaches do not directly connect the recovered states to the
interpretable policy parameters used in exploration models, such as value sensitivity and un-
certainty seeking. The present study addresses these gaps by combining a hidden Markov state
structure with regime-specific policies and shared value learning.

MS-RL is therefore positioned at the intersection of these modeling directions. It nests
the stationary policy as a testable special case, assigns interpretable policy parameters to each
latent regime, and estimates a transition matrix that characterizes strategy persistence and
switching. Table 1 summarizes this positioning against representative approaches to sequen-
tial choice.

Table 1. Positioning of MS-RL against representative modeling directions for sequential choice

Interpretable  Stationarity tested

Representative  Discrete strategy Per-participant

Modeling direction studies switching regime policy (nested), not transition matrix
parameters assumed
Stationary softmax RL [2], [3] No Yes No No
Memortyless policy mixture [2], [3] Partial (no temporal Yes No No
order)
Time-varying-temperature RL [22] No (gradual drift) Yes No No
HMM latent-state choice 20] Yes No (Whole rule No Ves
models switches)
Recurrent. / sequential-explo- 51, [6] Yes (implicit No No No
ration networks
Present study (MS-RL) This work Yes Yes Yes Yes

As shown in Table 1, approaches that retain interpretable policy parameters generally do
not explicitly model discrete temporal switching, whereas approaches that capture latent tem-
poral structure do not directly connect the states to regime-specific exploration policies. MS-
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RL combines these properties while also treating stationarity as a testable modeling assump-
tion rather than a fixed premise. This combination enables the estimated transition matrix
and decoded regime sequence to be interpreted in terms of strategy persistence and change
rather than as an unlabeled sequence of latent states.

3. The Markov-Switching Reinforcement-Learning Model

3.1. Learning Component

On each trial t, the agent chooses action a; and observes reward 7;. Action values fol-
low a delta-rule update [23] shared across regimes, given by Eq. (1):

Qr+1(ap) = Qe(ay) + a[r — Q(ay) | )

where the learning rate a € (0,1), and unchosen actions tretain their previous values. The
reward 7y is the observed payoff, and Q¢(a) is the running value estimate for action a at trial
t. An information signal, defined in Eq. (2), provides a count-based proxy for uncertainty:

1

Jng(a) +1 @

where n;(a) is the number of prior selections of action a. The signal I;(a) is highest for
rarely sampled actions and decreases as evidence accumulates. It is computed deterministically
from the choice history rather than estimated as a separate parameter, and serves as a proxy
for the uncertainty that can drive directed exploration [1], [2]. This count-based form provides
a simple, parameter-free representation of relative uncertainty in the bandit task.

I(a) =

3.2. Latent Regime Dynamics

Let S¢ € {1,...,K} denote the latent regime on trial t, evolving as a first-order Markov

chain with initial distribution ™ and K X K transition matrix P, whose entries are defined
in Eq. (3):

Py =Pr(Seyr =k 1S =) 3)

The off-diagonal entries of P quantify the propensity to switch strategies, whereas the
diagonal entries quantify regime persistence. These switching dynamics are estimated rather
than fixed and constitute the model's central object of inference.

3.3. Emission (Choice) Model

Conditional on regime k, choice probabilities follow a regime-specific softmax policy
that combines value and information, as given in Eq. (4):

Pr(a; = a | S, = k) < exp[ i Qc(a) + yi I (a) ] “

where Py is the regime-k inverse temperature (value sensitivity, indexing exploitation) and
Yk is the regime-k information weight. A positive Yy reflects uncertainty-seeking behavior
associated with directed exploration, whereas a ¥ near zero reflects value-dominated or
near-uniform choice. Regimes are not labeled a priori; their interpretation is assigned post
hoc from contrasts in the fitted parameters, as summarized in Table 2.

Table 2. Regime identification by parameter contrast. Labels are assigned post hoc from the fitted
policy parameters rather than imposed a priori.

Regime B (value weight) ¥ (information weight) Interpretation
Exploit High Low Greedy value maximization
Directed-explore Moderate High (positive) Uncertainty-driven sampling

Random-explore Low Low Near-uniform choice
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As shown in Table 2, the three regimes are distinguished by their relative value sensitivity
and information weighting rather than by predefined state labels. This allows the behavioral
interpretation of each regime to emerge from the fitted policy parameters.

3.4. Likelihood and Nested Baselines

For a participant with choice sequence a;.r, the observed-data likelihood marginalizes
over the latent regime path, as given in Eq. (5):

N

L(6) = H Z Pr(a®, S,z 16) )

i=1 Sy.1

and is computed using the forward recursion. Conditional on the regime path, emissions
are independent across trials because the value trajectory Q; is deterministic given the past
choices and rewards. The forward—backward recursion can therefore be applied directly, with
the value and information trajectories computed in a single forward sweep so that each emis-
sion term uses the corresponding @ and I;. With K=1, the model reduces to stationary
softmax-RL, whereas constraining every row of P to a common distribution yields a memot-
yless mixture. The contrast between the full MS-RL model and the memoryless mixture there-
fore isolates the explanatory contribution of temporal switching.

As illustrated in Figure 1, the shared learning process updates the action values from the
observed reward, while the latent regime determines which regime-specific softmax policy is
active. The selected policy combines the current value and information signals to generate the
observed choice, after which the reward updates the shared value estimates. Across trials, the
first-order Markov chain governs transitions between regimes. Thus, the model separates
changes in action-selection strategy from the underlying value-learning process.

MS-RL: one trial of the generative process

P"k ij
Regime S;_; Regime S; Regime S; ; ;

first-order hidden Markov chaify (transition matrix P, initial i)
S¢ = k selects (B, yi)

K candidate regimes

[ Exploit: high B, low y ]

Regime-specific

[ Directed: mid B, +v ]/_,_ e softmax policy
Priar=a | St =k) = exp[BcQ«a) + vili(a) ]
[ Random: low B ] < Py i
Shared value
learning
Qt+1(ar) =
sample Qdlay) +afre — Qclay)]
action _
=a, shared
r; updates Q
v t up
G Choice a; = reward r;
Nested special cases: K = 1 - stationary softmax-RL | rows of P equal = memoryless mixture

= value / control flow
= = information signal

Figure 1. Generative architecture of the proposed MS-RL model.

3.5. Estimation

We estimate the parameters using Expectation-Maximization, fitting the model sepa-
rately to each participant so that each participant has their own learning rate, regime-specific
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policy parameters, transition matrix, and decoded regime path; no parameters are pooled
across participants. The E-step uses a log-space forward—backward recursion [24], after which
the transition matrix and initial distribution have closed-form updates. The policy parameters
(&, {Br}, { v }) have no closed-form solution because they enter the softmax nonlinearly and
are recursive through the value update. They are therefore obtained by numerically maximiz-
ing the responsibility-weighted expected emission log-likelihood under bound constraints
[25].

Two choices are specific to this model. The learning rate « is shared across regimes,
which allows the regimes to represent modes of action selection rather than separate learners.
In addition, regimes are ordered by descending 8 to resolve label switching; because the re-
covered B values are well separated (Section 4.4), this ordering is unambiguous. We use mul-
tiple random restarts because the likelihood is multimodal, decode the most likely regime path
for each participant using the Viterbi algorithm, obtain standard errors from the observed
information with a subject-level bootstrap as a robustness check, and select K using the
Bayesian information criterion, with K=1 nested as a special case.

The complete estimation procedure is summarized in Algorithm 1. For each random
restart, the model parameters are initialized within the specified bounds, followed by alternat-
ing B- and M-steps until convergence. The E-step computes the value and information tra-
jectories and the posterior responsibilities using the log-space forward—backward recursion.
The M-step updates the initial distribution and transition matrix in closed form and numeri-
cally optimizes the policy parameters using L-BFGS-B. The fit with the highest log-likelihood
is retained across restarts, after which the most likely regime path is decoded using the Viterbi
algorithm. Finally, the number of regimes is selected using BIC, with K=1 cotresponding to
stationary softmax-RL.

Algorithm 1. Expectation-Maximization estimation of the MS-RL model

INPUT: choice/reward sequences {aq.7,T1.7} pet patticipant; number of regimes K
OUTPUT: learning rate a, policies {f, ¥}, initial distribution 7, transition matrix P,
and regime paths

1:  for each random restart do

2 initialize &, {fr}, {vr}, m, P (descending f to fix label order)

3 repeat (EM until A log-likelihood < &)

4 E-step: forward sweep to compute value @, and information I; trajectories

5: compute emission log-probabilities logp(a; |S; = k) forall t, k
6.
7
8

run log-space forward-backward = responsibilities y¢(k), §:(j, k)
M-step: T < Yyq; Pji« normalized X; &:(j, k) (closed form)
(o, {Br} {vx}) < argmaxresponsibility-weighted emission log-likelihood (L-
BFGS-B)
9: until converged
10:  keep fit if log-likelihood exceeds best-so-far
11: end for
12: decode most-likely regime path per participant with the Viterbi algorithm
13: select K by BIC (K=1 nested = stationary softmax-RL)

3.6. Reproducibility and Implementation Configuration

To make the procedure reproducible, we report the full estimation configuration in Ta-
ble 3, which is applied consistently across the validation study (Section 4.3) and the analysis
of human choices (Sections 4.4 to 4.6). The policy parameters are bounded during optimiza-
tion (value sensitivity within a nonnegative range and the information weight within a sym-
metric interval around zero), and each participant is fitted from twenty random restarts to
guard against local optima arising from the multimodal likelihood; the restart with the highest
log-likelihood is retained. EM iterates until the change in log-likelihood falls below 1le—6 or a
maximum of two hundred iterations is reached. Random seeds are fixed for every simulation
and bootstrap resample, so the recovery study, model fits, and reported intervals can be re-
produced exactly. The full code is available on request, and the analyzed data are public (see
the Data Availability statement), allowing the entire pipeline to be rerun end to end.
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Table 3. Estimation and implementation settings for the MS-RL model. These settings apply to both
the validation study (Section 4.3) and the analysis of human choices (Sections 4.4 to 4.0).

Setting Configuration
Estimation method Expectation-Maximization (EM)
E-step Log-space forward—backward recursion
M-step (transitions, initial) Closed-form responsibility-weighted updates
M-step (policy @, By, Vi) L-BFGS-B with bound constraints and numerical gradient
Parameter bounds a € (0,1); B € [0,15]; yx € [-3,3]
Each restart draws a ~ U(0.3,0.8), 5, ~ U(0.1,5.0) sorted in de-
Initialization scending order to fix labels, ¥, ~ U(—0.5,0.5); P initialized near-di-
agonal, 7 uniform
Random restarts 20 per participant; restart with the highest log-likelihood retained

Convergence ctitetion A log-likelihood < 1le — 6 between EM iterations
Maximum EM iterations 200

Label-switching control Regimes ordered by descending 8 (value sensitivity)

Latent-path decoding Viterbi (most-likely regime sequence per participant)

Model selection Bayesian information critetion (BIC); K € {1, 2, 3,4}

U . e Observed-information Hessian; subject-level bootstrap (1,000

ncertainty quantification

resamples)
Random seed Fixed (seed = 42) for all simulations and bootstrap resampling
Software Python (NumPy, SciPy optimize); code available on request

3.7. Evaluation Metrics

We evaluate the model primarily by how well it explains observed human choices and
whether the structure it recovers can be trusted [20], [27]. Conventional reinforcement-learn-
ing measures such as cumulative reward, regret, and task accuracy are not directly applicable
because rewards are determined by participants’ actual choices. We therefore distinguish val-
idation, which assesses recovery from simulated data with known ground truth, from com-
parative performance, which assesses model fit on human choices. Comparative performance
is assessed primarily using the Bayesian information criterion (BIC):

BIC = —2logL + klogn ©)

where L is the maximized likelihood, k is the number of free parameters, and n is the number
of observed choices. BIC balances model fit and complexity and is suitable for comparing
nested and non-nested cognitive models [27]. Because stationary softmax-RL is the nested
K=1 case of MS-RL, BIC provides a direct test of whether the switching structure is sup-
ported by the data. BIC is used instead of AIC because its stronger complexity penalty is more
conservative when models differ in the number of latent regimes. The original analysis of
these data selected the same model under both criteria [28]. We also report McFadden
pseudo-R? against a random-choice baseline and a likelihood-ratio test comparing MS-RL
with its stationary special case.

Validation is assessed using simulated data with known ground truth [20]. Section 4.3
reports correlations between generated and recovered parameters and the accuracy of Viterbi-
decoded regime labels. Because accuracy can be affected by unequal regime frequencies, Co-
hen’s kappa is also reported:

= Po"Pe o
1-pe
where p, is observed agreement and p, is agreement expected by chance. A value of zero
indicates chance agreement, whereas one indicates perfect agreement.

BIC and likelihood-ratio tests rely on regularity assumptions that are only approximate
for hidden-Markov and mixture models. They are therefore interpreted as comparative evi-
dence rather than exact model-evidence or reference-test quantities and are considered to-
gether with the recovery analyses in Section 4.3.
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4. Experimental Evaluation

4.1 Dataset and Experimental Setup

We evaluate the framework on the openly available dataset of Gershman [28], in which
46 adults recruited online completed a two-armed bandit task. Each participant played 30
games of 10 trials, yielding 1,380 games and 13,800 choices in total. At the start of each game,
the mean payoff of each arm was drawn from a Gaussian distribution with mean zero and
variance 100, and each arm was independently labeled as safe or risky. A risky arm returned
payoffs drawn around its mean with variance 16, whereas a safe arm returned its mean deter-
ministically. The labels were resampled at the beginning of each game, so participants en-
countered all four safe—risky combinations across the session. Each game therefore represents
a self-contained explore—exploit problem that begins with limited information and ends with
one option typically becoming better characterized.

The design makes this dataset particularly well suited to the present research question.
It was designed to manipulate two forms of uncertainty orthogonally: the difference in un-
certainty between the arms, which drives uncertainty-directed choice, and the total uncertainty
across arms, which influences choice stochasticity [28]. These quantities provide experimental
leverage for distinguishing directed from random exploration rather than relying on model fit
alone. The ten-trial game structure also provides a within-game time course with a known
starting point, allowing regime occupancy to be examined as a function of trial position rather
than only across the session. This temporal structure is particularly relevant to a switching
framework because it allows changes in strategy to be localized within individual games. In
addition, the dataset is publicly available and has been analyzed using established choice mod-
els, allowing the present comparisons to be conducted on the same choices and reproduced
by other researchers. In the present analysis, choices are treated as actions, observed payoffs
as rewards, and the count-based bonus as the information signal. Rewards are z-scored across
the dataset before model fitting.

4.2. Baseline Models

MS-RL is compared with three baselines representing distinct accounts of within-task
variation. Each baseline is either nested within the proposed framework or directly compara-
ble using the same observed choices. The stationary softmax policy is the de facto standard
in computational accounts of human exploration and represents the model that would be
applied to these data by default [2], [3]. It corresponds to the K=1 case of MS-RL, making
the comparison nested and allowing stationarity to be tested rather than assumed. The
memotyless policy mixture permits multiple policies but removes their temporal order,
thereby testing whether the data require temporal switching or merely multiple policies. The
time-varying-temperature model represents the main continuous alternative to discrete
switching, in which value sensitivity changes gradually as the task unfolds [22]. Together, these
baselines distinguish stationary behavior, multiple but temporally unstructured policies, and
continuous parameter drift from discrete temporal switching.

Recurrent and sequential-exploration networks have also been applied to comparable
choice data and can achieve high predictive accuracy [5], [6]. They are not included as direct
baselines because they do not provide the quantities central to the present research question,
such as regime-specific value sensitivity, information weighting, and an interpretable transi-
tion matrix. A comparison with these models would therefore primarily address predictive
accuracy rather than whether strategy switching can be identified and interpreted.

The same dataset has also been analyzed using probit choice models in which the regres-
sors implement established accounts of uncertainty-guided choice, including estimated value
difference, relative uncertainty between arms, and value scaled by total uncertainty, corre-
sponding to upper-confidence-bound and Thompson-sampling strategies and a hybrid of the
two [28]. These models provide complementary evidence that both forms of uncertainty in-
fluence choice, but they are not included as direct baselines because they model choice prob-
abilities using uncertainty quantities from an assumed Bayesian learner and do not represent
latent temporal states. Consequently, they provide neither trial-level regime assignments nor
a transition matrix and cannot be nested against the switching framework in the same way as
the baselines above.
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The comparison set has also been extended in later work. Binz and Schulz [29] bench-
marked meta-learned and resource-rational exploration algorithms against Boltzmann explo-
ration, upper-confidence-bound algorithms, and Thompson sampling on this bandit family,
while Ger et al. [10] compared a recurrent network with a stationary hybrid exploration model
on the same data. These studies are relevant to the broader modeling landscape, but they
address a different axis of comparison: whether a particular fixed or learned rule describes
choice, rather than whether a single rule remains valid throughout a task. The baselines used
here are therefore selected to test the central assumption of the present study—stationary
versus temporally structured strategy selection—rather than to provide an exhaustive survey
of predictive models.

4.3. Validation on Simulated Data

A latent-variable model can fit well while reporting quantities that are not identifiable.
Before analyzing human choices, we therefore assessed whether the framework could recover
the quantities it was designed to measure [20]. Synthetic participants were generated from a
three-regime MS-RL process with known parameters, and the model was then refitted with-
out access to the ground truth using the settings in Table 3.

Recovery was high. The generating learning rate, regime-specific policy parameters, and
transition matrix were recovered with strong correspondence (parameter correlations:
a,=0.94, £,=0.91, and ,-=0.88). The latent regime path was recovered with 86% accuracy
against a chance level of 33% (Figure 2), corresponding to substantial agreement beyond
chance (Cohen’ s k=0.79). Residual errors were concentrated in the directed-exploration
regime, which was the most difficult to identify because its information weight was only
weakly constrained by the data. Exploitation and random exploration, which were more
clearly separated by value sensitivity, were recovered more accurately. The recovered transi-
tion matrices also reproduced the high-persistence diagonal structure of the generating pro-
cess, indicating that the temporal structure was identifiable rather than imposed by the model.
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Figure 2. Parameter and state recovery from simulated data. (a) Parameter correlations; (b) regime-
decoding confusion matrix.

4.4. Recovered Regimes

A three-regime MS-RL model was preferred over the two- and four-regime variants ac-
cording to the Bayesian information criterion (Section 4.6). The recovered regimes were con-
sistent with the interpretive scheme in Table 2. The exploitation regime showed high value
sensitivity (£=4.98, 95% CI [4.18, 5.78]) and an information weight opposing uncertainty.
The directed-exploration regime showed intermediate value sensitivity (f=1.71, 95% CI
[1.42, 2.00]) and a positive information weight, whereas the random-exploration regime
showed neat-zero value sensitivity (£=0.18, 95% CI [0.06, 0.29]) and near-uniform choice
(Figure 3). The shared learning rate was @=0.65 (95% CI [0.60, 0.70]). The three value-sen-
sitivity intervals do not ovetlap, indicating clear separation among the regimes on the param-
eter that most strongly defines their behavioral interpretation.

The information-weight estimates reached the estimation bound of y=%3 for all three
regimes. Consequently, ¥ is interpreted primarily by its sign and behavioral role rather than
its precise magnitude, and its standard error is not considered interpretable. This boundary
behavior is expected in a standard two-armed bandit, where information value is not
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manipulated strongly enough to constrain its magnitude. The low-sensitivity regime is there-
fore labeled random exploration; however, its near-uniform choices cannot distinguish value-
insensitive sampling from attentional lapses.
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Figure 3. Recovered regime-specific policy parameters from real data.

Because the model is fitted separately to each participant, each participant has an indi-
vidual transition matrix. We summarize these matrices by averaging them across participants.
The resulting transition matrix showed strong diagonal persistence, with mean self-transition
probabilities of 0.96 for exploitation, 0.69 for directed exploration, and 0.86 for random ex-
ploration (Figure 4). The regimes were therefore persistent, with decision makers remaining
within a strategy for extended runs rather than re-randomizing on every trial. Exploitation
was both the most persistent regime and the most common destination, consistent with a
process that settles into value maximization once a good option has been identitied.

This pattern is consistent with other latent-state accounts of choice, in which mice and
humans alternate among discrete strategies that persist over multiple trials rather than switch-
ing randomly [20]. The high persistence of exploitation (0.96) is also consistent with sustained,
goal-directed engagement described as proactive control in dual-mechanisms accounts of
cognitive control [30], whereas the lower persistence of directed exploration (0.69) is con-
sistent with its role as a transient information-gathering state that becomes less necessary as
uncertainty is reduced.
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Figure 4. Participant-averaged regime transition matrix showing regime persistence and switching.

4.5. Within-Game Strategy Dynamics

Decoding the most likely regime for every trial revealed a systematic within-game pro-
gression (Figure 5). The first trial of each game was occupied almost entirely by the directed-
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exploration regime, consistent with the rational opening move when both options are un-
known. Across successive trials, occupancy of the exploitation regime rose monotonically
from roughly zero on trial 1 to 82% by trial 10, while both exploratory regimes declined.
Averaged across all trials, participants spent 64% of the time exploiting, 28% in directed ex-
ploration, and 8% in random exploration.

MS-RL therefore localizes the explore-to-exploit transition to a specific decoded quan-
tity: the changing occupancy of latent regimes over time, rather than a change absorbed into
a static temperature. A stationary model must represent every trial with the same policy and
cannot express this temporal progression. As shown in Figure 5, the trajectory tracks the
resolution of uncertainty. At the opening of a game, both options are unknown, and infor-
mation is most valuable, so the policy that samples for information dominates. As outcomes
accumulate, the uncertainty that initially justified exploration is reduced, and control shifts
toward the policy that exploits what has been learned. On this interpretation, the within-game
shift is not a decay of engagement but a reallocation of decision strategy that follows the
information available at each point in the game.

trial 1: 100% trial 10: 82%
directed-explore exploit

regime occupancy (Viterbi)

1 2 3 4 5 6 7 8 9 10

trial within game
I Exploit I Directed explore EEE Random explore

Figure 5. Within-game regime occupancy by trial position (Viterbi-decoded, real data).

4.6. Model Comparison and Ablation Analysis

The critical test is whether temporal switching earns its additional complexity. Across
the full dataset, the three-regime MS-RL model achieved the lowest Bayesian information
criterion among the candidate models: BIC = 12,295, compared with 12,766 for two-regime
MS-RL, 12,347 for four-regime MS-RL, 13,095 for the memoryless mixture, and 13,259 for
the stationary single-policy model (Figure 6). A single-regime model with smoothly time-var-
ying value sensitivity was also fitted to distinguish discrete switching from gradual drift. This
model performed no better than the stationary model (BIC = 13,270), with a negligible esti-
mated decay.

The comparison with the memoryless mixture is particularly informative because both
models contain three policies, while only the full MS-RL model includes temporal dependence
between regimes. The improvement of approximately 800 BIC points therefore indicates that
the advantage of MS-RL is not attributable simply to having multiple policies, but to modeling
how those policies switch over time. Similarly, the preference for K=3 over K=4 indicates
that the additional regime does not provide sufficient improvement to justify its complexity.
The comparison against the stationary model further supports the need for a non-stationary
policy: McFadden pseudo-R? increased from 0.31 for the stationary policy to 0.37 for three-
regime MS-RL, while a likelihood-ratio test against the nested stationary special case was de-
cisive (x? =1078, 12 degrees of freedom), corresponding to an improvement of approxi-
mately 0.04 in per-choice log-likelihood.
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These comparisons also provide an ablation of the major components of the framework.
Removing the latent regimes by setting K=1 produces the largest degradation (964 BIC
points), indicating that a single policy does not adequately represent the observed choices.
Removing temporal dependence while retaining the three policies produces the memoryless
mixture and costs approximately 800 BIC points, isolating the contribution of temporal
switching. Replacing discrete switching with continuous drift costs 975 BIC points and yields
a negligible decay, indicating that the observed strategy changes are not adequately captured
by a smooth change in value sensitivity. Finally, reducing the model to two regimes costs 471
BIC points, whereas adding a fourth regime costs 52 points. Together, these ablations indicate
that both the latent regime structure and its temporal dynamics contribute substantially to
model fit, while three regimes provide the best balance between flexibility and complexity. As
shown in Figure 6, the three-regime MS-RL model is preferred over the stationary, memor-
yless-mixture, time-varying, and alternative-regime models, while the ablation comparisons
clarify which components account for this advantage.

Model comparison: temporal switching wins
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Figure 6. BIC comparison of the candidate models (lower is better).

5. Discussion

Across the validation study on simulated data and the application to open human
choices, MS-RL supports a simple thesis: exploration is better described as a state that a de-
cision maker passes through than as a setting held fixed throughout a task. This view is con-
sistent with a broader psychological perspective in which behavior emerges from temporally
extended states rather than invariant decision parameters. Cognitive control, for example, is
increasingly understood as a dynamic process that varies with task demands and internal states
rather than as a fixed capacity applied uniformly [30]. In dual-mechanisms accounts, behavior
is supported by different control modes depending on goals and demands, implying that pro-
cessing need not be governed by a single stable mode over time. The present results extend
this perspective to exploration.

5.1. Contributions and Relation to Prior Models

The model addresses the exploration-versus-noise ambiguity that has limited the inter-
pretation of bandit choices [2] by assigning non-greedy choices to identifiable regimes (Figure
3) and providing a transition matrix (Figure 4), a quantity absent from stationary accounts. A
stationary softmax model [2], [3] represents the entire task with a single inverse temperature
and therefore cannot determine whether non-greedy choices reflect information seeking or
random responding, nor whether exploration is concentrated early and exploitation later. A
memoryless mixture can represent several policies but, without temporal structure, cannot
describe their persistence or systematic changes across trials. Similarly, a single-regime model
with smoothly time-varying value sensitivity can represent gradual parameter drift, but the
model comparison indicates that it does not capture the discrete structure supported by the
data.
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MS-RL combines these capabilities by estimating which regime generates each choice,
how long regimes persist, and how their occupancy changes within a game (Figures 4 and 5).
Recurrent-network and sequential-exploration models [5], [6] recover latent exploration pro-
cesses, but they do not separate a switching action-selection policy from a shared learning
process. This distinction allows the transition matrix in MS-RL to be interpreted as a measure
of strategy change rather than as a consequence of changes in learning.

The recovered regimes are also consistent with independently motivated behavioral and
neural constructs. Exploitation and exploration are neurally dissociable [1], directed and ran-
dom exploration ate causally separable [12], and explore—exploit transitions have been linked
to hypothesized neuromodulatory switching processes [13]. The estimated transition matrix
is therefore consistent with such a switching account, but it should not be interpreted as a
direct estimate of any neuromodulatory variable. The adaptive-gain account describes a con-
tinuous gain signal, whereas the present model represents behavioral strategy using discrete
latent states. The mapping is consequently a motivated and falsifiable interpretation rather
than a mechanistic identification.

The within-game transition from directed exploration toward exploitation further illus-
trates the explanatory value of this representation. Rather than interpreting the change as a
gradual cooling of a single decision temperature, the model represents it as a reallocation
among strategies as information accumulates. This pattern is consistent with accounts in
which exploration serves to reduce uncertainty and is reduced as uncertainty is resolved [17].
The relatively lower persistence of directed exploration is also consistent with its interpreta-
tion as a transient information-gathering strategy rather than a stable preference for explora-
tion.

5.2. Practical Implications

The framework has several implications for the analysis and application of sequential
choice. Because stationary softmax-RL is the K=1 special case of MS-RL, researchers can test
for strategy switching rather than assuming stationarity. When switching is supported, the
decoded regime path provides participant-level measures such as time to first exploitation,
switching frequency, and opening-trial exploration. This localization can be particularly useful
in clinical and developmental research, where differences in exploration may arise from re-
duced directed exploration, increased random exploration, or altered switching dynamics ra-
ther than from a single temperature change. Populations with documented exploratory dif-
ferences, such as attention-deficit/hyperactivity disorder, depression, or healthy aging, could
therefore be examined in terms of which regimes and transitions differ.

The transition matrix may also provide a behavioral measure of cognitive flexibility by
quantifying individual differences in regime persistence and switching propensity, connecting
the framework to research on executive function [31]. The same information could support
adaptive systems. A system that can distinguish information-seeking from preference exploi-
tation could time interventions accordingly—for example, delaying new options while a user
is consolidating a preference and presenting alternatives when the user is already exploring.
Similarly, an instructional system could distinguish systematic hypothesis testing from random
guessing, which may require different interventions. The weak identification of the uncer-
tainty bonus also has a practical implication for experimental design. Paradigms that manip-
ulate information value parametrically, such as the Horizon Task, may identify the directed-
exploration regime more precisely than a standard bandit.

5.3. Limitations

Several limitations constrain the interpretation of the findings. First, the regimes are in-
ferred rather than directly observed. Their mechanistic interpretation therefore requires con-
verging neural or physiological evidence, and the psychological labels assigned to the regimes
should be treated as hypotheses rather than direct observations. In particular, the random-
exploration regime may reflect value-insensitive sampling or attentional disengagement,
which can produce similar behavioral patterns [32]. Pupillometry provides a potentially dis-
criminating test: because pupil size in this paradigm tracks total rather than relative uncer-
tainty, and total uncertainty drives random rather than directed exploration [33], pupil dilation
should be more closely associated with the decoded random-exploration regime than with
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directed exploration if the proposed interpretation is correct. Such evidence would provide a
stronger test of the psychological meaning of the latent states.

Second, the model assumes that value learning is shared across regimes. If learning also
changes across states, the current specification could attribute some learning variation to ac-
tion-selection dynamics. The information signal is also only an approximation to the uncer-
tainty manipulated by the task. A count-based bonus decreases with sampling, whereas un-
certainty also depends on whether an arm is safe or risky: a risky arm retains residual uncer-
tainty even after repeated choices, whereas a safe arm becomes known after a single observa-
tion. This mismatch may contribute to the information weights reaching their estimation
bounds, leaving the magnitude of y weakly identified. Its consistent sign and the early domi-
nance of directed exploration nevertheless support its interpretation as an information-seek-
ing component. Replacing the count-based signal with posterior variance from a Bayesian
learner, together with paradigms that manipulate information value parametrically such as the
Horizon Task [2], would provide a stronger test.

Third, the observed within-game shift toward exploitation has an alternative explanation
based on the horizon effect. Because each game contains only ten trials, participants may
anticipate the end of the game and exploit for that reason rather than solely because uncer-
tainty has been reduced. Designs that vary the number of remaining choices [2] would help
distinguish these explanations.

Finally, the framework assumes discrete strategy changes. This assumption makes the
transition matrix interpretable, but a genuinely gradual process would be represented as a
sequence of transitions between fixed regimes. The ablation against the drifting-temperature
model (Section 4.6) shows that discrete switching fits these data better than smooth drift
alone, but it does not establish that continuous variation is absent. A hybrid model in which
regime-specific policies can also drift would provide a more direct test. The framework should
likewise be evaluated in richer settings, including n-armed or restless bandits, where the best
option can change, and Markov decision processes, where exploration operates across states
rather than only among arms.

5.4. Scientific Insights and Trade-offs

Three broader insights emerge from the analysis. First, the switching representation
changes how the explore—exploit transition can be interpreted. The decoded regime path
shows that the transition is not simply a gradual cooling of a single temperature but a reallo-
cation among discrete strategies: directed exploration dominates the opening stage and gives
way to exploitation as information accumulates, while random exploration remains a minority
state. A stationary temperature averages over this process and therefore cannot represent the
strategy occupying any particular trial.

Second, the combination of recovery and model comparison provides evidence that the
switching structure is not merely an artifact of model flexibility. Parameter and state recovery
establish that the latent quantities can be recovered from known generating processes, while
the preference for K=3 over K=4 and the improvement over the memoryless mixture pro-
vide complementary evidence from human choices. Together, these results support interpret-
ing the transition matrix as a measure of behavioral strategy change rather than as an unlabeled
state sequence produced by overfitting.

Third, the findings extend a broader pattern in which discrete, persistent strategy states
have been recovered across species and tasks. Mice and humans in perceptual decisions alter-
nate among a small number of states that persist for tens of trials [20], while exploration in
restless bandits has also been modeled as a latent process recoverable from behavior [6]. MS-
RL extends this perspective to value-based exploration by allowing the action-selection policy
to switch among interpretable regimes while keeping value learning shared. This separation
addresses an important question: whether observed switching can be explained by changes in
how agents select actions without requiring changes in how they learn. Within the present
model class and dataset, the results indicate that switching in the action-selection policy is
sufficient to capture the observed dynamics. This does not imply that learning-rate switching
is absent or impossible; where future data support such variation, the framework could be
extended to allow learning rates to vary by regime, although this would introduce additional
identifiability challenges.

These advantages come with trade-offs. MS-RL is more computationally demanding
than a stationary policy because EM with multiple random restarts is applied to a multimodal
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likelihood, and sufficient trials per participant are needed to estimate transition dynamics re-
liably. The model also gains interpretability by holding value learning fixed, but this assump-
tion becomes restrictive when learning and action-selection strategies change simultaneously.
Finally, experimental design determines which aspects of the model can be identified. The
present bandit separates value sensitivity relatively well but leaves the information weight at
its estimation bound. Paradigms that manipulate information value parametrically could
sharpen identification of directed exploration at the cost of greater experimental complexity.
These boundaries suggest that MS-RL is most informative when the dataset contains a suffi-
cient number of trials per patticipant, the research question concerns action-selection strategy,
and the experimental design provides enough variation in uncertainty to distinguish directed
from random exploration.

6. Conclusions

This study examined whether exploration in sequential choice is better represented as a
fixed policy or as a strategy that changes over time. The proposed Markov-Switching Rein-
forcement-Learning (MS-RL) framework addresses this question by allowing the action-se-
lection policy to switch among latent regimes while keeping value learning shared. The vali-
dation study showed that the model can recover its generating parameters and latent regime
paths, while the empirical analysis showed that the three-regime formulation provides a better
account of human choices than stationary, memoryless-mixture, time-varying, and alternative-
regime models.

The results further show that the latent regimes provide an interpretable representation
of within-task strategy change. Directed exploration dominates the early stage of a game and
progressively gives way to exploitation as information accumulates, while random exploration
remains a smaller component. The transition matrix additionally captures how persistently
participants remain in each strategy and how they move between strategies. These results
support the central objective of the study: within-task variation in exploration can be modeled
as structured changes in action-selection strategy rather than being absorbed into stationary
decision noise.

The findings also clarify the scope of the contribution. Within the present model class
and dataset, switching in the action-selection policy is sufficient to account for the observed
dynamics without requiring the learning rate itself to change. At the same time, the interpre-
tation of the latent regimes remains behavioral rather than mechanistically established, and
the limited identification of the information weight and the two-armed bandit setting con-
strain generalization. Future work should therefore validate the decoded regimes against in-
dependent neural or physiological measures, evaluate the framework in richer sequential de-
cision-making environments such as restless or n-armed bandits and Markov decision pro-
cesses, and investigate regime-dependent learning rates when sufficient data are available.
Overall, the results support treating exploration as a dynamic state that can be identified,
tracked, and analyzed across sequential decisions rather than as a fixed setting of a stationary

policy.
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