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Abstract

Do language models make decisions under uncer-
tainty like humans do? And if so, what role does
extended reasoning play in the underlying deci-
sion process? We answer this question by intro-
ducing an active probabilistic reasoning task that
cleanly separates sampling (actively acquiring ev-
idence) from inference (integrating evidence to-
wards a decision). Benchmarking humans and
a broad set of contemporary LLMs against op-
timal reference policies reveals a consistent pat-
tern: extended reasoning is the key determinant of
strong performance, driving large gains in infer-
ence, while yielding only modest improvements
in active sampling. To explain these differences,
we fit a behavioral model that captures system-
atic deviations from optimal Bayesian behavior
through interpretable parameter families, placing
humans and models in a shared low-dimensional
cognitive space. The resulting fits show how rea-
soning shifts models toward human-like regimes
of evidence accumulation and belief-to-choice
mapping, and yield testable predictions about the
latent dynamics that might drive each decision.
Probing residual-stream activations of an open-
weight reasoning model, we find that the geometry
of internal representations tracks these predicted
dynamics, linking behavior to representational
correlates of the fitted latent dynamics.

1. Introduction
Post-training LLMs to produce long intermediate reasoning
traces before committing to an answer can substantially
improve performance on challenging benchmarks, often
reaching near-human accuracy (Nye et al., 2021; Reynolds
& McDonell, 2021; Wei et al., 2022; Kojima et al., 2022;
Wang et al., 2022b; Chen et al., 2025a; Jaech et al., 2024;
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Guo et al., 2025a; El-Kishky et al., 2025). However, it
remains unclear why extended reasoning helps and how
these traces relate to the computations that actually produce
the answer. Indeed, the traces can be unreliable and can
diverge from the model’s internal processes, implying that
they do not necessarily describe the true algorithm a model
applied in solving a task (Turpin et al., 2023; Lanham et al.,
2023; Barez et al., 2025; Chen et al., 2025b; Arcuschin et al.,
2025).

More generally, algorithmic-level descriptions of the repre-
sentations underlying LLM behavior are arguably missing
for most current benchmarks (Moskvichev et al., 2023).
Yet, a long line of work in cognitive neuroscience suggests
that such descriptions could be critically important for any
attempts to link a behavior to specific parameters and activa-
tions in the underlying circuits (Marr, 2010; Lengyel, 2024).
Making explicit the algorithms and representations that lead
to a particular behavior can yield interpretable latent vari-
ables that are often more directly tied to activations than the
observable behavior, and thus help bridge the gap between
behavior and high-dimensional activations (Lengyel, 2024;
Ku et al., 2025).

Such algorithmic descriptions are also needed to evaluate
human–LLM alignment and how extended reasoning shapes
it. Fine-tuning on human feedback and behavioral datasets
can make LLMs reproduce human-like choices and signa-
tures of classic cognitive models (Lake et al., 2017; Peterson
et al., 2021; Wei et al., 2021; Bai et al., 2022; Ouyang et al.,
2022; Binz & Schulz, 2023a; Momentè et al., 2025; Binz
et al., 2025). Yet, performance and behavioral similarity
alone may not be sufficient to conclude that LLMs rely
on the same latent computations and decision strategies as
humans.

In this work, we take inspiration from cognitive neuro-
science by developing a behavioral task that isolates two
core elements of decision-making under uncertainty: sam-
pling and inference. Despite its simple structure, our task
is demanding, making it a sensitive benchmark for both
humans and frontier LLMs. Behavior in our task can be
explained in terms of the dynamics of a few, interpretable
latent variables, which capture the agents’ strategies and
how they are shaped by reasoning. Concretely, we make the
following contributions:
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Figure 1. From task performance to latent cognitive variables. A: Task. An active probabilistic reasoning task in which agents
sequentially sample from up to four buttons (A–D), each revealing a binary outcome (RED/GREEN). One button is biased toward
RED, while the others are unbiased. During T sampling rounds, agents sample evidence among the buttons available. During inference
rounds, agents indicate which button they believe is biased. An equivalent text-based version is used for LLMs (App. B.1). B: Behavior.
Comparison of human and LLM behavior by overall performance, sampling/inference quality, and invalid choices. These metrics
reveal a broad spectrum of performance, with extended reasoning improving overall success via enhanced inference, while gains in
sampling remain limited. C: Mechanisms. Behavioral model that captures deviations from optimal Bayesian inference using interpretable
parameters: Memory (β), Strategy (m,κf ), Choice Bias (ω, γ), and Occlusion Awareness (θs, θf ). D: Cognitive space. These
parameters define a shared low-dimensional space for humans and LLMs. Reasoning shifts LLMs toward human-like inference strategies,
and tightens the gap in sampling strategies.

• We introduce an active probabilistic reasoning task that
disentangles sampling from inference and is well-suited
for process-level analysis of behavior (Section 3, Fig. 1A).

• We benchmark humans and a broad set of LLMs against
near-optimal reference policies, and find that top reason-
ing models match or exceed humans in inference quality
but consistently under-perform in sampling quality (Sec-
tions 4–6, Fig. 1B; Fig. 2).

• We develop a behavioral model that places humans and
LLMs in a shared cognitive space of interpretable parame-
ters (Memory, Strategy, Choice Bias, Occlusion Aware-
ness), showing how extended reasoning shifts LLMs to-
ward human-like strategies and produces latent dynamics
that yield testable predictions about internal computation
(Sections 7,8; Fig. 1C–D; Fig. 3).

• We relate behavior to residual-stream activations in gpt oss
20b, which encode round-by-round trajectories tracking
the latent dynamics predicted by the fitted model (Sec-
tion 9; Fig. 4).

2. Related work
LLMs are increasingly studied as generalist decision-
making agents that act in dynamic environments and adapt
via in-context learning (ICL) and in-context reinforcement
learning (ICRL) (Brown et al., 2020; Yao et al., 2022;
Laskin et al., 2022; Shinn et al., 2023; Liu et al., 2023b;a;
Dong et al., 2024; Moeini et al., 2025). A complementary
line treats LLMs as candidate models of human cognition,
where behavior can potentially be linked to internal rep-
resentations (Schrimpf et al., 2021; Frank, 2023; Binz &
Schulz, 2023b; Aher et al., 2023; Zhao et al., 2025; Loo
et al., 2026). These lines intersect in sequential decision-
making, e.g. multi-armed bandits (MABs) (Slivkins, 2019;
Lattimore & Szepesvári, 2020), where LLMs can leverage
feedback to improve choices in-context (Lee et al., 2023;

Coda-Forno et al., 2023; Krishnamurthy et al., 2024; Monea
et al., 2025; Schubert et al., 2024). Moreover, alignment and
fine-tuning on human feedback and behavioral datasets can
substantially increase human-likeness, in some cases match-
ing the decision dynamics of traditional cognitive models
(Bai et al., 2022; Ouyang et al., 2022; Binz et al., 2024;
2025; Momentè et al., 2025; Su et al., 2025). However, most
evaluations emphasize exploration–exploitation or overall
performance, offering limited leverage to distinguish strate-
gies that produce similar behavior (Park et al., 2024; Rahn
et al., 2024; Nie et al., 2024; Felicioni et al., 2024). Our task
departs from classical stochastic MABs by design: instead
of conflating information gathering with reward maximiza-
tion, it separates sampling from inference, which we find
to be key to precisely assess alignment between LLMs and
humans.

3. Active probabilistic reasoning task
We introduce an active probabilistic reasoning task (Fig. 1A)
inspired by classical decision-making and K-armed ban-
dit paradigms (Lai & Robbins, 1985; Daw et al., 2006;
Najemnik & Geisler, 2005; Slivkins, 2019; Lattimore &
Szepesvári, 2020), but explicitly designed to disentangle
sampling from inference. The task is well-suited for mod-
eling at the algorithmic level, and its structure is "simple"
in comparison to many current benchmarks (Jimenez et al.,
2023; Sprague et al., 2023; Liu et al., 2023a; Zhou et al.,
2023; Mialon et al., 2023; Phan et al., 2025). This simplicity,
however, is deceiving, as we show below that extended rea-
soning is required for LLMs to achieve high performance in
this task, and that even leading models still under-perform
compared to humans in key aspects of the task.

Each trial is an independent game with a variable number
of sampling rounds T ∈ {2, . . . , 15} followed by a single
inference round in which the agent must commit to a final
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decision. On each sampling round, the agent selects one of
four buttons (A–D) and observes a binary outcome (RED/-
GREEN); at the start of game g, exactly one button is biased
towards RED, emitting RED with probability αB = 0.9,
while the remaining buttons are unbiased with αU = 0.5.
The agent’s objective is to identify the biased button from the
sampled evidence and report it in the inference round. For-
mally, the biased button is a latent variable zg ∈ {1, . . . , 4};
at round t the agent chooses at ∈ {1, . . . , 4} and observes
xt ∈ {0, 1} (with x = 1 for RED). To promote active sam-
pling, between 0 and 3 buttons are temporarily occluded on
each round.

Although this task resembles a K-armed bandit, it differs
in computational goal and information structure: unlike
standard bandits where choices yield rewards and agents
maximize cumulative return via exploration-exploitation,
here performance is determined solely by a one-shot final
inference choice. Sampling choices carry no reward but
only provide evidence about the single latent hypothesis
(which button is biased). This separation enables indepen-
dent assessment of sampling quality and inference quality.

4. Data collection
We collect behavioral data from both human participants
and language models. Human participants played an inter-
active, graphical version of the task1. For language models,
we designed an equivalent text-based version of the task,
in which LLMs interact via token-defined choices under
the same instructions provided to the human players (see
App. B.1).

Humans. We recruited 50 human participants for a 1-hour
live in-person competition. All participants provided
written informed consent prior to the task and received
instructions matching those used to prompt the LLMs
(App. B.1). Participants played multiple independent
games with trial lengths sampled uniformly between 2 and
15 rounds. Of the 50 participants, 46 completed the full
protocol of 100 games each, yielding 4, 600 games in total
(see App. F for individual participant performance profiles).

Large language models. We evaluate a broad set of LLMs
spanning state-of-the-art closed-source and open-weight
models, covering dense and Mixture-of-Experts architec-
tures across pre-trained, instruction-tuned and reasoning
paradigms (Vaswani et al., 2017; Schulman et al., 2017;
Shoeybi et al., 2019; Wei et al., 2021; Ouyang et al., 2022;
Wei et al., 2022; Shu et al., 2023; Shao et al., 2024; Cai
et al., 2025). Model details are in Figures 2, 3 and App. B.2.
We group models into three regimes: Reasoning models
with a controllable effort parameter, evaluated at low and
high effort (extended reasoning, gray bars; Fig. 2A); CoT

1https://ai.trt-bench.org

models emitting a chain-of-thought trace (max 500 tokens);
and Base models constrained to a single-token response (see
App. B.5, B.6 for breakdowns). Each LLM and condition
is evaluated on at least 1,400 games, uniformly spanning
2–15 rounds, for a total exceeding 55,000 games.

5. Optimal agent
To evaluate and compare the performance of LLMs and hu-
mans, we introduce an empirical optimal agent that provides
an upper bound on task performance in the finite data setting
of our task. Establishing the optimal strategy for inference
is straightforward: an agent should select the button with the
highest posterior probability of being biased, following a
Maximum-A-Posteriori (MAP) decision rule (Griffiths et al.,
2008). This optimal inference strategy is defined as follows;
button outcomes are generated by Bernoulli emissions, with
the emission probabilities {αB , αU} for the biased and un-
biased buttons respectively. A single game g of T rounds
consists of a sequence of choice-evidence pairs (a1:T , x1:T )
together with a latent context variable k ∈ {1, . . . ,K}. We
represent beliefs by the posterior vector (pt)k ∈ ∆K . We
also define the likelihoods over the latent variable k and
emission rates {αB , αU} by (Lt)k ∈ ∆K .

By assuming a uniform prior, we can write down the recur-
sive normative posterior via Bayes’ rule as (see App. K):

pt =
pt−1 ⊙Lt

1⊤(pt−1 ⊙Lt)
, (p0)k = 1

4 . (1)

where ⊙ denotes the Hadamard product. The MAP
inference policy at round t selects the hypothesis with
maximum posterior and is given by:

aMAP
t := arg max

k∈{1,...,4}
(pt)k. (2)

Determining the optimal sampling strategy is more involved
because the agent chooses which evidence to acquire un-
der random occlusions. For empirical benchmarking (Fig.
2) and loss decomposition, we use a high-performing RL
reference policy evaluated under the same regime as hu-
mans and LLMs. The RL reference uses a PPO-trained
sampling policy (Schulman et al., 2017) together with the
same Bayesian MAP rule for the final decision (App. C).
Nonetheless, this reference policy matches the theoretical
Dynamic Programming optimum (App. B.9 ).

6. Comparing human & LLM behavior
To compare human and LLM performance, we employ four
complementary metrics that capture distinct aspects of be-
havior: (1) overall task performance, (2) sampling quality,
(3) inference quality, and (4) invalid choice rates.

3
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Figure 2. Comparing human and LLM behavior. A: Task performance. Mean success rate across trial lengths T ∈ {2, . . . , 15}.
Shown are humans (green; bottom 75% and top 25%), the optimal agent (PPO+MAP; light blue), and, where available, Extended
Reasoning (gray overlays). Error bars denote standard deviations across trial-cluster means under a uniform distribution over round count.
The vertical line marks chance (25%). B: Sampling and inference quality. Sampling loss (left) and inference loss (right), both relative to
the optimal agent (lower is better). Inference loss is the gap to a counterfactual agent that keeps the same sampled evidence but applies
MAP at the final decision; sampling loss is the gap between this counterfactual MAP agent and the reference agent, isolating suboptimal
evidence acquisition. Error bars show bootstrap standard deviations (B = 1,000). Asterisks indicate permutation tests against the human
top-25% baseline (∗: p < 0.0001; n.s.: not significant; Bonferroni-corrected); black denotes base, gray extended reasoning. Across the 8
models tested in both conditions, reasoning reduced inference loss by 10.9 pp on average versus 3.0 pp for sampling loss (95% bootstrap
CI for the difference: [+3.5,+12.4] pp; paired permutation p = 0.015); see App. B.3, B.4 for per-model statistics. C: Invalid choices.
Fraction of invalid choices during sampling (left) and at the final inference decision (right). Invalid choices include selecting occluded
options, producing tokens outside A–D, or failing to respond; humans cannot make invalid choices in the graphical interface. Invalid
choices are more frequent during sampling and decrease with reasoning.

Overall task performance. In Figure 2A, we quantify
overall task performance as the average success rate across
all trial lengths (T ∈ {2, . . . , 15}), i.e., the fraction of
games in which the agent correctly identifies the biased
button at the inference round. Our task induces a broad
distribution of performance across both humans and models
with clear gains from extended reasoning (gray vs. colored
bars). On average, human participants achieve ≃ 61%
success, comparable to the best-performing LLM (gpt 5
mini); however, the top quartile of humans exceeds this
level by ∼ 7%, highlighting wide human variability and
a remaining gap between top models and skilled human
players. Across models, reasoning LLMs outperform
non-reasoning counterparts with success rates rising as
games lengthen, while non-reasoning models stay flat,
failing to leverage the additional evidence (App. E).

Sampling & inference quality. In Figure 2B, we quantify
inference quality by computing the performance gap
between each agent and a counterfactual agent that retains
the same sampling strategy but performs MAP inference.
This difference quantifies the performance loss attributable
solely to suboptimal inference (2B right, lower is better).
We also evaluate sampling quality, by comparing this
counterfactual agent (which combines the agent’s sampling
strategy with MAP inference) against the optimal RL agent
defined above. Since both agents share the optimal MAP

inference rule, any remaining performance gap reflects the
loss due to suboptimal sampling strategy (Fig. 2B left, lower
is better). We find that inference quality varies broadly
across LLMs and is strongly correlated (negatively, because
the metric is a loss) with overall performance (r = −0.99),
whereas sampling quality is more homogeneous across
LLMs and a weaker predictor of performance (r = −0.47;
r = −0.70 if we include extended reasoning variants). Per-
formance gains from extended reasoning are driven mainly
by improved inference: across the 8 models tested under
both reasoning conditions, reasoning reduced inference loss
by 10.9 pp on average versus only 3.0 pp for sampling loss
(95% bootstrap CI: [+3.5,+12.4] pp; paired permutation
p = 0.015). Frontier reasoning models match or exceed the
top-25% humans in inference quality (see App. B.3, B.4);
in contrast, sampling quality remains a weakness: the
best reasoning models only approach the lower 75% of
human participants, while the top 25% still substantially
outperform all LLMs (left-hand side of Fig. 2B). Notably,
this dissociation is unlikely to reflect a pure compute-budget
effect: under high-reasoning, sampling rounds consume far
more tokens than inference decisions (∼8k–12k vs. ∼2k–5k
for gpt oss 20b; App. B.7), yet sampling benefits the least.
Representative traces suggest that inference gains instead
reflect explicit evidence-integration steps (App. B.8).

Invalid choice rates. Finally, in Figure 2C, we quantify
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invalid choices as the proportion of choices in which agents
produce invalid responses during either sampling or infer-
ence. Invalid choices include selecting occluded buttons,
generating output tokens outside the valid button vocabu-
lary (A–D), or failing to produce a response altogether. By
design, human participants cannot produce invalid choices
in the graphical interface, and therefore invalid-choice rates
are computed only for LLMs. Overall, we do not observe a
statistically significant correlation between invalid choice
rates and LLM performance; however, invalid choices are
consistently reduced under extended reasoning. Invalid
responses tend to occur more often during sampling than
during inference, potentially affected by choice occlusions
during sampling rounds.

7. A behavioral model of latent cognitive
variables

The behavioral metrics above reveal systematic differences
across LLMs, but not the processes that generate them. We
therefore fit a compact behavioral model to test how reason-
ing changes sampling and inference strategies. The model
is motivated by Bayesian ideal-observer and probabilistic
cognition frameworks (Knill & Pouget, 2004; Sanborn et al.,
2010), and by views of in-context learning as implicit in-
ference over latent context variables (Xie et al., 2022; Pan-
war et al., 2024; Zhang et al., 2023). On this normative
backbone, it allows systematic deviations in memory, strat-
egy, choice bias/inertia, and occlusion awareness. These
explanations remain behavioral, but provide a structured
prior over possible mechanisms. We use the fitted parame-
ters to place agents in a shared behavioral parameter space
(Figs. 3A–G), which guides the representational analyses in
Sec. 9.

The fitted parameters explained below give a compact and
validated description of the processes agents may implement
in the task (Fig. 3; full values in App. K.10). Fitted-model
simulations reproduce the main human and LLM behavioral
metrics (App. G), and held-out choices are predicted better
than by an agent-specific frequency baseline for every agent-
condition pair (27/27; mean ∆eLPD/game = 6.67, median
= 6.99, all adjusted p < 0.001; median improved-game
fraction = 98.5%; App. K.6). The parameters are also
interpretable and stable: each produces distinct behavioral
signatures (App. K.9), recovers reliably from simulated data
and across fits (App. K.7), lies in well-behaved likelihood
landscapes (App. K.8), and shows negligible repeated-fold
train–test gaps across 39 model-condition fits (mean test-
train NLL gap = 0.0015).

Memory (β). As in sequential sampling models (Buse-
meyer & Townsend, 1993; Usher & McClelland, 2001),
choices depend on a non-optimal memory ht ∈ RK (Gold
& Shadlen, 2007; Hogarth & Einhorn, 1992; Ma et al., 2023).

Let pt be the Bayesian posterior after round t, set h0 = 0,
and define centered log-posterior increments

∆ht := C(log pt)− C(log pt−1), (3)

with C(x) = x− ⟨x⟩1, and with which we can define our
memory integration process by applying a temporal kernel
to previous increments:

ht =

t∑
u=1

wt,u(β)∆hu, (4)

Here, wt,u(β) = exp[−β(t − u)] for β > 0, wt,u(β) = 1
for β = 0, and wt,u(β) = exp[β(u − 1)] for β < 0. Thus
β = 0 recovers perfect accumulation, β > 0 produces
forgetful recency weighting, and β < 0 produces stubborn
primacy weighting where earlier evidence dominates.

Strategy (κs, κf ). We map beliefs to actions with a soft-
max/logit choice rule, following probabilistic-choice and
bounded-rational decision models (Luce, 1959; McFadden,
1974; Ortega & Braun, 2013) using time-varying sampling
gain κs(t) and a static inference gain parameter. For sam-
pling, as the outcome at round t has not yet been observed,
sampling depends on the pre-choice memory ht−1. Let
ou ∈ {0, 1} indicate whether round u yielded a valid obser-
vation, and define

nt := 1 +
∑
u<t

ou, κs(t) := m
nt

T
, (5)

where T is the number of sampling rounds in the game.
The gain m controls how quickly sampling shifts from
exploratory to evidence-guided as usable evidence accu-
mulates (Daw, 2011; Gershman, 2019); κf controls final-
choice sharpness, approaching the MAP rule as κf → ∞.

Choice Bias (ω, γ). To dissociate evidence-driven choices
from systematic preferences, we include choice-bias vectors
{ωs,ωf} ∈ ∆K for sampling and final choices, together
with sampling action inertia γ (Gershman, 2020; Wei et al.,
2024; Jiang et al., 2024). Inertia adds γit during sampling,
where it ∈ {0, 1}K is one-hot for the most recent valid
sampling choice and zero if none exists.

Occlusion Awareness (θs, θf ). During sampling, the
available action set changes from round to round. We model
sensitivity to this constraint by adding the log-score penalty
−θs(1 − vt), where vt ∈ {0, 1}K indicates which cues
are available. This is a soft behavioral analogue of invalid-
action masking in reinforcement learning (Huang & On-
tañón, 2022): as θs → ∞, unavailable choices receive zero
probability, while smaller θs allows lapses or failures to
respect the mask.
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bias vectors. F: Occlusion awareness θ versus performance, capturing avoidance of invalid or occluded choices. G: Cognitive Space.
Reasoning models move in the cognitive subspace defined by β, κf towards the human-level inference regime with the heatmap represent-
ing the task performance landscape for a grid sweep of the behavioral model with the rest of the parameters fixed at their optimal values.

Policy. The stochastic policy is obtained by adding mem-
ory, choice bias, action inertia, and occlusion-awareness
terms yielding a multinomial-logit/softmax policy (Luce,
1959; McFadden, 1974) and is given by:

ηs
t = κs(t, T )︸ ︷︷ ︸

strategy

ht−1︸︷︷︸
memory

+ logωs︸ ︷︷ ︸
bias

+ γit︸︷︷︸
inertia

− θs(1− vt)︸ ︷︷ ︸
occlusion penalty

, (6)

ηf = κf︸︷︷︸
strategy

hT︸︷︷︸
memory

+ logωf︸ ︷︷ ︸
bias

, (7)

Conditional on producing a cue response, the agent chooses
the sampling or inference action through πs

t = σ(ηs
t ) and

πf = σ(ηf ), respectively. Invalid or missing final re-
sponses are handled by θf in the behavioral likelihood. The
loss function used, full model derivations and fitting de-
tails are shown in App. K. A large set of different models
were tested, with the summarized model search detailed in
App. K.11.

8. Reasoning shortens the inference gap
between LLMs and Humans

We next use the fitted parameters diagnostically, asking
which components of the behavioral model covary with
success across humans, LLMs, and the optimal reference
agent. Figure 3 relates each parameter to task performance.
The strongest gradients appear in inference-related param-
eters. High-performing agents have memory parameters

(β) close to zero (Fig. 3A), consistent with near-perfect evi-
dence accumulation, whereas low-performing models often
occupy more extreme stubborn (β < 0) or forgetful (β > 0)
regimes; β is interpreted cautiously for near-random agents,
where it is weakly identifiable (App. K.7). Performance
also increases sharply with inference strategy (κf ; Fig. 3D):
low-performing models have κf near zero, implying weak
use of accumulated evidence, whereas the best LLMs ap-
proach a sharper, more MAP-like inference policy. These
trends explain why extended reasoning primarily improves
inference quality in the behavioral decomposition (Fig. 2B).

Sampling-related parameters show a more mixed pattern.
The sampling gain (m) increases for many high-performing
agents (Fig. 3B), but remains below the optimal agent,
consistent with the persistent sampling quality gap
(Fig. 2B, left). Choice inertia (γ) is largest among several
low-performing models (Fig. 3C), indicating perseveration
on the most recent valid sampling action. Bias spread, the
mean range of the sampling and inference bias vectors,
varies substantially across models (Fig. 3E); larger values
indicate stronger evidence-independent preferences. Occlu-
sion awareness (θ) also varies widely (Fig. 3F), matching
differences in invalid-choice rates across LLMs (Fig. 2C).

Paired base and extended conditions show how reasoning
shifts these latent strategies (Fig. 3, filled vs. open mark-
ers connected by gray lines). Extended reasoning usually
improves LLM performance while moving models toward

6



330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384

Active Probabilistic Reasoning in Humans and LLMs

the human-like region of parameter space: β moves closer
to zero, κf increases, γ tends to decrease, and θ often in-
creases. The shift in m is smaller, indicating that reasoning
improves active sampling less reliably than final inference.
Bias spread is also only partly reduced: some models be-
come less biased, but fitted biases remain heterogeneous
even among high-performing agents. Thus, reasoning im-
proves performance mainly by sharpening evidence integra-
tion and final belief-to-choice mapping (Fig. 3G), while
leaving sampling and bias-related deviations only partly
corrected (parameter details in App. G).

9. Activation geometry tracks model-predicted
latent dynamics

The behavioral model provides hypotheses about the latent
dynamics that may guide agents’ choices, making concrete
predictions about choice evolution across rounds via the
posterior pt, memory state ht, and policy πt (Eqs. 1–6).
We do not try to identify the fitted variables themselves
inside the model; instead, we ask whether internal choice
representations change in ways predicted by the fitted
trajectories (Wang et al., 2022a; Gurnee & Tegmark, 2023;
Bereska & Gavves, 2024; Sharkey et al., 2025). Whereas
past efforts to interpret reasoning have been hampered by
the open-ended space of long reasoning traces (Bogdan
et al., 2025; Macar et al., 2025), the behavioral model
narrows this space to a small set of testable predictions. As
a case study, we probe residual-stream activations of gpt
oss 20b under low- and high-reasoning and ask whether
activation trajectories move between choice-associated
regions as the behavioral model predicts.

Distinct latent dynamics under low and high reasoning.
Fig. 4A–C illustrates the distinct latent dynamics for a
single game played by gpt oss 20b under high- (Fig. 4B)
and low-reasoning effort (Fig. 4C). The evidence sequence
(Fig. 4A, top) is identical across conditions, as it is the
Bayesian posterior pt (Fig. 4A). Around round 11, pt

flips from favoring button C to button A as evidence
accumulates. Under high reasoning, the fitted memory
state ht closely tracks this switch (β ≈ 0) and the resulting
policy πt becomes sharply peaked on the correct option
(κf ≫ 1) (Fig. 4B). Under low reasoning, ht instead
remains stubborn (β < 0), continuing to favor C despite the
new evidence, and πt stays diffuse (κf ≈0) (Fig. 4C). The
behavioral model therefore predicts a specific neural signa-
ture: under high reasoning, internal representations should
reorganize around A as evidence accumulates, whereas
under low reasoning they should remain anchored near C.

Choices are linearly decodable from residual-stream
activations. To test this prediction, we collected residual-
stream activations from gpt oss 20b (d = 2880, 24 blocks)

while it played 50 games per reasoning condition, taking
the average of the last 5 reasoning trace token activations at
each round and each layer (see App. I). Following standard
probing methodology (Alain & Bengio, 2016; Belinkov,
2022; Gurnee & Tegmark, 2023), we fit ridge regression
probes with leave-one-out selection of the regularization
strength to predict the agent’s choice at each round, with
held-out R2 averaged over 5-fold cross-validation. Choices
are decoded with R2 > 0.8 in both reasoning conditions,
peaking in early-to-mid layers (Fig. 4D). A swapped control
(SC) yields R2 near zero (App. I).

Activation trajectories track the model-predicted
dynamics. Establishing that choices are linearly readable
in early layers, we asked whether the round-by-round
reasoning stream activation trajectory reorganizes as the
fitted latents predict for the example game in Fig. 4A. We
ran PCA on activations from layer 1 (near the peak of probe
R2), averaged across games within each round, choice, and
reasoning level (App. J); the top four components capture
more than 60% of the variance under both reasoning levels.
For each choice, we computed a centroid as the mean
activation across rounds in the original 2880-dimensional
space, and measured each round’s Euclidean distance
to all four centroids, reported as a softmax-normalized
similarity vector (Fig. 4B–C, bottom row). The example
game’s trajectory was then projected into the PCA basis and
colored by the closest centroid at each round (Fig. 4E–F).

The resulting geometry recapitulates the behavioral model’s
prediction. Under high reasoning (Fig. 4E), the trajectory
begins near the C centroid and tracks the posterior flip with
a slight lag: the closest centroid first switches away from
C at t = 12, transiently passes through B, and stabilizes
on A from t = 14 onward. On the contrary, under low
reasoning (Fig. 4F) it remains anchored near C through-
out the game. This pattern is also visible in the per-round
centroid-distance heatmaps (Fig. 4B–C, bottom row): the
distance vector closely resembles the fitted latent variables
in each condition, providing a correspondence between the
behavioral model and a quantity computed from activations.
While correlational and not sufficient to establish causal
subspaces used in the LLM’s choices, targeted causal inter-
ventions could further test the role of these latent variables
(Ravichander et al., 2021).

10. Discussion
We asked whether language models form beliefs and make
decisions under uncertainty like humans, and what role
extended reasoning plays. By separating sampling from
inference, fitting a compact behavioral model, and prob-
ing internal representations we could ask not only whether
models behave like humans, but also how their algorithms
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Figure 4. Activation geometry is consistent with latent dynamics predicted by the behavioral model. A: Optimal Bayesian posterior.
Evidence sequence (top) and Bayesian posterior pt (bottom) for an example game. B–C: Latent-variable dynamics and centroid
distances for gpt oss 20b under high- (B) and low-reasoning (C). For each condition, we show the memory state ht (top), policy πt

(middle), and softmax-normalized centroid-distance vector computed from the model’s activations (bottom; see App. J). Under high
reasoning, ht tracks the posterior switch from C to A (β≈0) and πt becomes sharply peaked (κf ≫1); under low reasoning, ht remains
stubborn (β<0) and πt stays diffuse (κf ≈0). The activation-derived distance vectors recapitulate these dynamics. Dashed boxes mark
the example rounds shown in panels E–F. D: Choice decodability across layers. Cross-validated R2 of ridge probes predicting the
agent’s choice from residual-stream activations (high in purple, low in teal). Swapped controls (SC; green/yellow) train probes on one
condition and evaluate on the other; SC R2 collapses to near zero. E–F: Activation trajectories of the example game projected into the
layer-1 PCA basis under high (E) and low (F) reasoning. Filled circles mark the per-choice centroids; the trajectory is colored by the
closest centroid at each round. Under high reasoning, the trajectory begins near C and migrates toward A; under low reasoning, it remains
anchored near C throughout the game. Pairwise PC views are shown in App. Fig. 11.

differ.

Across LLMs, reasoning is the main driver of strong per-
formance, but its effects are selective: it reduces inference
loss roughly four times more than sampling loss, despite
sampling consuming more tokens, arguing against a simple
token-budget account. At the behavioral-model level, rea-
soning sharpens evidence integration and belief-to-choice
mapping (β ≈ 0, larger κf , reduced bias and persevera-
tion) while leaving active information acquisition system-
atically suboptimal. Notably, models fine-tuned on human
behavioral data (Binz et al., 2025) perform near chance and
occupy the stubborn/low-κf region of cognitive space, far
from human participants. This suggests that imitating aggre-
gate human behavior on prior datasets does not transfer to
the algorithmic regime humans use for active probabilistic
inference.

The fitted latent variables also yield testable hypotheses
for the underlying computations. In gpt oss 20b, residual-

stream geometry recapitulates them: under high reason-
ing, representations migrate from an initial favorite toward
the correct option as evidence accumulates; under low rea-
soning, they remain anchored in the stubborn-integration
regime the fits identified. Algorithmic-level descriptions
thus serve as scaffolding for implementation-level analysis,
narrowing the otherwise open-ended space of computations
a long reasoning trace might perform.

Together, these results point toward evaluations that mea-
sure capability while constraining mechanism, asking not
only whether models solve a task, but how. The persistent
sampling gap is a particularly informative residual: it marks
a class of computations that current reasoning training does
not reach, one that process-level benchmarks of this kind
are well-suited to expose.
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11. Reproducibility Statement
To ensure reproducibility of our results, all code used in our
experiments, along with detailed instructions for setup and
execution, is available at: https://drive.google.
com / drive / folders / 17tQxO02lLN1VpwbOF _
IIiM9oSm8DmRik. Additionally, the active probabilis-
tic reasoning task used for data collection is accessible at
https://ai.trt-bench.org.

12. Impact Statement
This paper presents work whose goal is to improve how
reasoning in language models is evaluated, compared, and
interpreted. A potential positive impact is that tasks which
disentangle evidence acquisition from inference may sup-
port more transparent benchmarking, better diagnosis of
failure modes, and more targeted alignment or safety inter-
ventions when models behave in human-like yet systemati-
cally imperfect ways.

Potential negative impacts also exist. Behavioral analyses
of the kind we study could be used to optimize systems
for more persuasive, manipulative, or deceptive decision
policies, and human–LLM similarity on a narrow task could
be over-interpreted as evidence of broader human align-
ment. The human-participant component of the work like-
wise requires careful handling of consent, privacy, and data
governance, so only task behavior—rather than personally
identifying information—should be shared with released
artifacts.
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A. Limitations and Future Work
Our task and behavioral model provide a step toward evaluations that move beyond final accuracy, which here allowed
us to disentangle sampling from inference and to map both humans and LLMs into a shared space of interpretable latent
variables. This framing yields a compact, process-level account of behavior and makes concrete, testable predictions. At the
same time, some modeling and benchmarking choices trade expressivity for interpretability, suggesting clear directions for
improvement.

(1) Human-LLM interface asymmetry A caveat in comparing invalid-choice rates is that humans interacted with a
graphical interface in which unavailable actions could not be selected, whereas LLMs interacted through a text interface and
could produce occluded, malformed, or missing responses. We therefore treat invalid-choice rates as an interface-sensitive
diagnostic of task compliance, rather than as a direct cognitive comparison between humans and LLMs. Our main human–
LLM comparisons are based on success, sampling loss, inference loss, and fitted behavioral parameters, with invalid choices
reported separately.

(2) A simple valid-observation sampling schedule. The fitted model sets κs(t) = mnt

T , so sampling becomes more
evidence-guided as valid observations accumulate. This captures a basic within-game transition from exploration to
exploitation, but still imposes one monotone slope m shared across all contexts. It cannot capture richer adaptations such as
sudden strategy switches, state-dependent exploration after invalid actions, or separate sampling policies for early ambiguous
evidence versus late confirmatory evidence. Even where sampling posterior trajectories are imperfectly fit, they provide
direct support for the core conclusion that sampling and inference dissociate, and that extended reasoning primarily improves
inference while leaving a systematic gap in active information acquisition.

(3) A single set of task meta-parameters. Because collecting statistically reliable human data and running large-scale
evaluations across a broad set of LLMs is expensive and time-consuming, we focus on a single regime of task meta-
parameters (number of buttons, emission probabilities, occlusion process, and horizon distribution). Different regimes may
induce qualitatively different optimal strategies and could change both the magnitude and the nature of reasoning effects,
motivating systematic sweeps over these task parameters.

Overall, our framework points toward a next generation of evaluations: benchmarks that measure capability while constrain-
ing the computations that produce it, and behavioral models that translate behavior into algorithmic variables, setting the
stage for implementation-level tests of how reasoning is realized in language-model circuits.
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B. Full Benchmark Details
B.1. Prompting Structure used for the LLMs in the Task

We evaluate language models using a text-based version of the task that mirrors the instructions and feedback given to
human participants. The prompt specifies the task mechanics (four cues, one biased at 90/10 RED/GREEN while the others
are 50/50), the round-by-round interaction protocol (available cues may change across rounds, but at least one cue is always
available), and a strict response format (one letter per round, no additional text). After the sampling rounds, models are
asked to report which cue had the highest proportion of RED outcomes (the biased cue). The prompt also defines the
feedback and scoring scheme (correct/incorrect/invalid; +100 for a correct final report and −100 otherwise), explicitly
framing success as identifying the biased cue. Models interact with the environment across full trials and receive round- and
trial-specific updates conditional on their previous choices.

Active Probabilistic Reasoning Task Prompt

Task
- You will play a game with \{n\_rounds\} rounds.
- In each round, some cues are available: A, B, C, D.
- One cue is biased: 90\% RED / 10\% GREEN. The others are 50/50.
- Available cues may disappear at random, but at least one is always active.
- Each round, respond with exactly one letter (A, B, C, or D). No markup or punctuation.

- After \{n\_rounds\} rounds, identify the biased cue.
- Scoring: Correct +100 points, Wrong -100 points.

Round prompt
- ``Trial X, Round \{current\_round\}: Available cues \{available\_cues\}. Which do you

choose? Respond with exactly one letter: A, B, C, or D.''

Round feedback
- ``Trial X, Round \{current\_round\}: Available cues \{available\_cues\}. You chose ``

CURRENT\_ANSWER'' and saw ``RESULT''.''

Final decision prompt
- ``Trial X: Based on all observed colors, which cue \{letters\} was biased toward red?

Respond with exactly one letter: A, B, C, or D.''

Final feedback
- ``Trial X: Based on all observed colors, which cue \{letters\} was biased toward red?

You chose ``CURRENT\_ANSWER'' which was ``FEEDBACK-CORRECT/INCORRECT''.
You received \{score\} points.''

Feedback labels
- Correct: ``the biased cue''
- Incorrect: ``not the biased cue. The biased cue was ``BIASED\_QUADRANT''.''
- Invalid: ``an invalid choice''

B.2. Language models used

The full set of models benchmarked in this task is: OpenAI’s gpt 4o mini (Hurst et al., 2024), gpt 4.1 mini (OpenAI, 2025a),
gpt 5 mini (OpenAI, 2025b), and the gpt oss open architectures in both the 20b and 120b parameter variants (OpenAI,
2025c); several llama models (Touvron et al., 2023; Dubey et al., 2024), including variants fine-tuned on human behavioral
data (Binz et al., 2025); a distilled version of deepseek (Guo et al., 2025b); Anthropic’s claude sonnet 4 and claude haiku
3.5 (Anthropic, 2025); Google’s gemini 2.5 pro/flash and the smaller gemma models (Comanici et al., 2025; Gemma Team,
Google DeepMind, 2025); the qwen family, including the 235B Mixture-of-Experts (MoE) model and earlier dense variants
(Qwen Team, 2025; Yang et al., 2025); and the fully open-source apertus model (Hernández-Cano et al., 2025), grok 3 mini
(xAI, 2025), and glm 4.5 (Zeng et al., 2025).
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B.3. Sampling loss significance table

Table 1. Sampling loss comparison between human top-25% performance and all tested models (lower values indicate better sampling).
Human top-25% mean sampling loss = 0.0080. Bonferroni correction applied across 50 tests.

Model Reasoning N LLM loss Human loss Diff 95% CI p pBonf Sig.

gpt-5-mini base 5800 0.138 0.008 -0.130 [-0.159, -0.102] < 10−4 < 10−4 ***
grok-3-mini base 6200 0.121 0.008 -0.113 [-0.142, -0.084] < 10−4 < 10−4 ***
gemini-2.5-flash base 3000 0.135 0.008 -0.127 [-0.158, -0.096] < 10−4 < 10−4 ***
gemini-2.5-pro base 3000 0.136 0.008 -0.128 [-0.158, -0.096] < 10−4 < 10−4 ***
gpt-oss-120b base 3000 0.137 0.008 -0.129 [-0.159, -0.098] < 10−4 < 10−4 ***
gpt-5 base 3000 0.133 0.008 -0.125 [-0.156, -0.094] < 10−4 < 10−4 ***
gpt-oss-20b base 3000 0.170 0.008 -0.162 [-0.193, -0.130] < 10−4 < 10−4 ***
claude-sonnet-4 base 5800 0.109 0.008 -0.101 [-0.130, -0.072] < 10−4 < 10−4 ***
glm-4.5 base 3200 0.163 0.008 -0.155 [-0.186, -0.124] < 10−4 < 10−4 ***
DeepSeek-R1-Qwen3-8B base 3000 0.125 0.008 -0.117 [-0.149, -0.086] < 10−4 < 10−4 ***
gpt4.1-mini base 4500 0.122 0.008 -0.114 [-0.144, -0.085] < 10−4 < 10−4 ***
claude-haiku-3.5 base 3000 0.145 0.008 -0.137 [-0.168, -0.106] < 10−4 < 10−4 ***
Qwen3_235B_Instruct base 1405 0.121 0.008 -0.114 [-0.149, -0.077] < 10−4 < 10−4 ***
gpt4o-mini base 1500 0.130 0.008 -0.122 [-0.158, -0.086] < 10−4 < 10−4 ***
Qwen_14B_Instruct base 1560 0.130 0.008 -0.122 [-0.157, -0.087] < 10−4 < 10−4 ***
Llama-4-Scout-Instruct base 3000 0.146 0.008 -0.138 [-0.169, -0.107] < 10−4 < 10−4 ***
Qwen_7B_Instruct base 1500 0.112 0.008 -0.104 [-0.139, -0.069] < 10−4 < 10−4 ***
Llama-3.1-405B-Instruct base 3000 0.169 0.008 -0.161 [-0.192, -0.129] < 10−4 < 10−4 ***
Llama-4-Maverick-Instruct base 3000 0.160 0.008 -0.152 [-0.183, -0.121] < 10−4 < 10−4 ***
Llama_3_3_70B_Instruct base 3000 0.149 0.008 -0.141 [-0.172, -0.110] < 10−4 < 10−4 ***
Gemma_2B_Instruct base 1540 0.130 0.008 -0.122 [-0.158, -0.086] < 10−4 < 10−4 ***
Centaur_70B base 1600 0.137 0.008 -0.129 [-0.165, -0.093] < 10−4 < 10−4 ***
Centaur_8B base 1500 0.148 0.008 -0.140 [-0.175, -0.103] < 10−4 < 10−4 ***
Apertus_70B_Instruct base 2300 0.164 0.008 -0.156 [-0.189, -0.123] < 10−4 < 10−4 ***
Qwen3_32B base 1500 0.137 0.008 -0.129 [-0.165, -0.093] < 10−4 < 10−4 ***
Apertus_8B_Instruct base 2900 0.185 0.008 -0.177 [-0.209, -0.146] < 10−4 < 10−4 ***
Qwen_3B_Instruct base 1540 0.156 0.008 -0.148 [-0.184, -0.112] < 10−4 < 10−4 ***
Llama-3.2-3B-Instruct base 1500 0.142 0.008 -0.134 [-0.170, -0.099] < 10−4 < 10−4 ***

Extended reasoning models

gpt-5-mini extended 3000 0.102 0.008 -0.094 [-0.124, -0.063] < 10−4 < 10−4 ***
grok-3-mini extended 3200 0.107 0.008 -0.099 [-0.129, -0.068] < 10−4 < 10−4 ***
gemini-2.5-flash extended 3000 0.104 0.008 -0.096 [-0.127, -0.065] < 10−4 < 10−4 ***
gemini-2.5-pro extended 3000 0.088 0.008 -0.080 [-0.111, -0.049] < 10−4 < 10−4 ***
gpt-oss-120b extended 3000 0.107 0.008 -0.099 [-0.130, -0.068] < 10−4 < 10−4 ***
gpt-5 extended 3000 0.121 0.008 -0.113 [-0.144, -0.082] < 10−4 < 10−4 ***
gpt-oss-20b extended 6000 0.120 0.008 -0.112 [-0.140, -0.084] < 10−4 < 10−4 ***
glm-4.5 extended 3000 0.138 0.008 -0.130 [-0.160, -0.098] < 10−4 < 10−4 ***
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B.4. Inference loss significance table

Table 2. Inference loss comparison between human top-25% performance and all tested models (lower values indicate better inference).
Human top-25% mean inference loss = 0.0150. Bonferroni correction applied across 50 tests.

Model Reasoning N LLM loss Human loss Diff 95% CI p pBonf Sig.

gpt-5-mini base 5800 0.111 0.015 -0.096 [-0.117, -0.074] < 10−4 < 10−4 ***
grok-3-mini base 6200 0.017 0.015 -0.002 [-0.022, +0.019] 0.9201 1.0000 n.s.
gemini-2.5-flash base 3000 0.220 0.015 -0.205 [-0.231, -0.178] < 10−4 < 10−4 ***
gemini-2.5-pro base 3000 0.173 0.015 -0.158 [-0.184, -0.132] < 10−4 < 10−4 ***
gpt-oss-120b base 3000 0.084 0.015 -0.069 [-0.092, -0.045] < 10−4 < 10−4 ***
gpt-5 base 3000 0.147 0.015 -0.132 [-0.158, -0.107] < 10−4 < 10−4 ***
gpt-oss-20b base 3000 0.100 0.015 -0.085 [-0.109, -0.061] < 10−4 < 10−4 ***
claude-sonnet-4 base 5800 0.032 0.015 -0.017 [-0.037, +0.003] 0.1178 1.0000 n.s.
glm-4.5 base 3200 0.194 0.015 -0.179 [-0.205, -0.153] < 10−4 < 10−4 ***
DeepSeek-R1-Qwen3-8B base 3000 0.082 0.015 -0.067 [-0.091, -0.043] < 10−4 < 10−4 ***
gpt4.1-mini base 4500 0.111 0.015 -0.096 [-0.120, -0.073] < 10−4 < 10−4 ***
claude-haiku-3.5 base 3000 0.142 0.015 -0.127 [-0.153, -0.102] < 10−4 < 10−4 ***
Qwen3_235B_Instruct base 1405 0.204 0.015 -0.189 [-0.223, -0.156] < 10−4 < 10−4 ***
gpt4o-mini base 1500 0.221 0.015 -0.206 [-0.238, -0.173] < 10−4 < 10−4 ***
Qwen_14B_Instruct base 1560 0.221 0.015 -0.206 [-0.239, -0.173] < 10−4 < 10−4 ***
Llama-4-Scout-Instruct base 3000 0.216 0.015 -0.201 [-0.228, -0.175] < 10−4 < 10−4 ***
Qwen_7B_Instruct base 1500 0.275 0.015 -0.260 [-0.295, -0.225] < 10−4 < 10−4 ***
Llama-3.1-405B-Instruct base 3000 0.225 0.015 -0.210 [-0.237, -0.183] < 10−4 < 10−4 ***
Llama-4-Maverick-Instruct base 3000 0.252 0.015 -0.237 [-0.263, -0.211] < 10−4 < 10−4 ***
Llama_3_3_70B_Instruct base 3000 0.263 0.015 -0.248 [-0.275, -0.221] < 10−4 < 10−4 ***
Gemma_2B_Instruct base 1540 0.283 0.015 -0.268 [-0.303, -0.232] < 10−4 < 10−4 ***
Centaur_70B base 1600 0.298 0.015 -0.283 [-0.315, -0.250] < 10−4 < 10−4 ***
Centaur_8B base 1500 0.301 0.015 -0.286 [-0.320, -0.253] < 10−4 < 10−4 ***
Apertus_70B_Instruct base 2300 0.294 0.015 -0.279 [-0.309, -0.248] < 10−4 < 10−4 ***
Qwen3_32B base 1500 0.326 0.015 -0.311 [-0.343, -0.278] < 10−4 < 10−4 ***
Apertus_8B_Instruct base 2900 0.287 0.015 -0.272 [-0.300, -0.244] < 10−4 < 10−4 ***
Qwen_3B_Instruct base 1540 0.320 0.015 -0.305 [-0.339, -0.270] < 10−4 < 10−4 ***
Llama-3.2-3B-Instruct base 1500 0.343 0.015 -0.328 [-0.367, -0.292] < 10−4 < 10−4 ***

Extended reasoning models

gpt-5-mini extended 3000 0.013 0.015 +0.002 [-0.018, +0.022] 0.8430 1.0000 n.s.
grok-3-mini extended 3200 0.019 0.015 -0.004 [-0.025, +0.017] 0.7234 1.0000 n.s.
gemini-2.5-flash extended 3000 0.021 0.015 -0.006 [-0.027, +0.014] 0.5332 1.0000 n.s.
gemini-2.5-pro extended 3000 0.042 0.015 -0.027 [-0.048, -0.006] 0.0159 0.7975 *
gpt-oss-120b extended 3000 0.024 0.015 -0.009 [-0.030, +0.013] 0.4517 1.0000 n.s.
gpt-5 extended 3000 0.024 0.015 -0.009 [-0.031, +0.013] 0.4076 1.0000 n.s.
gpt-oss-20b extended 6000 0.030 0.015 -0.015 [-0.034, +0.005] 0.1498 1.0000 n.s.
glm-4.5 extended 3000 0.056 0.015 -0.041 [-0.063, -0.019] 0.0007 0.0335 ***
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B.5. Benchmark figure segmented by reasoning regimes and model architectures
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Figure 5. Comparing human and LLM behavior across reasoning regimes and architectures. Models are segmented into three groups:
Reasoning (post-RL models that expose a controllable reasoning-effort parameter, evaluated under both low and high reasoning effort; the
high-effort condition is shown as Extended Reasoning with gray bars), CoT (models that spontaneously produce a chain-of-thought trace
despite instructions to respond with a single token, allowed up to 500 tokens with the final answer extracted), and Base (models constrained
to a single-token response via max_tokens=1, preventing any form of intermediate reasoning). N.B.: Claude Sonnet 4 supports
extended reasoning but was not evaluated in that condition due to API costs, and is therefore placed in the CoT group. DeepSeek R1
Qwen3 8B does not allow control of reasoning effort. Model names are color-coded by architecture type: black for undisclosed, orange
for mixture-of-experts, and purple for dense. A: Task performance. Average success rate across trial lengths T ∈ {2, . . . , 15}. We
report human performance (green), split into lower 75% and top 25% of participants, and the optimal agent (PPO sampling + MAP
inference) (light blue). For Reasoning models that support increased reasoning effort, gray overlays indicate the Extended Reasoning
condition. Error bars represent standard deviations, computed across trial-cluster means with a uniform distribution over the number
of rounds. The vertical line marks chance performance (25%). A clear hierarchy emerges: post-RL Reasoning models consistently
outperform CoT models, which in turn outperform Base models. B: Sampling and inference quality. We quantify sampling quality (left)
and inference quality (right) as performance loss with respect to the optimal agent (lower is better): inference loss is the gap between
the agent and a counterfactual agent that preserves the same sampled evidence but applies MAP at the inference round for the final
decision; sampling loss is the gap between this counterfactual MAP agent and the reference agent (PPO + MAP), isolating suboptimal
evidence acquisition. Error bars show bootstrap standard deviations (B = 1,000, paired resampling at the trial level). Asterisks denote
significance of a two-tailed permutation test comparing each model’s per-trial loss against the human top-25% baseline (∗: p < 0.0001;
n.s.: not significant; Bonferroni-corrected across all comparisons); black asterisks correspond to the base condition and gray ones to
extended reasoning. Extended reasoning primarily reduces inference loss, with only modest effects on sampling loss. Extended Reasoning
gains (gray bars) are exclusive to the post-RL Reasoning group, as only these models expose a controllable reasoning-effort parameter.
C: Invalid choices. Fraction of invalid choices during sampling (left) and at the final inference decision (right). Invalid choices include
selecting occluded options, producing tokens outside the valid choice set (A–D), or failing to respond; humans cannot produce invalid
choices in the graphical interface. Invalid choices occur more frequently during sampling than at the final decision and are reduced by
reasoning.
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B.6. Model size, architectures and training regime correlations table

Table 3. Training regime, not model scale, is the dominant predictor of task performance and cognitive-space coordinates. R2

values from linear regressions predicting each behavioral parameter from model covariates, computed across 19 open-source models for
which model size, architecture (dense vs. MoE), and training regime (Base, CoT, Reasoning) are known. Training regime alone explains
the most variance in both task success (R2 = 0.862) and the inference strategy parameter κf (R2 = 0.589), substantially outperforming
raw model scale (R2 = 0.088 and 0.147, respectively). Architecture is also informative, particularly for success and κf , and combining
training regime with architecture yields strong explanatory power (R2 = 0.906 for success; 0.756 for κf ). Adding model size on top
provides negligible further lift (0.906 → 0.908; 0.756 → 0.757), confirming that how a model is trained, rather than how large it is,
primarily determines its location in cognitive space. In contrast, the memory parameter β is poorly explained by any combination of these
factors (R2 ≤ 0.217), suggesting it captures individual model idiosyncrasies, while bias spread is best captured by the combination of
size and regime (R2 = 0.433).

Predictors Success rate β κf m Bias spread

Single and pairwise predictors

Model size 0.088 0.116 0.147 0.059 0.084
Architecture 0.416 0.002 0.555 0.172 0.004
Training regime 0.862 0.068 0.589 0.305 0.319
Model size + architecture 0.428 0.154 0.561 0.172 0.173
Training regime + architecture 0.906 0.105 0.756 0.338 0.348

Full predictor sets

Model size + training regime 0.889 0.214 0.666 0.333 0.433
Model size + train. regime + arch. 0.908 0.217 0.757 0.343 0.435
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B.7. Reasoning traces: avg. number of tokens per round

Average number of tokens per round - gpt oss 20b  

Figure 6. Reasoning token budget does not explain the selective improvement in inference. Average number of reasoning tokens
produced by gpt oss 20b per round, shown separately for sampling and inference phases under low- and high-reasoning conditions, across
all game lengths (T ∈ {2, . . . , 15}). Under high reasoning, sampling rounds consume substantially more tokens (∼8,000–12,000) than
inference decisions (∼2,000–5,000). If extended reasoning improved performance primarily by providing a larger compute budget, the
phase receiving more tokens should benefit most. Instead, the opposite holds: reasoning reduces inference loss by 10.9 pp but sampling
loss by only 3.0 pp. This dissociation is difficult to reconcile with a pure compute-budget explanation, and instead suggests that reasoning
selectively enables the kind of computation relevant to evidence integration—consistent with the behavioral model’s account of improved
inference via more accurate memory (β ≈ 0) and sharper belief-to-choice mapping (larger κf ).
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B.8. Reasoning traces for the same game under low- vs. high-reasoning

Task Prompt and Evidence History — Correct final answer: A

Task: You will play a game with 15 rounds. In each round you'll see available cues (
choosable):

One cue has 90\% RED / 10\% GREEN, others have 50/50 color distribution. Possible cues
are: A, B, C, D. Available cues disappear after random duration, at least one cue
is active per round. Your task is to pick one of the available cues every round, by
responding with just the letter and nothing else. Don't use markup or punctuation.
After 15 rounds, identify the cue biased towards RED. Correct: +100 points, Wrong:
-100 points.

Trial 0, Round 1: Available cues B, C, D. You chose "C" and saw RED.
Trial 0, Round 2: Available cues C. You chose "C" and saw RED.
Trial 0, Round 3: Available cues A, B, C, D. You chose "B" and saw GREEN.
Trial 0, Round 4: Available cues D. You chose "D" and saw GREEN.
Trial 0, Round 5: Available cues C. You chose "C" and saw RED.
Trial 0, Round 6: Available cues C. You chose "C" and saw RED.
Trial 0, Round 7: Available cues A, B, C. You chose "A" and saw RED.
Trial 0, Round 8: Available cues C, D. You chose "C" and saw GREEN.
Trial 0, Round 9: Available cues C, D. You chose "D" and saw RED.
Trial 0, Round 10: Available cues A, B, C, D. You chose "C" and saw RED.
Trial 0, Round 11: Available cues B, C. You chose "C" and saw GREEN.
Trial 0, Round 12: Available cues A, D. You chose "A" and saw RED.
Trial 0, Round 13: Available cues B. You chose "B" and saw RED.
Trial 0, Round 14: Available cues A, C, D. You chose "A" and saw RED.
Trial 0, Round 15: Available cues A, B. You chose "A" and saw GREEN.

Trial 0: Based on all observed colors, which cue A, B, C, or D do you think was biased
toward red? Respond with exactly one letter: A, B, C, or D.

Low-Reasoning trace (gpt-oss-20b) — Final answer: C

We saw C twice both RED. So C likely biased. Return C.

High-Reasoning Trace (gpt-oss-20b) — Final answer: A

We selected various cues each round. We saw a sequence of colors. We need to determine
which of A, B, C, D is the biased one. We are to respond with a letter.

Thus it's a statistical inference problem: From the data, find which cue has the
highest fraction of RED observed vs total times chosen. But we also must consider
that some cues might not have been chosen if they were not available? In our logs
we always chose a cue. We might not have chosen many times for a certain cue; but
we need to see which gave the highest RED ratio across all times we chose that cue.
However, the data may show biases due to chance. We need to compute the frequency

of RED for each cue for the times we chose that cue.
However, note that we might not have chosen A many times, but the ratio could still be

high. But does the question ask for "biased towards red"? Yes: "Based on all
observed colors, which cue A, B, C, or D do you think was biased toward red?" So we
just compute ratio of RED across our sample of times selecting each cue. This

might not reflect the actual bias of each cue, because we only choose each cue a
few times. But maybe the ratio among our selected times reveals the actual bias.
Let's calculate.

List each round, chosen cue, color:

Round 1: C, RED
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Round 2: C, RED
Round 3: B, GREEN
Round 4: D, GREEN
Round 5: C, RED
Round 6: C, RED
Round 7: A, RED
Round 8: C, GREEN
Round 9: D, RED
Round 10: C, RED
Round 11: C, GREEN
Round 12: A, RED
Round 13: B, RED
Round 14: A, RED
Round 15: A, GREEN

Now count for each cue.

Cue A: Rounds 7, 12, 14, 15. That's 4 times. Colors: 7: RED, 12: RED, 14: RED, 15:
GREEN. So RED count = 3, GREEN count = 1. Ratio RED = 3/4 = 0.75.

Cue B: Rounds 3 and 13. 2 times. Colors: 3: GREEN, 13: RED. So 1 RED, 1 GREEN. Ratio
RED = 0.5.

Cue C: Rounds 1,2,5,6,8,10,11. That's 7 times. 1: RED, 2: RED, 5: RED, 6: RED, 8: GREEN
, 10: RED, 11: GREEN. So RED count = 5, GREEN count = 2. Ratio RED = 5/7 approx.
0.7142857.

Cue D: Rounds 4 and 9. 2 times. Colors: 4: GREEN, 9: RED. So 1 RED, 1 GREEN. Ratio RED
= 0.5.

So the highest ratio is for cue A: 0.75. Cue C: 0.714... Cue B and D: 0.5.

But we only have 4 samples for A. There's potential for small sample variation. But the
question is to identify based on observed colors the cue with highest ratio.

According to our data, it's A. But we need to determine if any other had a higher
ratio? No. So answer: A.

We should output exactly one letter: A, B, C, or D. So the correct letter is A.

But let's double-check if any nuance: One cue is 90\% of one color, 10\% of other.
Suppose the biased cue is not necessarily the one biased toward red. In fact, we
are not told which color is the 90\% color. It could be RED or GREEN. We only know
that one cue is 90\% one color, 10\% the other; the others are 50/50 split. So we
need to identify which cue is biased. How to determine that? Many possibilities.

The simplest method: Use the sample data as evidence. We want to find the cue with the
largest difference between observed proportions and 0.5. But the problem states: "
Based on all observed colors, which cue A, B, C, or D do you think was biased
toward red?" So we are not asked to identify which cue is biased overall; we are
asked to pick the one biased toward red. So we answer A.

But could there be reasoning that the biased cue is the one biased toward red? Possibly
the biased cue's "color" is unknown: maybe the 90\% color could be RED or GREEN.

We can only compute RED ratio. But the question explicitly asks which cue was
biased toward red. So answer that.

Thus answer = A. Sure.

But let's consider if the 90\% color is GREEN for a cue. Then its RED ratio would be
10\%. That might appear low. So the highest RED ratio would then be a 50/50 cue?
Actually, if the biased cue's high color is GREEN, then its RED ratio would be
lower than the unbiased ones. So picking the cue with highest RED ratio might not
identify the biased cue. But the instructions say we need to identify the biased
cue for the bonus points. But the final question is to answer which cue was biased
toward red. So presumably that is the way to pick the biased cue.

Wait, but the description: "Your task is to pick one of the available cues every round,
by responding with just the letter and nothing else. ... After 15 rounds, identify
the biased cue. Correct: +100 points, Wrong: -100 points."

So we must identify the biased cue. The question at the end says, "Based on all
observed colors, which cue A, B, C, or D do you think was biased toward red?" This
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is presumably the answer. But the question to us is: answer with exactly one letter:
A, B, C, or D. So we answer A.

Thus output: "A".

But check careful: Did we miscount? Let's recount.

List all chosen clues:
Round 1: C, RED
Round 2: C, RED
Round 3: B, GREEN
Round 4: D, GREEN
Round 5: C, RED
Round 6: C, RED
Round 7: A, RED
Round 8: C, GREEN
Round 9: D, RED
Round 10: C, RED
Round 11: C, GREEN
Round 12: A, RED
Round 13: B, RED
Round 14: A, RED
Round 15: A, GREEN

Count:
C appears 1,2,5,6,8,10,11 -> 7 times. Of these, RED at 1,2,5,6,10 = 5 times. GREEN at

8,11 = 2 times. Ratio = 5/7 ~ 0.7142857.
A appears at 7,12,14,15 -> 4 times. RED at 7,12,14 -> 3 times. GREEN at 15 -> 1 time.

Ratio = 3/4 = 0.75.
B appears at 3,13 -> 2 times. GREEN at 3, RED at 13 -> ratio = 1/2 = 0.5.
D appears at 4,9 -> 2 times. GREEN at 4, RED at 9 -> ratio = 1/2 = 0.5.

Thus A was biased toward red. So answer A.

But we might want to consider the possibility that the 90\% color could be GREEN. In
that case, the biased cue's RED ratio would be 10\%. So the highest RED ratio would
be between unbiased 50/50 cues and maybe one unbiased might happen to have more

RED than 50\% due to randomness. Here we found A has 75\% RED, which is quite high
relative to 50\%. Unbiased could by chance also show 75\% RED if e.g. the sample
draws were not large. But we have 4 picks for A, and 75\% chance of 75\% for a
random 50/50 distribution is plausible? The probability of a binomial(4,0.5) having
at least 3 successes (RED) is C(4,3)*0.5^4 + C(4,4)*0.5^4 = (4+1)/16 = 5/16 $\

approx$ 0.3125. So not too improbable. For C, 5/7 ratio: probability 5 or more
successes out of 7 for 50/50 distribution is like? Let's compute: probability of 5
successes: C(7,5)*0.5^7 = 21/128 $\approx$ 0.16406; 6 successes: C(7,6)*0.5^7 =
7/128 $\approx$ 0.0546875; 7 successes: 1/128 $\approx$ 0.0078125; sum = ~0.2775.
So around 27.75\% chance.

Thus these counts could be random occurrences. But maybe the biased cue has 90\%
probability for one color. If that color is RED, we'd expect a huge number of RED
in the sample. But we only see 10 RED out of 15 choices. Actually, we saw 10 RED, 5
GREEN across all 15 rounds. If one cue had 90\% RED, but we only selected cues at

random, the expected overall count might be somewhere between 0.5 and 0.9 times the
number of times we selected that cue. If we only selected that cue rarely, maybe

we wouldn't see many RED. We selected C more frequently (7 times). But maybe C is
the biased cue? 5 of 7 are RED. That's 71.4\% RED, which is higher than 50\% but
lower than 90\%. For A, 3 of 4 are RED. That's 75\%. But again, not near 90\%. For
D, 1/2. For B, 1/2. So perhaps the biased cue is A or C. But which one to pick? The
question:

"Based on all observed colors, which cue A, B, C, or D do you think was biased toward
red?\" That is A. So we answer A.

However, might they want to identify the biased cue, not just highest ratio? The
instructions: "Based on all observed colors, which cue A, B, C, or D do you think
was biased toward red?" The user answer is a guess: we just need to output that
letter. So we will output A.
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Thus the answer is "A".
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B.9. Exact dynamic-programming ceiling

The sampling problem can be solved exactly because the task is a finite-horizon belief-state Markov decision process. Let
k ∈ {1, . . . ,K} denote the latent biased button, with uniform prior p0(k) = 1/K. At each sampling round t, the agent
observes an availability set At ⊆ {1, . . . ,K}, chooses a visible button at ∈ At, and observes an outcome xt ∈ {R,G}.
The likelihood is

P (R | k, a) = αU + (αB − αU )1{a = k}, P (G | k, a) = 1− P (R | k, a). (8)

The full history can be summarized without loss by the count state

ct = {ni,R(t), ni,G(t)}Ki=1. (9)

The posterior induced by ct is

pc(k) =

∏K
i=1 P (R | k, i)ni,RP (G | k, i)ni,G∑K

k′=1

∏K
i=1 P (R | k′, i)ni,RP (G | k′, i)ni,G

. (10)

Thus, conditional on ct and the current availability set At, the distribution of future observations is independent of the earlier
history.

Let Vh(c) be the optimal expected final accuracy with h sampling rounds remaining. With no samples remaining, the
optimal final decision is MAP:

V0(c) = max
k

pc(k). (11)

For h ≥ 1, define the predictive probability of RED after sampling button a:

ρ(c, a) = P (R | c, a) =
∑
k

pc(k)P (R | k, a). (12)

The action value is
Qh(c, a) = ρ(c, a)Vh−1(c+ ea,R) + (1− ρ(c, a))Vh−1(c+ ea,G), (13)

where ea,R and ea,G increment the corresponding count. Since the occlusion mask is observed before the sampling action,
the optimal policy is

π⋆
h(c, A) = argmax

a∈A
Qh(c, a). (14)

Before observing the next availability set, the value averages over the occlusion process:

Vh(c) = EA

[
max
a∈A

Qh(c, a)

]
. (15)

The exact ceiling for horizon H is therefore
J⋆
H = VH(0). (16)

For the task occlusion process, each button is independently visible with probability q, with a fallback that makes one button
visible uniformly if no button is visible. Hence, for nonempty A,

P (A) = q|A|(1− q)K−|A| + 1{|A| = 1} (1− q)K

K
. (17)

Optimality follows by backward induction. The base case h = 0 is optimal because MAP maximizes posterior probability
of a correct final decision. Assuming Vh−1 is optimal for all count states with h− 1 samples remaining, any policy with
h samples remaining must first choose some legal a ∈ A, whose expected continuation value is Qh(c, a). Choosing the
maximizing action therefore dominates all other first actions, and the induction hypothesis gives the optimal continuation.

For K = 4 and H = 15, the number of count states is
15∑
t=0

(
t+ 7

7

)
=

(
23

8

)
= 490,314, (18)

making exact backward induction tractable. With K = 4, αB = 0.9, αU = 0.5, and q = 0.5, the exact DP ceiling averaged
over horizons T = 2, . . . , 15 lies within the performance variance observed in the multi-seed search done with the PPO RL
agents (Appendix C).
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C. Reinforcement Learning Agent Details
We train a reinforcement-learning agent to obtain a near-optimal sampling policy for our task. Training is performed with
Proximal Policy Optimization (PPO) (Schulman et al., 2017). At each round, the agent observes a 12-dimensional state
vector consisting of (i) cue–color counts for each button (8 dimensions: 4 cues × 2 colors) and (ii) a 4-dimensional binary
mask indicating which cues are currently available. Environment dynamics (cue bias, occlusions, and trial length) match the
experimental task, with the number of rounds T sampled uniformly from {2, . . . , 15}.

During the sampling phase, the PPO policy selects which cue to sample. At the end of the trial, the agent makes a final
decision using a Maximum-A-Posteriori (MAP) rule given the accumulated evidence. Rewards are sparse and tied to task
success: the agent receives +100 for a correct final report, 0 for valid sampling choices, and −10 for selecting an unavailable
cue. Unavailable selections advance the round without revealing evidence, encouraging the agent to avoid invalid choices
and sample efficiently.

We select optimization and architecture hyperparameters via a grid search that maximizes correct cue identification. The
policy network is a two-layer MLP with 64 hidden units per layer and ReLU activations. We train for 5× 106 environment
steps with learning rate 2 × 10−5 and minibatch size 128. Each PPO iteration collects T = 2048 on-policy steps and
performs 10 optimization epochs. We use discount γ = 0.99, generalized advantage estimation λGAE = 0.95, and clipping
parameter ε = 0.2, with entropy and value loss coefficients set to 0.01 and 0.5, respectively. Reported performance on the
Active Probabilistic Reasoning Task was 70%± 2%

D. Compute Resources Used
Locally executed experiments were run on a shared GPU server equipped with four NVIDIA H200 GPUs. GPU workloads
included PPO training for the near-optimal sampling reference, local inference for open-weight models that fit on the server,
and JAX-based batched fitting of the behavioral model. The PPO agent was trained for 5× 106 environment steps using
the architecture and optimization settings described above. Behavioral-model fitting used the recorded human and LLM
trajectories and was run as batched cross-validation over agents, reasoning conditions, and folds; because the fitted model
has only a small number of parameters per agent, these fits were lightweight compared with LLM generation.

The dominant compute cost came from LLM trajectory generation. Each LLM condition was evaluated on at least 1,400
games, uniformly spanning T ∈ {2, . . . , 15} sampling rounds, for more than 55,000 LLM games in total. Base-model
evaluations constrained the response to a single token, CoT evaluations allowed up to 500 tokens, and extended-reasoning
evaluations used the provider’s reasoning-effort interface when available. Closed-source models and open-weight models
that were too large or costly to host locally were evaluated through the OpenRouter API, so the exact backend hardware for
those calls was not under our control.

CPU-only post-processing, statistical tests, and plotting were run on the same workstation/server environment and did not
require specialized accelerators. Exact wall-clock times, CPU memory peaks, and total API spend were not retained in the
experiment logs; rerun time therefore depends on cluster queueing, API throughput, and provider-side model availability.
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E. Task Performance across Rounds
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Figure 7. Evolution of success rate across rounds. For each agent, we report the mean success rate (fraction of trials in which the final
reported button is the true biased one) as a function of the number of sampling rounds T ∈ {2, . . . , 15}. Humans are shown in green,
split into the top 25% and lower 75% of participants (same split as in Fig. 2A); LLMs are shown as individual traces (legend), with colors
indicating each model’s overall average success rate (lighter/orange = lower, darker/purple = higher). Across models, this view reveals a
qualitative separation around ∼ 45% average success: below this regime, curves remain approximately flat with increasing T , suggesting
limited ability to convert additional evidence into improved final decisions; above it, curves exhibit a clear positive slope (“lift-off”),
indicating effective inference in longer games. Claude haiku 3.5 is the first model in the performance ranking to show this lift-off, and
from DeepSeek R1 0528 Qwen3 8B onward, many models track the round-by-round improvement profile of the lower 75% human cohort.
Overall, models that display lift-off are predominantly those with extended reasoning.
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F. Human Participants
We collected human data in a 1-hour, live in-person competitive session. Under the authors’ institutional policy, this low-risk
behavioral data collection was not subject to formal IRB review. The study was conducted under institutional ethical
standards, and all participants provided written informed consent after receiving task, risk, and compensation information.
Fifty participants played independent games of our task with trial length sampled uniformly from T ∈ {2, . . . , 15} under
the same instructions used throughout the paper (Fig. 1A). Forty-six participants completed the full protocol of 100 games
each; all analyses in the main text therefore use these 46× 100 = 4,600 trials.

Figure 8 reports participant-level performance and decomposes it into inference versus sampling components, complementing
the aggregate human summary in Fig. 2. Human success rates span a wide range (roughly 37%–77%; chance = 25%), with
most participants clustered around ∼ 55%–67%. This heterogeneity is informative for our central comparison: the human
distribution overlaps the best LLMs in overall success, while the strongest participants remain a meaningful reference point
for what robust inference and effective sampling look like in this task.
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Figure 8. Individual human performance. Each row corresponds to one of the 46 participants who completed 100 games (trial lengths
uniformly sampled from T ∈ {2, . . . , 15}). Participants are ordered by mean success rate. Mean success rate (correct identification of the
biased option at the final decision); the vertical line marks chance performance (25%). The cohort exhibits substantial heterogeneity,
spanning ≈ 37% to ≈ 77% success, with most participants concentrated around ∼ 55–67%.
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G. Behavioral Model reproduces Behavioral Metrics
Model evaluation is performed by simulating the fitted model policy on the Active Probabilistic Reasoning Task. For each
model and reasoning condition parameters, we roll out full games with the same underlying {αB , αU} parameters as in the
Human and LLM experiment. At each round, the internal memory representation is updated from the initial posterior and a
sampling policy is formed from the choice bias and internal posterior. The comparative posterior/bias plots can be seen
in Fig. 9 and represent the average evolution of the underlying posteriors across games with {2, ..., 15} rounds, split by
sampling and inference components.
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Figure 9. Behavioral metrics are recapitulated by the fitted behavioral model. A–C: Empirical behavioral metrics computed directly
from human and LLM trajectories. A: Overall task performance (success rate) across agents. B: Decomposition of performance loss into
sampling versus inference deficits, measured by comparing each agent to counterfactual and optimal reference policies (loss w.r.t. optimal
sampling on the left; loss w.r.t. optimal inference on the right). C: Invalid-choice rates during sampling and final report. D–F: The same
metrics computed from trajectories generated by the behavioral model after fitting (β, κ, ω, θ) to each agent. D: Model-predicted success
rates closely match empirical performance ordering. E: Model reproduces the sampling–inference loss decomposition, capturing that
reasoning primarily reduces inference loss while leaving a residual sampling gap. F: Model reproduces invalid-choice profiles via the
occlusion-awareness component. Green markers denote human quartiles; grey indicates extended-reasoning conditions.
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H. Per model parameter values
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Figure 10. Model parameters explain human and LLM behavior. A: Memory β spans stubborn (β < 0) to forgetful (β > 0) evidence
integration. B: Strategy separates sampling gain m in the sampling temporal kernel ks(t) from final-choice sharpness κf . C: Choice
inertia γ captures perseveration on the most recent valid sampling choice. D: Bias spread (difference between max and min ωx bias vector
components) summarizes systematic sampling and inference choice preferences (ωs, ωf ). E: Occlusion awareness θ captures avoidance
of invalid or occluded choices. F: Evidence updates posterior pt and memory ht; strategy, bias, inertia, and awareness map beliefs to
policy πt.
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I. Activation extraction and linear probing
Activation extraction. For each of 50 games per reasoning level, we ran gpt oss 20b (24 transformer blocks, dmodel = 2880)
through the full task prompt and recorded the residual-stream activations after the MLP of each block at every round (15
sampling rounds plus 1 inference round). Because reasoning traces vary in length and structure across rounds, we summarized
each round’s activations by averaging over the last 5 tokens of the trace, following standard practice for token-position-robust
probing in autoregressive models. The resulting tensor has shape 50 games × 16 rounds × 24 layers × 2 reasoning levels ×
2880 dims.

Linear probes. We fit ridge regression probes that predict the model’s choice at each round from its activations, separately
for each (layer, reasoning level) pair. Following Alain & Bengio (2016); Belinkov (2022); Gurnee & Tegmark (2023),
we use the closed-form ridge solution with the regularization strength α selected by leave-one-out cross-validation over a
logarithmic grid α ∈ {10−3, . . . , 106}. We targeted the choice as a 4-way categorical over {A,B,C,D} and report held-out
R2 averaged across 5 K-fold cross-validation folds (uniform-average over the 4 target dimensions).

Swapped control. A high probe R2 on activations alone does not tell us whether the decoded choice subspace is specific
to the reasoning condition or simply reflects task-level structure shared across conditions (e.g., token identity in the trace).
To test for condition-specificity, we trained probes on one condition and evaluated them on the other — denoted X=high,
Y=low (SC) and X=low, Y=high (SC) in Fig. 4D. SC R2 collapses to near zero or below across all layers, confirming that the
choice subspaces are condition-specific.
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J. PCA geometry of layer-1 activations
Conditional-average dataset. A naive PCA over all individual-game activations would mix variance from games, layers,
and conditions, obscuring the round-by-round structure of interest. To preserve this structure while suppressing game-level
noise, we constructed a conditional-average dataset: for each (round, choice, reasoning level, layer) combination, we
averaged activations across the games in which the model made that choice on that round. With 16 rounds, 4 choices, 2
conditions, and 24 layers, this yields a 16× 4× 2× 24 = 3072-row matrix in R2880. We restrict our analyses to layer 1
(selected for its high probe R2; Appendix I) and to a single reasoning level at a time, leaving 128 rows per PCA fit, but the
PCA basis is well-defined at any layer.

Variance explained. The top four PCs capture the bulk of the variance in both reasoning conditions (Fig. 11A–B): under
low reasoning, PC1 alone accounts for 27.8% of the variance and the top four PCs together explain ∼64%, while under
high reasoning the variance is more evenly distributed across components, with PC1 capturing 19.6% and the top four PCs
reaching ∼61%. The flatter spectrum under high reasoning is consistent with richer round-by-round dynamics that occupy
a higher-dimensional manifold, whereas the steeper spectrum under low reasoning reflects trajectories that remain confined
to a narrower subspace.

Centroids. For each (choice, reasoning level) pair, we compute a centroid as the mean of its conditional-average vectors
across rounds, in the original 2880-dimensional space. We use these centroids both as projection targets in PCA visualizations
(Fig. 4E–F) and as references for high-dimensional distance computations.

Centroid-distance similarities. For the example game in Fig. 4, we compute Euclidean distances dk from each round’s
2880-dimensional activation to all four choice centroids (within the matching reasoning condition), and convert them to a
similarity distribution via pk ∝ exp(−dk). This places the resulting 4-vector on a simplex enabling direct visual comparison
between the model’s latent variables and a quantity computed entirely from raw activations (Fig. 4A, bottom row of each
panel). For visualization, we additionally project per-round activations into the layer-1 PCA basis and color the trajectory by
each round’s closest centroid, i.e. the argmin over the same distances dk (Fig. 4E–F).

Pairwise PC views. Three-dimensional projections can occasionally distort relationships between centroids that are
well-separated in higher dimensions. As a robustness check, we provide pairwise 2D projections across the top four PCs
(Fig. 11C for high reasoning and Fig. 11D for low reasoning); the qualitative pattern: high-reasoning trajectories migrating
from C to A, low-reasoning trajectories remaining near C, is consistent across PC pairs.
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Figure 11. PCA geometry of layer-1 activations. A: Per-PC variance explained for the conditional-average dataset at layer 1, shown
separately for low (purple) and high (green) reasoning. PC1 captures 27.8% of the variance under low reasoning and 19.6% under high
reasoning; the flatter spectrum under high reasoning indicates richer round-by-round dynamics distributed across more components.
B: Cumulative variance explained for the same data; the top four PCs together account for ∼64% (low) and ∼61% (high) of the total
variance. C–D: Pairwise 2D projections of the example game’s layer-1 activations (same game as in Fig. 4) across the top four PCs,
under high reasoning (C) and low reasoning (D). Per-choice centroids are shown as filled circles colored by choice (A: red, B: blue, C:
yellow, D: green); the trajectory’s start (round 2) and end (round 16) are marked by open and filled black circles. Across all PC pairs, the
high-reasoning trajectory consistently migrates from the neighborhood of centroid C toward centroid A as evidence accumulates, whereas
the low-reasoning trajectory remains anchored near C throughout the game.
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K. Model Formulation Details
We define the behavior model as a structured set of departures from an ideal Bayesian observer. Agents may integrate
evidence imperfectly, show systematic choice preferences, ignore occlusions and make invalid choices, or translate beliefs
into choices with either MAP-like exploitation or near-random exploration. The goal is to characterize each fitted agent by
how evidence is accumulated over time and how the resulting beliefs are converted into sampling and final choices.

K.1. Task likelihood and Bayesian reference

We consider independent games indexed by g. Game g contains Tg
2 sampling rounds followed by one final inference choice.

There are K possible cues, with K = 4 in the task. Each game has a latent biased cue zg ∈ {1, . . . ,K} with prior p0 ∈ ∆K ,
(p0)k = Pr(zg = k). At sampling round t, the agent chooses ag,t ∈ {1, . . . ,K} and, when the response yields evidence,
observes xg,t ∈ {0, 1}, where 1 denotes RED and 0 denotes GREEN.

The ideal observer assumes the shared-rate Bernoulli emission model

p(xg,t | ag,t = i, zg = k) =

{
Ber(xg,t;αB), k = i,

Ber(xg,t;αU ), k ̸= i,
0 < αU < αB < 1. (19)

Conditional on zg and the choices, observations are independent across rounds:

p(xg,1:t | ag,1:t, zg = k) =

t∏
u=1

p(xg,u | ag,u, zg = k). (20)

For a single game, suppress g when clear and define the likelihood vector

(Lt)k := p(xt | at, z = k). (21)

The Bayesian posterior is updated by elementwise multiplication and normalization,

pt =
pt−1 ⊙Lt

1⊤(pt−1 ⊙Lt)
. (22)

Equivalently, with unnormalized log-posterior

ℓt := logp0 +

t∑
u=1

logLu, ℓt = ℓt−1 + logLt, (23)

and softmax σ(v) := exp(v)/[1⊤ exp(v)], the posterior is

pt = σ(ℓt). (24)

This follows because exp(ℓt) is the vector of Bayes numerators. The softmax also satisfies σ(v + α1) = σ(v) for any
scalar α, so only relative log-beliefs affect the posterior.

K.2. Centered evidence and gamma memory

The shared-rate model implies that, on each round, only the chosen cue receives discriminative evidence relative to the
shared mismatch likelihood. Define

L+
t := p(xt | at, z = at), L−

t := p(xt | at, z ̸= at), (25)

and the single-step log-likelihood ratio

δt := log
L+
t

L−
t

= xtr + (1− xt)g, r := log
αB

αU
, g := log

1− αB

1− αU
. (26)

2note that in the main text we drop the game index g for simplicity.

36



1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024
2025
2026
2027
2028
2029
2030
2031
2032
2033
2034

Active Probabilistic Reasoning in Humans and LLMs

If eat
∈ RK is the one-hot vector for the sampled cue, then

logLt = log(L−
t )1+ δteat

. (27)

Because softmax is invariant to common shifts, we work in centered log-belief space. Let

C := I − 1

K
11⊤, C1 = 0, C2 = C. (28)

The Bayesian centered evidence increment is

∆ht := C logLt = δt

(
eat

− 1

K
1

)
. (29)

Thus the ideal centered integrator accumulates the same evidence as Bayes, but removes the unidentifiable global baseline.
When all increments are accumulated equally, σ(

∑t
u=1 ∆hu) = pt up to the prior-centered initial state.

The fitted model replaces exact accumulation with a temporal memory kernel. This kernel captures order effects in belief
updating: older evidence can be discounted, preserved, or overweighted, matching recency and primacy distortions studied
in leaky-accumulator and belief-adjustment accounts (Usher & McClelland, 2001; Hogarth & Einhorn, 1992). We use an
exponential form because it makes recency and primacy deviations symmetric in log-weight space. For equal |β|, the log
weights have matched slopes but tilt toward the current round when β > 0 and toward the start of the sequence when β < 0.

hg,t :=

t∑
u=1

wt,u(β)∆hg,u, (30)

with

wt,u(β) =


exp[−β(t− u)], β > 0,

1, β = 0,

exp[β(u− 1)], β < 0.

(31)

Here β = 0 recovers exact accumulation, β > 0 produces forgetful recency weighting, and β < 0 produces stubborn
primacy weighting.

K.3. Internal posterior and policy

Following bounded-rationality formulations with information-processing costs (Ortega & Braun, 2013), choices are generated
from softmax-sharpened internal posteriors. For the selected gamma fit, sampling sharpness depends on how many valid
observations are available before the choice:

n−
g,t := 1 +

∑
u<t

1{ag,u valid}, κs(g, t) := m
n−
g,t

Tg
. (32)

This schedule makes sampling initially exploratory and increasingly belief-guided as usable evidence accumulates, consistent
with exploration–exploitation accounts (Daw, 2011; Gershman, 2019).

Let h−
g,t be the pre-choice memory state at sampling round t. The sharpened sampling and final-choice posteriors are

qs
g,t := σ

(
κs(g, t)h

−
g,t

)
, qf

g := σ(κfhg,Tg ). (33)

Here m controls how quickly sampling becomes evidence-guided, while κf controls final-choice sharpness.

During sampling, not all cues are available. Let vg,t ∈ {0, 1}K be the availability vector and let ig,t ∈ {0, 1}K be
one-hot for the most recent valid sampling choice, with ig,t = 0 if no valid choice has occurred. It is clearest to write
the cue-response policy in log-score space, where the belief, bias, inertia, and occlusion terms add; logωs and logωf are
elementwise logs of positive bias vectors:

ηs
g,t := κs(g, t)h

−
g,t + logωs + γig,t − θs(1− vg,t), πs

g,t := σ(ηs
g,t), (34)
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ηf
g := κfhg,Tg

+ logωf , πf
g := σ(ηf

g ). (35)

Larger θs means stronger avoidance of occluded sampling actions, and larger γ means stronger repeat-choice inertia.
Equivalently, for any two cues j, k, the sampling and final log odds are

log
(πs

g,t)j

(πs
g,t)k

=
(
bsg,t,j − bsg,t,k

)
+ log

(ωs)j
(ωs)k

+ γ (ig,t,j − ig,t,k)

− θs [(1− vg,t,j)− (1− vg,t,k)] , (36)

log
(πf

g )j

(πf
g )k

=
(
bfg,j − bfg,k

)
+ log

(ωf )j
(ωf )k

. (37)

Here bsg,t := κs(g, t)h
−
g,t and bfg := κfhg,Tg

are the sampling and final belief log-scores.

The same policy can be written in multiplicative form by exponentiating these log scores. Define

rg,t := exp(γig,t), os
g,t := exp[−θs(1− vg,t)]. (38)

Then Eq. (34)–(35) are equivalently

us
g,t = exp(bsg,t)⊙ ωs ⊙ rg,t ⊙ os

g,t, πs
g,t =

us
g,t

1⊤us
g,t

, (39)

uf
g = exp(bfg )⊙ ωf , πf

g =
uf
g

1⊤uf
g

. (40)

The log-score form makes the additive contributions transparent, while the multiplicative form shows the equivalent
implementation: exponentiated belief scores are combined with bias, inertia, and occlusion factors before normalization.

K.4. Model loss function

For each agent, the dataset consists of G games. Game g provides sampling choices {ag,t}
Tg

t=1, observed outcomes {xg,t}
Tg

t=1,
sampling occlusion sets {Ag,t}

Tg

t=1, and a final inference choice fg . Given parameters

Θ := (ωs,ωf , β,m, γ, κf , θs, θf ), (41)

we unroll the memory trajectory deterministically from the observed history, then compute the policies above. In the
implementation, θs is the fitted sampling occlusion penalty previously named θocc, and the fitted invalid-response probability
is represented through

θf = log
1− pabstain
pabstain

, P (invalid/missing) = σ(−θf ). (42)

For any observed response y and cue policy π, define

PΘ(y | π, θf ) =

{
σ(θf )(π)y, y ∈ {1, . . . ,K},
σ(−θf ), y invalid/missing.

(43)

The negative cue-response log-likelihood is

N (Θ) = −
G∑

g=1

 Tg∑
t=1

logPΘ(ag,t | πs
g,t, θf ) + logPΘ(fg | πf

g , θf )

 . (44)

The minimized objective is
J (Θ) = N (Θ) + λω KL

(
ωs ∥ 1

K1
)
+ λγ γ

2. (45)
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Table 4. Selected gamma-fit objective weights and parameter bounds. Alignment losses are ordered as written in the text.

Setting Symbol Selected value

Choice likelihood weight λchoice 1.0
Sampling-bias regularizer λω 0.005
Inertia regularizer λγ 0.005

Memory bound β [−3, 3]
Sampling-gain bound m [0.05, 7]
Inertia bound γ [0.05, 3]
Sampling occlusion bound θs [0, 60]
Final sharpness bound κf (0, 7)
Invalid-response logit bound θf [0, 60]

K.5. Fitting Results

For each agent (humans and each LLM) and reasoning mode (Base/Extended), Appendix Figs. 12–15 visualize (i) posterior
trajectories during inference and sampling, and (ii) choice biases alongside the fitted bias weights {ωs,ωf}. The same
quantities are summarized as heatmaps in Appendix Fig. 16. Full fitted parameter values are reported in Table K.10
(corresponding to Fig. 3 in the main text).

Posterior curves. All posterior panels compress the full K-dimensional belief vector into a single scalar by reading out
the posterior mass assigned to the choice that was actually taken. Concretely, let pg,t ∈ ∆K denote the (normative) Bayesian
posterior after t samples in game g. Then for inference panels (columns 1–2), the plotted quantity is the posterior probability
of the final chosen option, evaluated as evidence accumulates across rounds. While for sampling panels (columns 3–4), the
plotted quantity is the posterior probability of the sampling action chosen on round t, evaluated just before the sample is
taken on that round (so that it reflects the beliefs that informed the sampling decision).

Curves are grouped by trial length N ∈ {2, . . . , 15}. For a fixed N , we compute the scalar trajectory above for every game
of length N and then average across games, producing one mean trajectory per N (shown as a family of curves, ordered by
N ). Thus, each line summarizes the average posterior dynamics conditional on game length for inference and sampling.

True posteriors are computed from the observed trajectories of each agent using the normative Bayesian update (Eq. 1).
Fitted posterior readouts are generated by unrolling the fitted gamma model and reading out the corresponding sharpened
internal posteriors.

Bias panels. The bias panels compare empirical choice frequencies against the fitted bias weights. Empirical bars report
how often each option is chosen (separately for sampling and inference), while the fitted bars show the learned bias vectors
ωs and ωf (or their summary statistic, depending on the plot), which capture systematic preferences not explained by the
posterior.
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Figure 12. Posterior evolution by rounds and bias across humans and language models. In each row the first two panels represent the
true and model-generated posterior evolution of the final-choice inference, followed by the true and model-generated sampling-choice
posterior. The remaining panels show the true bias for sampling and inference and their corresponding fitted bias weights.
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Figure 13. Posterior evolution by rounds and bias across humans and language models. In each row the first two panels represent the
true and model-generated posterior evolution of the final-choice inference, followed by the true and model-generated sampling-choice
posterior. The remaining panels show the true bias for sampling and inference and their corresponding fitted bias weights.
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Figure 14. Posterior evolution by rounds and bias across humans and language models. In each row the first two panels represent the
true and model-generated posterior evolution of the final-choice inference, followed by the true and model-generated sampling-choice
posterior. The remaining panels show the true bias for sampling and inference and their corresponding fitted bias weights.
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Figure 15. Posterior evolution by rounds and bias across humans and language models. In each row the first two panels represent the
true and model-generated posterior evolution of the final-choice inference, followed by the true and model-generated sampling-choice
posterior. The remaining panels show the true bias for sampling and inference and their corresponding fitted bias weights.
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Figure 16. Posterior and bias structure is captured by the mechanistic model. For each agent (rows), we compute phase-specific
summaries during sampling (left block) and inference (middle block), and compare empirical estimates (True) to quantities generated by
the fitted mechanistic model (Model). Sampling: heatmaps show the agent’s True Posterior signal (normative posterior mass assigned
to the agent’s eventual choice under the game history) alongside the corresponding Model Posterior obtained by unrolling the fitted
belief dynamics. Inference: analogous comparison for the final inference phase. Bias: right block contrasts True Bias (empirical action
preference beyond belief) with Model Bias recovered from the multiplicative bias parameters. Across agents, the model reproduces both
the magnitude and qualitative structure of posterior dynamics and systematic biases, supporting the claim that (β,m, κf , ω, θs, θf , γ)
provide a sufficient explanation of the behavioral signatures.
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K.6. Statistical significance of behavioral model fits
Table 5. Per held-out game, improvement is δi = log p(yi | M)− log p(yi | B), where M is the fitted model and B is an agent-specific
frequency baseline. Reported ∆eLPD/game is δ̄ = 1

N

∑N
i=1 δi across out-of-sample games (repeated 5-fold CV; repeated predictions per

game averaged first). CI low/high: bootstrap confidence interval for δ̄. p-value: sign-flip permutation test for H0 : δ̄ ≤ 0 vs H1 : δ̄ > 0
(multiple-testing adjusted). FI: fraction of held-out games with δi > 0.

Model Reasoning ∆eLPD/game CI low CI high p-value FI

PPO_MAP Base 8.741 8.498 8.997 <0.001 99.1%
Humans Lower 75% 6.654 6.529 6.779 <0.001 98.7%
Humans Top 25% 7.275 7.017 7.540 <0.001 97.8%

Base models

gpt-5-mini Base 6.962 6.756 7.160 <0.001 98.6%
grok-3-mini Base 7.354 7.159 7.548 <0.001 98.4%
gemini-2.5-flash Base 7.716 7.492 7.936 <0.001 99.5%
gemini-2.5-pro Base 7.239 7.034 7.442 <0.001 99.8%
gpt-oss-120b Base 3.807 3.664 3.945 <0.001 94.7%
gpt-5 Base 6.065 5.879 6.255 <0.001 98.6%
gpt-oss-20b Base 3.780 3.580 3.979 <0.001 88.9%
claude-sonnet-4 Base 7.654 7.451 7.854 <0.001 98.9%
glm-4.5 Base 5.911 5.714 6.106 <0.001 97.3%
DeepSeek-R1-0528-Qwen3-8B Base 6.663 6.457 6.856 <0.001 98.5%
gpt4.1-mini Base 6.526 6.333 6.728 <0.001 98.3%
claude-haiku-3.5 Base 7.016 6.808 7.223 <0.001 98.8%
Qwen3_235B_Instruct Base 4.574 4.030 5.090 <0.001 88.8%
gpt4o-mini Base 7.678 7.449 7.900 <0.001 99.1%
Qwen_14B_Instruct Base 7.124 6.931 7.318 <0.001 99.2%
Llama-4-Scout-Instruct Base 6.993 6.770 7.223 <0.001 97.6%
Qwen_7B_Instruct Base 5.333 5.134 5.527 <0.001 94.2%
Llama-3.1-405b-Instruct Base 7.288 7.083 7.493 <0.001 99.3%
Llama-4-Maverick-Instruct Base 6.133 5.931 6.337 <0.001 96.8%
Llama_3_3_70B_Instruct Base 5.676 5.489 5.871 <0.001 96.5%
Gemma_2B_Instruct Base 5.402 5.195 5.612 <0.001 95.1%
Centaur_70B Base 6.149 5.852 6.444 <0.001 92.2%
Centaur_8B Base 6.249 6.054 6.438 <0.001 98.0%
Apertus_70B_Instruct Base 5.207 5.030 5.384 <0.001 99.0%
Qwen3_32B Base 6.569 6.363 6.779 <0.001 97.6%
Apertus_8B_Instruct Base 2.850 2.690 3.008 <0.001 86.6%
Qwen_3B_Instruct Base 2.323 2.140 2.505 <0.001 80.1%
Llama-3.2-3B-Instruct Base 4.860 4.643 5.065 <0.001 92.7%

Extended reasoning models

gpt-5-mini Extended 7.805 7.601 8.009 <0.001 99.3%
grok-3-mini Extended 7.239 7.038 7.439 <0.001 99.0%
gemini-2.5-flash Extended 7.380 7.189 7.577 <0.001 98.3%
gemini-2.5-pro Extended 7.694 7.482 7.906 <0.001 98.9%
gpt-oss-120b Extended 6.589 6.399 6.783 <0.001 97.6%
gpt-5 Extended 7.523 7.325 7.724 <0.001 98.6%
gpt-oss-20b Extended 5.438 5.259 5.616 <0.001 95.9%
glm-4.5 Extended 6.788 6.594 6.977 <0.001 98.2%
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K.7. Parameter recovery and Parameter dispersion over fits
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Figure 17. A, Fit quality and parameter dispersion across repeated fits. For each agent, the model was fit repeatedly on held-out data splits
with multiple random initializations, retaining the best fit within each split by held-out log-likelihood. Each dot is the parameter obtained
for one of 10 different parameter initializations. B, Parameter recovery for the best model across agents. For each agent, synthetic datasets
were generated from the selected fitted parameters. The model was then refit using the same fitting procedure; each dot is a recovered
parameter from 10 different initializations.
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K.8. Pairwise fit-quality heatmaps
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Figure 18. Pairwise likelihood landscapes gpt-5-mini Extended: All parameters were fixed at their best fitted values except for one pair,
which was varied over a two-dimensional grid while evaluating the negative log-likelihood of the empirical data. Each dot shows the
resulting parameter values from one of the 10 initializations.
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Figure 19. Pairwise likelihood landscapes Humans top 25: All parameters were fixed at their best fitted values except for one pair,
which was varied over a two-dimensional grid while evaluating the negative log-likelihood of the empirical data. Each dot shows the
resulting parameter values from one of the 10 initializations.
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Figure 20. Pairwise likelihood landscapes Optimal Agent (PPO): All parameters were fixed at their best fitted values except for one pair,
which was varied over a two-dimensional grid while evaluating the negative log-likelihood of the empirical data. Each dot shows the
resulting parameter values from one of the 10 initializations.
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K.9. Ablation experiments: Structured Parameter Sweeps
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Figure 21. Parameter sweeps as a proxy for ablation experiments: Due to the fact that ablating model parameters leads to a particular
model assumption, we show here the effect of changing each parameter individually on the observables of the model (Panels B-F)
compared to the optimal model parameters (Panel A) with parameters: β = 0, m = 3, κf = 3, θs = 36, P (∅) = 0, ws =
[0.25, 0.25, 0.25, 0.25], wf = [0.25, 0.25, 0.25, 0.25]. For each row within a panel: Each row corresponds to one parameter
setting, grouped by the parameter being varied (β, m, κf , τs, τf , and θs). Here τ is the temperature of the injected bias vector
w(τ) ∝ w

1/τ
0 . Within each row, the five panels show: the averaged final-choice posterior summary across rounds, the averaged sampling

posterior summary across rounds, the sampling bias weights ws, the final-choice bias weights wf , and the invalid-choice rates for
sampling and final inference. Posterior summaries are averaged over 100 simulated games for each round setting. Invalid rates are shown
only for the occlusion-awareness rows, where θf is varied together with θs. Changing γ within the [0.05, 3] range has the effect of
preventing posterior collapse for high values of m.
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K.10. Model Fitting Parameters

Table 6. Fitted parameters of the gamma memory model. Values are best-by-fold averages from the selected fit.

Model Reasoning ωs ωf β m γ κf θs

PPO MAP Base [0.197, 0.448, 0.264, 0.092] [0.208, 0.343, 0.284, 0.164] -0.013 3.687 0.621 10.426 55.000
Humans Base [0.280, 0.265, 0.233, 0.221] [0.253, 0.259, 0.246, 0.243] 0.090 1.626 0.050 1.659 21.587
Humans Extended [0.273, 0.286, 0.214, 0.227] [0.248, 0.286, 0.227, 0.240] 0.048 2.100 0.469 2.048 33.433
gpt-5-mini Base [0.594, 0.285, 0.098, 0.023] [0.467, 0.317, 0.160, 0.056] -0.101 0.602 0.415 1.230 5.676
gpt-5-mini Extended [0.359, 0.281, 0.232, 0.129] [0.364, 0.294, 0.208, 0.135] -0.019 0.701 0.257 1.992 8.590
grok-3-mini Base [0.289, 0.329, 0.207, 0.176] [0.392, 0.273, 0.192, 0.143] -0.012 0.665 0.050 1.709 12.040
grok-3-mini Extended [0.313, 0.309, 0.216, 0.163] [0.379, 0.304, 0.185, 0.132] 0.013 0.675 0.050 1.941 9.119
gemini-2.5-flash Base [0.741, 0.160, 0.070, 0.029] [0.646, 0.179, 0.101, 0.074] 0.255 0.605 1.046 0.699 9.034
gemini-2.5-flash Extended [0.399, 0.273, 0.195, 0.133] [0.384, 0.286, 0.189, 0.140] -0.056 0.622 0.093 1.740 8.166
gemini-2.5-pro Base [0.613, 0.220, 0.125, 0.043] [0.493, 0.213, 0.154, 0.141] 0.071 0.512 0.595 0.539 30.369
gemini-2.5-pro Extended [0.508, 0.237, 0.162, 0.093] [0.476, 0.214, 0.178, 0.132] -0.037 0.792 0.106 1.613 29.179
gpt-oss-120b Base [0.427, 0.181, 0.363, 0.030] [0.468, 0.217, 0.278, 0.037] -0.089 0.420 0.513 1.184 2.879
gpt-oss-120b Extended [0.320, 0.275, 0.199, 0.205] [0.425, 0.251, 0.164, 0.160] -0.013 0.599 0.050 1.610 4.486
gpt-5 Base [0.518, 0.275, 0.132, 0.075] [0.428, 0.284, 0.158, 0.130] -0.037 0.148 1.452 0.674 5.052
gpt-5 Extended [0.295, 0.282, 0.239, 0.183] [0.371, 0.267, 0.214, 0.148] -0.005 0.625 0.051 2.055 23.948
gpt-oss-20b Base [0.358, 0.284, 0.217, 0.141] [0.344, 0.277, 0.216, 0.163] -2.337 2.039 0.552 0.248 2.898
gpt-oss-20b Extended [0.338, 0.296, 0.207, 0.159] [0.385, 0.268, 0.190, 0.156] -0.047 0.446 0.316 1.601 3.475
claude-sonnet-4 Base [0.399, 0.265, 0.184, 0.152] [0.508, 0.217, 0.140, 0.135] -0.032 0.438 0.050 2.038 7.965
glm-4.5 Base [0.266, 0.418, 0.233, 0.083] [0.416, 0.318, 0.175, 0.091] 0.224 0.309 0.856 0.660 3.884
glm-4.5 Extended [0.344, 0.276, 0.244, 0.137] [0.358, 0.262, 0.262, 0.118] -0.020 0.569 0.078 1.878 6.503
DeepSeek-R1-0528-Qwen3-8B Base [0.244, 0.324, 0.302, 0.130] [0.230, 0.314, 0.296, 0.159] 0.014 0.418 0.405 1.050 5.307
gpt4.1-mini Base [0.596, 0.263, 0.072, 0.069] [0.536, 0.258, 0.091, 0.114] -0.068 0.659 0.578 1.170 5.163
claude-haiku-3.5 Base [0.175, 0.370, 0.359, 0.096] [0.248, 0.400, 0.242, 0.110] -0.133 0.305 0.387 0.936 5.599
Qwen3 235B Instruct Base [0.451, 0.334, 0.141, 0.074] [0.416, 0.320, 0.160, 0.104] 0.649 0.113 0.050 1.243 7.934
gpt4o-mini Base [0.613, 0.284, 0.080, 0.023] [0.418, 0.393, 0.126, 0.063] -0.254 0.961 1.107 0.645 8.667
Qwen 14B Instruct Base [0.469, 0.257, 0.140, 0.134] [0.382, 0.229, 0.133, 0.256] 0.464 0.318 0.050 1.001 8.791
Llama-4-Scout-Instruct Base [0.621, 0.165, 0.115, 0.100] [0.517, 0.223, 0.118, 0.142] 0.435 0.803 1.842 0.714 5.389
Qwen 7B Instruct Base [0.360, 0.297, 0.209, 0.134] [0.522, 0.253, 0.118, 0.106] 0.439 0.875 0.050 0.509 3.713
Llama-3.1-405b-Instruct Base [0.481, 0.303, 0.139, 0.077] [0.480, 0.290, 0.119, 0.111] -0.252 0.661 0.064 0.446 7.783
Llama-4-Maverick-Instruct Base [0.520, 0.215, 0.179, 0.085] [0.422, 0.249, 0.203, 0.126] 0.640 0.637 1.956 0.186 5.954
Llama 3.3 70B Instruct Base [0.387, 0.372, 0.148, 0.092] [0.359, 0.372, 0.139, 0.131] -0.109 0.897 1.054 0.069 4.394
Gemma 2B Instruct Base [0.354, 0.207, 0.327, 0.112] [0.277, 0.234, 0.368, 0.121] 0.527 0.557 0.050 0.192 3.966
Centaur 70B Base [0.825, 0.156, 0.015, 0.004] [0.729, 0.263, 0.004, 0.004] 0.062 0.695 1.640 0.066 6.508
Centaur 8B Base [0.366, 0.249, 0.281, 0.103] [0.294, 0.175, 0.349, 0.183] 0.598 0.621 1.987 0.006 6.278
Qwen3 32B Base [0.517, 0.289, 0.148, 0.046] [0.419, 0.323, 0.196, 0.062] -0.097 0.873 1.564 0.021 6.214
Apertus 70B Instruct Base [0.304, 0.298, 0.189, 0.209] [0.219, 0.305, 0.198, 0.278] -1.849 1.615 0.050 0.014 4.054
Apertus 8B Instruct Base [0.384, 0.268, 0.180, 0.168] [0.226, 0.318, 0.150, 0.306] -2.548 1.752 0.381 0.134 2.194
Qwen 3B Instruct Base [0.275, 0.244, 0.280, 0.201] [0.240, 0.166, 0.295, 0.299] 0.516 0.705 0.050 0.005 1.951
Llama-3.2-3B-Instruct Base [0.363, 0.224, 0.208, 0.205] [0.162, 0.170, 0.321, 0.347] 0.539 0.823 0.050 0.314 3.139
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Table 7. Negative log-likelihoods of the mechanistic model repeated fold fits. Values are averages over the 15 repeated fold fits per
model-condition.

Model Reasoning Train NLL Test NLL NLL

PPO MAP Base 0.352 0.353 0.353
Humans Lower 75% 0.686 0.686 0.686
Humans Top 25% 0.557 0.559 0.559
gpt-5-mini Base 0.613 0.615 0.615
gpt-5-mini Extended 0.653 0.654 0.654
grok-3-mini Base 0.664 0.666 0.666
grok-3-mini Extended 0.710 0.712 0.712
gemini-2.5-flash Base 0.539 0.541 0.541
gemini-2.5-flash Extended 0.676 0.679 0.679
gemini-2.5-pro Base 0.628 0.627 0.627
gemini-2.5-pro Extended 0.610 0.612 0.612
gpt-oss-120b Base 0.945 0.946 0.946
gpt-oss-120b Extended 0.796 0.797 0.797
gpt-5 Base 0.712 0.712 0.712
gpt-5 Extended 0.650 0.651 0.651
gpt-oss-20b Base 1.055 1.059 1.059
gpt-oss-20b Extended 0.901 0.904 0.904
claude-sonnet-4 Base 0.668 0.669 0.669
glm-4.5 Base 0.912 0.913 0.913
glm-4.5 Extended 0.922 0.924 0.924
DeepSeek-R1-0528-Qwen3-8B Base 0.846 0.847 0.847
gpt4.1-mini Base 0.661 0.663 0.663
claude-haiku-3.5 Base 0.750 0.753 0.753
Qwen3 235B Instruct Base 0.693 0.694 0.694
gpt4o-mini Base 0.543 0.546 0.546
Qwen 14B Instruct Base 0.725 0.727 0.727
Llama-4-Scout-Instruct Base 0.735 0.737 0.737
Qwen 7B Instruct Base 0.887 0.888 0.888
Llama-3.1-405b-Instruct Base 0.733 0.734 0.734
Llama-4-Maverick-Instruct Base 0.750 0.753 0.753
Llama 3.3 70B Instruct Base 0.799 0.798 0.798
Gemma 2B Instruct Base 0.875 0.876 0.876
Centaur 70B Base 0.493 0.491 0.491
Centaur 8B Base 0.715 0.717 0.717
Qwen3 32B Base 0.645 0.646 0.646
Apertus 70B Instruct Base 0.890 0.892 0.892
Apertus 8B Instruct Base 1.137 1.141 1.141
Qwen 3B Instruct Base 1.297 1.299 1.299
Llama-3.2-3B-Instruct Base 1.131 1.132 1.132

K.11. Model-search and selected parametrization

We performed an extensive model search and compared a set of model architectures that kept the same Bayesian evidence
variables but changed how memory, sampling sharpness, repeat-choice inertia, and fitting constraints were represented.
The goal was not to maximize expressivity, but to find the smallest model that could reproduce the observed behavioral
components while leaving the fitted parameters interpretable.

The main alternatives can be written as changes to four components. For memory, a simpler leaky recursion can be defined
as

ht = (1− β)ht−1 +∆ht, wold
t,u (β) = (1− β)t−u, (46)

whereas the selected model uses the symmetric exponential weights in Eq. (31). For sampling sharpness, we compared the
following functionals

κconst
s (g, t) = κs, κtime

s (g, t) = m
t

Tg
, κobs

s (g, t) = m
n−
g,t

Tg
. (47)

For repeat-choice behavior, no-inertia variants set rg,t = 1, while the selected model uses rg,t = exp(γig,t). Finally,
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choice-only fits minimized Nchoice(Θ) plus simple regularization, whereas the selected fit uses Eq. (45) so that the fitted
posterior readouts are also constrained.

Failure modes observed in the search.

Variant family Mathematical change Failure mode observed in fits

Simple leaky memory Eq. (46). Positive and negative β values were not comparable:
recency and primacy did not form mirror-image deviations,
making memory attributions unstable.

Constant sampling sharpness κconst
s (g, t) = κs. Captured final inference better than sampling dynamics;

sampling remained too static within a game.
Round-time sampling gain κtime

s (g, t) = mt/Tg . Became sharper when rounds elapsed even if the model had
produced invalid choices and gained no usable evidence.

No action inertia rg,t = 1. Repeat-choice streaks were absorbed into β, ωs, or θs,
weakening the time dependent interpretation of memory,
bias, and occlusion awareness.

Choice-only objective Omit λ⊤
s As + λ⊤

f Af . Could match cue choices while producing posterior
trajectories that missed level, slope, terminal, or rise
structure in the Bayesian readouts.

The selected parametrization, Eq. (30)–(45), was the most stable across the full model-search campaign. It reproduced
the behavioral components we needed simultaneously: temporal evidence integration through β, sampling dynamics
through m, final-choice sharpness through κf , cue preferences through ωs,ωf , repeat-choice inertia through γ, and
occlusion/nonresponse behavior through θs, θf .
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