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ABSTRACT

Humans rapidly learn abstract knowledge when encountering novel environments
and flexibly deploy this knowledge to guide efficient and intelligent action. Can
modern Al systems learn and plan in a similar way? Leveraging a unique dataset
of human gameplay with concurrent fMRI recordings, we compare model-free and
model-based reinforcement learning agents, bayes-optimal model-based agents,
and frontier Large Reasoning Model. We evaluate models on task performance
and behavioral alignment, then use brain activity as a benchmark to probe the in-
ternal representations these models construct. Specifically, using encoding mod-
els, we assess how well each system’s internal representations predict brain activ-
ity in regions previously implicated in theory-based reasoning. We find that the
Large Reasoning Model most closely matches human behavioral patterns during
game discovery and predicts brain activity in theory-coding regions an order of
magnitude better than both model-free and model-based alternatives. Our results
shed light on the computational principles underlying human-like rapid learning
and planning.

1 INTRODUCTION

Humans are remarkably efficient learners. When faced with unfamiliar circumstances, whether it’s
a new social situation, an unfamiliar tool, or a brand new videogame, we can rapidly gain enough
knowledge of their environments to guide intelligent behavior (Tenenbaum et al.|2011). This knowl-
edge can include, for example, causal information of physical objects, intentional agents, and their
interactions (Tsividis et al., 2021; Pouncy & Gershman, 2022). However, learning this knowledge
is only half the story; we also use our inferred knowledge to explore efficiently, plan ahead, and act
adaptively (Ho et al., |2019; [Tsividis et al., |2021). This combination of rapid abstract knowledge
acquisition and flexible action guided by this knowledge is a hallmark of human intelligence.

Videogames have become a highly-relevant scientific sandbox for observing and testing this capa-
bility (Brindle et al., 2021]). [Tsividis et al.|(2021) designed grid world-style videogames using the
Video Game Description Language (VGDL), a framework that specifies games in terms of three
core components: objects and their properties (Sprite Set), what happens when objects collide or
overlap (Interaction Set), and win/loss conditions (Termination Set). This structure mirrors the com-
positional, object-oriented format of intuitive theories (Tsividis et al., [2021} [Pouncy & Gershman,
2022), making VGDL games an ideal testbed for studying how humans quickly learn about novel
environments via interactive experience and act on their new understanding. [Tsividis et al.| (2021])
also introduced the Explore-Model-Plan Agent (EMPA), a theory-based reinforcement learning
system that formalizes this style of learning: EMPA performs approximate Bayesian inference over
symbolic, program-like descriptions of game dynamics. It infers object types, interaction rules, and
win/loss to construct a theory” of the underlying environment’s structure to simulate outcomes and
plan actions. EMPA matched human learning efficiency in these games while model-free deep RL
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agents required orders of magnitude more experience. [Tomov et al.|(2023) extended this work by
having naive participants learn to play VGDL games while recording their brain activity via fMRI.
Using encoding models, they showed that EMPA’s inferred theories (the ”"M” of EMPA) predicted
BOLD activity in inferior frontal gyrus (IFG) and other prefrontal regions (e.g. Middle Frontal
Gyrus, MFQG) significantly better than model-free deep RL, providing evidence that these regions
encode abstract representations of the environment like that of EMPA. They additionally identified
theory prediction error signals — transient increases in activity when observations violated theoret-
ical predictions — in prefrontal cortex, occipital cortex, and fusiform gyrus (FFG), with effective
connectivity patterns consistent with top-down theory predictions and bottom-up error-driven up-
dating.

Videogames have been equally central to the field of artificial intelligence. The era of Deep Rein-
forcement Learning (Deep RL) began with DQN achieving human-level performance on grid world
games (Mnih et al.| 2015)), and games have remained a guiding benchmark ever since. This line of
work has driven the development of model-based Deep RL agents that learn internal representations
of environment dynamics to support planning and imagination (Ha & Schmidhuber, 2018} [Hafner
et al., [2023; [Wang et al., 2024). More recently, Large Language Models (LLMs) have become the
dominant paradigm in Al (Achiam et al.,2023), demonstrating broad capabilities in language under-
standing, generation, and even code synthesis. However, these models have faced persistent criticism
for their limitations in multi-step reasoning and planning (Valmeekam et al.,|2023). In response, re-
searchers have developed Large Reasoning Models (LRMs) that generate explicit reasoning traces,
trained with reinforcement learning using verifiable rewards on domains like mathematics and code
(Liu et al.l 2024).

Can these models learn and plan like humans do? Specifically, can Large Reasoning Models interact
with highly dynamic videogame environments to rapidly infer causal structure and flexibly deploy
that knowledge to guide action? There have been efforts to evaluate the world modeling capabili-
ties of LLMs and LRMs (Hendriksen et al., 2025; [Yang et al., 2024), but such evaluations face a
fundamental challenge: abstract knowledge is internal, latent structure that informs further action,
which in turn generates new observations that reshape this knowledge. Benchmarks that capture
this closed-loop, dual process of learning and acting are scarce. Moreover, behavioral benchmarks
alone make it difficult to understand internal computations. Brain activity provides a complementary
benchmark that probes the representational structure models construct during learning — what has
been termed ’cognitive dark matter,” the computational processes that meaningfully shape behavior
yet are hard to infer from behavior alone (Mineault et al., 2026). The VGDL paradigm offers a
unique opportunity to address this challenge. Because|{Tomov et al.| (2023)) collected both behavioral
and neural data from humans learning these games, we can evaluate Al models on two complemen-
tary dimensions. If a model performs these games in a human-like way, its internal representations
should predict activity in the key regions of interest that encode human abstract knowledge and
its behavioral signatures should resemble those of human players. In this paper, we reproduce the
results of [Tomov et al.| (2023) comparing the EMPA model and DDQN, showing that EMPA has
more human-like learning trajectories than model-free DDQN agents and that EMPA captures brain
activity in humans in key regions better than DDQN. We then evaluate a popular open-source LRM,
DeepSeek V3.2 (DeepSeek-AlL [2025), and show that it can capture human-like learning behavior
better than both EMPA and DDQN as well as predict brain activity at a performance that is an order
of magnitude higher than both EMPA and DDQN, showing evidence that LRMs can indeed learn
complex videogames requiring abstract knowledge acquisition like humans.

2 BACKGROUND

2.1 DATASET

We use the public fMRI + behavior dataset (Tomov et al., | 2023) from 32 healthy adult participants
(17 male and 15 female; 19-36 years; all right-handed) who learned to play a sequence of grid world
games while undergoing fMRI. Each participant completed 6 scanner runs in a single session; each
run comprised 3 blocks, and each block consisted of 3 levels of a single game (9 levels per game
total). Each level was played for 1 minute total, restarting immediately on the same level whenever
an episode ended (win/loss), and runs were organized into three partitions with game/level balance
across partitions.
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Figure 1: VGDL Game Structure. Games are defined by combining game rules (left) with map
layouts (center) to produce interactive environments (right). Game rules are expressed in the Video
Game Description Language (VGDL, [Tsividis et al.| (2021))), specifying object types and their prop-
erties (SpriteSet), interaction outcomes, and win/loss conditions. Map layouts define the spatial
arrangement of objects for each level. Together, these produce the grid-world environments that par-
ticipants learn to play from scratch. Each participant played 6 games with 9 levels each. Each level
was played on repeat for 1 minute, restarting on the same level if the episode ended early. Partic-
ipants see only the rendered environments with color-only object representations (colored squares)
and receive no information about the underlying rules, so they must infer the game’s causal structure
entirely through interactive experience. Levels are designed so that later levels introduce new object
arrangements and interaction opportunities not available earlier, sustaining learning throughout the
session.

The games were expressed in Video Game Description Language ([Tsividis et al.| (2021)), Figure I},
which all share a common 5-action gridworld interface (left/up/down/right/action). Levels were
explicitly designed to sustain learning: later levels vary layouts and can introduce interaction op-
portunities not present earlier. To reduce semantic priors, gameplay was presented in “color-only”
mode (objects rendered as colored squares with symbols), and participants were instructed that col-
ors/symbols/game names carry no rule information beyond within-game object identity; participants
received a base payment plus a performance-dependent bonus tied to the maximum winning score
on a randomly selected level.

2.2 MODEL CLASSES

Model-Free Deep R  'We use Double DQN (DDQN)|Van Hasselt et al.|(2016) as a model-free re-
inforcement learning baseline, following the implementation details, architecture, and optimization
choices described in |Cross et al.| (2021); [Tomov et al.| (2023). In particular, we retain their obser-
vation preprocessing, network structure, replay-based training, and exploration strategy, ensuring
that our baseline matches the original work as closely as possible in all aspects unrelated to training
schedule and model selection.

We modify the training protocol of Tomov et al.|(2023)) in two key ways. First, instead of training for
a fixed number of epochs while cycling through levels in a shuffled order, we train DDQN separately
on each level of each game for a fixed budget of 100,000 gradient updates. This allows us to better
approximate the dynamic evolution of representations in human participants, capturing the before
and after states of learning new rules on a given level. Second, we explicitly acknowledge the strong
sensitivity of deep RL methods to environment-specific hyperparameters. Rather than using a single
configuration across all games, we treat each game as an independent tuning problem. For every
game, we sample 512 hyperparameter configurations and select the one that maximizes expected
performance averaged across that game’s levels.
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For encoding analyses (see section “Neuroimaging”), we evaluated all internal representations of
DDQN: the first two convolutional layers (convl and conv2) and the fully connected layer preceed-
ing the penultimate g-values (fcl).

Model-Based Deep RL. We additionally evaluate EfficientZeroV2 (EZV2, Wang et al.[[2024] a
model-based deep RL agent that learns a latent dynamics model to support planning via Monte Carlo
tree search. Unlike DDQN, EfficientZero learns an internal transition model of the environment,
making it a model-based deep RL counterpart positioned between the purely model-free DDQN and
the explicitly symbolic EMPA.

Theory-Based The Explore-Model-Plan Agent (EMPA) Tsividis et al.| (2021) model is a non-
parametric, model-based baseline that explicitly represents hypothesized causal rules governing ob-
ject interactions. The agent maintains a structured theory composed of three components: object
types and their properties, interaction rules governing what happens when objects collide, and ter-
mination conditions specifying win/loss goals. These components are inferred online from observed
state transitions via approximate Bayesian inference and are stored in a symbolic memory shared
across levels within a game. Planning proceeds by simulating candidate action sequences using the
current rule set and selecting actions that maximize expected progress toward terminal reward under
these inferred dynamics.

Large Reasoning Model. Large Reasoning Models (LRM) that act via explicit reasoning traces,
offer a qualitatively different learning paradigm that is well aligned with the goals of this study.
Rather than acquiring task-specific competence through gradient-based training and weight updates
(like the RL methods), or explicit access to the rules of the game (like EMPA), these models rely on
in-context learning, the ability to infer latent structure, rules, and strategies directly from ongoing
interaction and recent experience Brown et al.| (2020); |Olsson et al.[(2022).

This shifts the evaluation setting from one in which models are extensively optimized to overfit
a single environment, toward a more human-like regime in which the agent is constrained to the
same interaction budget as human participants and must learn purely through transient representa-
tions and working memory. As a result, game-specific knowledge in reasoning models is localized in
the representational state constructed online (e.g., hypotheses, commitments, and action-conditioned
summaries), rather than being diffused across model parameters as in reinforcement learning agents.
This makes reasoning models a particularly compelling comparison point for studying representa-
tional alignment: if human abstract knowledge is likewise formed and updated online during play,
then models that learn exclusively through in-context reasoning may better capture both the dynam-
ics and localization of human neural representations during rapid learning.

3 IN-CONTEXT LEARNING PROTOCOL

We evaluate an 685B parameter, open-weight, frontier reasoning model, |DeepSeek-All (2025) as an
online hypothesis-testing and planning agent. The agent interacts with the environment step-by-step
and receives only the current symbolic state description plus a short summary of recent experience;
it performs no gradient-based training, parameter updates, or offline dataset fitting. This design
isolates the contribution of structured reasoning and tool-like memory from representation learning.

State abstraction and anonymization. At each timestep, the environment returns a structured
VGDL state. We transform this state into a text-based, symbolic observation for the LLM using a
deterministic formatter. Critically, we hide privileged semantics by anonymizing sprite identities:
internal engine identifiers (e.g., goal. 1, key. 1) are mapped to abstract IDs obj_1,0bj_2,...via
a one-to-one mapping. The only object attributes revealed to the LLM are those required for inter-
action: object color, abstract ID, and game-relevant state features (e.g., grid position; plus avatar
inventory). In the design of the available information we give exactly the same information that is
available for the human participants at any given state of the game.

Single-turn prompting with compact memory. Decisions are produced using a single-turn chat
call at every timestep. The prompt is constructed from: (i) the current formatted state, (ii) the current
level number and attempt counter, (iii) a truncated action history of the last k steps, and (iv) two short
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persistent fields carried across steps: note_to_self (working hypotheses / discovered rules) and
commitment (an explicit near-term plan). The LLM is instructed to return a strictly structured
object containing, note_to_self, commitment, and act ion. Importantly, we do not provide
the full conversational transcript; the agent’s only “memory” is the bounded action-history summary
plus the two carried fields, which makes context length predictable and comparable across models.

Environment loop For each level, the agent repeatedly: (1) builds the prompt from the current
formatted state and recent history, (2) samples a structured response, (3) executes the parsed action
in the unwrapped environment, and (4) logs the resulting transition. Levels terminate on win, death,
or a fixed step cap (following the same step budget as used in [Tomov et al.| (2023)). On death, the
level is automatically restarted; on win, the agent advances to the next level in the curriculum.

Replay Protocol for Encoding Analysis For the neuroimaging analyses, we use a separate har-
ness designed to replay human trajectories rather than generate agent gameplay. At each timestep,
the model receives the same static prompt, the current game state the human participant observed,
the history of previous observations, and the action the human actually took. The context is reset at
every timestep — the model receives no carry-over memory from previous calls, unlike the genera-
tive harness’s persistent scratchpad. The model outputs inferred rules and a hypothesized action, but
these outputs are discarded for the encoding analysis. Instead, we extract internal representations
at the last input token, prior to any model output. Because the input includes the full history of
observations alongside the current state, this embedding is a measure of the model’s world model,
an accumulated (over trial history) understanding of the game’s dynamics and structure — rather
than the model’s downstream reasoning and planning. Because every model receives identical text
input for a given human trajectory, differences in brain predictivity across models reflect differences
in representational structure.

Discovery: steps to first win
1.24 EMD=49

—— Human
—— DeepSeek-R1
— EMPA
—— EfficientZero
—— DDQN

EMD=785

EMD=11402

3 10 30 100 300 1000 3000 10k 50k
Steps (log scale)

Figure 2: Discovery behavior: steps to first win across model classes. Kernel density estimates of
steps to first win (discovery phase) for humans and four Al systems across 5 common games, plotted
on a log scale. Earth Mover’s Distance (EMD) to the human distribution is shown for each model
(lower = more human-like). DeepSeek-R1 most closely matches the human discovery distribution
(EMD = 49), followed by EMPA (EMD = 65). EfficientZero (EMD = 785) and DDQN (EMD =
11402) require substantially more experience before achieving initial success, consistent with quali-
tatively different learning regimes. The tight overlap between human and DeepSeek-R1 distributions
suggests that in-context learning, under human-like constraints of no task-specific training and no
access to game rules, captures the rapid hypothesis-testing characteristic of human game discovery.

4 RESULTS

4.1 BEHAVIOR

For each agent class, we compute the distribution of steps to first win on each level, capturing the full
exploration cost of discovering a winning strategy. We compare these distributions across humans,
EMPA, EfficientZero, DDQN, and the reasoning model to assess whether Al agents require similar
amounts of experience as humans to infer game structure and achieve initial success (Figure[2).
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Under the most human-like evaluation constraints with no access to game rules, no task-specific
training, and no extensive rehearsal, the reasoning model makes the most appropriate comparator
to human participants. DeepSeek-R1 and humans exhibit closely overlapping distributions over
steps-to-first-win (EMD = 49), consistent with rapid task inference and early identification of goal-
relevant structure rather than prolonged trial-and-error learning. EMPA also achieves relatively
fast discovery (EMD = 65), though this is harder to interpret as human-like because EMPA ben-
efits from privileged access to the space of possible game rules. EfficientZero (EMD = 785) and
DDQN (EMD = 11402) require substantially more experience before achieving initial success, with
heavy-tailed distributions spanning orders of magnitude more steps, suggesting qualitatively differ-
ent learning regimes. The clear separation between model classes, with the reasoning model and
EMPA in the human range and the deep RL agents far outside it, suggests that rapid game discov-
ery depends on generic prior knowledge that encapsulates how gaming environments work, whether
encoded in a symbolic hypothesis space (EMPA) or acquired through large-scale language pretrain-
ing (DeepSeek-R1), rather than on task-specific prior knowledge acquired through gradient-based
optimization within the task.

4.2 NEUROIMAGING
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Figure 3: Encoding model performance by brain region. (Left) Non-LLM models: DDQN, HRR
(EMPA theory embeddings), and EfficientZero split by network component (Representation, Value,
Policy). HRR outperforms DDQN across most regions, particularly motor and frontal cortex. EZ
Representation layers achieve the highest non-LLM performance in visual cortex, while EZ Value
and Policy heads show reduced or negligible encoding. (Right) Same models with DeepSeek V3.2
added. The LLM outperforms all non-LLM models by an order of magnitude across every region
group. Best layer selected per region group per model. Error bars indicate £1 CM-corrected SEM
across N=21 subjects (Cousineau et al., 2005).

To assess whether Al model representations align with human brain activity during game learning,
we fit encoding models that predict blood-oxygen-level-dependent (BOLD) responses from model
features extracted during gameplay.

Encoding Model. Prior to encoding analysis, we parcellated the cortical surface into 1000 regions
using the Schaefer atlas (Schaefer et al., 2018]), averaging BOLD signal across voxels within each
parcel to improve signal-to-noise ratio. We used banded ridge regression to predict parcel-wise
BOLD responses from model features (Nunez-Elizalde et al., 2019). This approach assigns sepa-
rate regularization penalties to different feature groups, allowing the model to appropriately weight
heterogeneous predictors. We defined four feature bands: (1) main model features, (2) button press
indicators, (3) game and level identity, and (4) temporal variables (time within play, time within
experiment). Bands 2—4 serve as nuisance regressors, isolating the unique contribution of model
representations. Note that although the original work of [Tomov et al. (2023) only controlled for
game identity, we take a more strict approach here by also accounting for motor confounds (button
presses), autocorrelation (time features), and different level effects (level identity).

To account for the hemodynamic response delay, we created lagged versions of all features at 2,
3, 4, and 5 TRs into the past, concatenating these to form the final design matrix. Features were
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Figure 4: Reasoning distillation dominates scale in driving brain alignment. Percent change in
encoding performance between matched LLM pairs, averaged within region groups. Purple bars:
scale effects (larger vs. smaller R1-distilled Qwen 2.5 models). Green/blue bars: reasoning dis-
tillation effects (R1-distilled vs. base pre-distillation model trained on Math). Distillation yields
50-120% improvement across all regions, compared to 4—16% for scale. Striatum shows the largest
distillation effect. All models share the Qwen 2.5 base architecture. Each model evaluated at its best
layer per ROI. Errorbars indicate SEM across subjects.

z-scored within each cross-validation fold using training set statistics. We applied PCA within each
fold to reduce dimensionality. All models were reduced to 230 features, which retained more than
90% variance for every single model we used.

Cross-validation Protocol Following Tomov et al.[(2023), we used leave-one-partition-out cross-
validation, where partitions correspond to experiment stages: levels 0-2, 3-5, and 6-8. Because
later levels introduce more complex rulesets and novel interaction opportunities, this scheme tests
generalization across varying degrees of game complexity while ensuring temporal separation be-
tween train and test sets. Regularization hyperparameters were selected via nested cross-validation
within the training set.

Results We quantified encoding performance as the Pearson correlation between predicted and
observed BOLD responses in held-out partitions, averaged across folds. We report results for
anatomically-defined regions of interest (ROIs) used in[Tomov et al| (2023)), spanning frontal/motor,
dorsal/parietal, ventral/temporal, and early visual cortex (Figure[3).

We first replicated the qualitative pattern from [Tomov et al.[(2023): HRR embeddings of EMPA’s
theory representations outperform DDQN convolutional features, particularly in motor and frontal
cortex. We then evaluated EfficientZero, a model-based RL agent, separating its representation net-
work (which encodes spatial game state), value head, and policy head. The representation network
achieved the strongest non-LLM performance in visual cortex Adding an LLM, DeepSeek V3.2,
produced an order-of-magnitude improvement across all regions of interest, establishing that LLM
representations capture substantially more variance in neural activity during gameplay than either
EMPA theory representations encoded with HRR or model-free (DDQN) agents, or model-based
RL with learned world models (EfficientZero).
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4.3 POST-TRAINING DOMINATES SCALE IN DRIVING BRAIN ALIGNMENT

Having established that LLM representations substantially outperform non-LLM models, we next
asked what properties of LLMs drive their neural alignment. We isolated two factors: model scale
(number of parameters) and reasoning distillation. All models share the same Qwen 2.5 base ar-
chitecture, but differ in fine-tuning: the R1 variants were distilled from DeepSeek R1’s reasoning
traces, while the Math variants received supervised fine-tuning for mathematics without reason-
ing distillation. We computed the percent change in encoding performance relative to the weaker
model for each matched comparison (Figure d)). Reasoning distillation effects dwarfed scale effects
across every region. Replacing Math with R1-distilled variants at matched size improved encoding
by 51-123%, whereas increasing model size within the R1-distilled family (1.5B to 14B, or 7B to
32B) produced only 4-16% gains. This asymmetry was consistent across all five region groups,
with the largest distillation advantage in striatum (112% at 1.5B, 123% at 7B). These results suggest
that the reasoning capabilities acquired through distillation, not the capacity afforded by additional
parameters, is a much more efficient driver of brain-aligned representations during gameplay.

5 DISCUSSION

We evaluated four classes of Al systems — model-free deep RL (DDQN), model-based deep RL
(EfficientZero), a Bayes-optimal theory-based agent (EMPA), and a frontier Large Reasoning Model
(DeepSeek V3.2) — on their ability to capture human behavior and brain activity during rapid
game learning. Behavioral and neural evaluations provide complementary and dissociable insights
into these models, demonstrating that brain activity reveals computational properties that behavioral
benchmarks alone would miss.

Behaviorally, the LRM most closely matches human discovery play under the most human-like con-
straints: no access to game rules, no task-specific training, and learning purely within trial. EMPA
also falls within the human range, though its privileged access to the VGDL rule space complicates
direct comparison. Both deep RL agents require orders of magnitude more experience, consistent
with qualitatively different learning regimes. The separation between model classes suggests that
rapid game discovery may depend on generic prior knowledge about how gaming environments
work, whether encoded in a symbolic hypothesis space or acquired through large-scale pretraining,
rather than task-specific prior knowledge learned through gradient-based optimization within the
task.

The neuroimaging results reveals information internal to the model that drives behavior Mineault
et al.| (2026). The LRM’s internal world model representations predict brain activity across all re-
gions of interest an order of magnitude better than DDQN, EfficientZero, and EMPA theory embed-
dings. This cannot be attributed to differences in information content: the replay harness provides
every model with identical text input describing the same human trajectory, so differences in brain
predictivity reflect how models internally organize that information, not what information they re-
ceive. That reasoning-distilled models produce far greater gains in brain alignment than comparable
increases in scale (50-120% vs 4—16%) further demonstrates the value of neural benchmarks. The
heightened sensitivity of subcortical regions, particularly striatum, to reasoning distillation suggests
that what reasoning training instills is specifically relevant to the neural circuits supporting sequen-
tial action selection and structured decision-making.

An important caveat applies to the comparison with EMPA. In this study, following [Tomov et al.
(2023), we compare the modeling component of EMPA: its inferred theory of game dynamics em-
bedded via holographic reduced representations (HRR). EMPA’s full architecture encompasses ex-
ploration and planning components not tested here. Moreover, EMPA’s inferior neural performance
may reflect limitations of the HRR embedding scheme rather than its computational content. The
symbolic theory EMPA infers could be correct while the format in which it is represented for brain
comparison is suboptimal. Embedding EMPA’s theories using LRM representations would isolate
the contribution of representational format from computational content and is a critical direction for
future work.

Several additional limitations should be noted. First, our replay harness captures a measure of the
representations of the current world model: an accumulated understanding of game dynamics given
the observation history. However, it does not isolate representations associated with exploration,
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planning, or action selection. Future work using scaffolds with explicit functional decompositions
could map out these different computations. Additionally, we lack a noise ceiling estimate for
the fMRI data, making it difficult to determine what fraction of explainable variance each model
captures. However, this is a significant methodological challenge given that, unlike perception-
only paradigms (e.g. movie watching or image processing), a single play of a game is a unique
experience to a participant that cannot be repeated, neither in the same nor different participant.
Future work should also complement encoding models with representational similarity analyses
to assess whether these results hold across methodological approaches, and should include visual
model baselines (e.g., SOTA convolutional networks processing game frames) to further isolate the
contribution of language-based representations from visual features.

More broadly, our results highlight the value of using brain activity as a benchmark for under-
standing what computational properties drive human-like learning in Al systems. The most striking
example is the dissociation between scale and reasoning distillation. Increasing model parameters
produces modest gains in neural alignment (4—-16%), while reasoning distillation at matched scale
produces 50-120% improvement, with the largest effects in striatum. That the brain distinguishes
between these manipulations, and does so most strongly in subcortical circuits involved in struc-
tured sequential behavior, suggests that reasoning training instills representational structure specifi-
cally relevant to the neural computations supporting rapid learning and action selection. As games
become increasingly central to evaluating general intelligence in Al, through benchmarks like ARC-
AGI-3 and AI GameStore (Ying et al.| 2026), neural benchmarks offer a complementary evaluation
axis that can reveal what models learn internally, beyond what their outputs alone can show.
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A USE OF LLMS IN THIS PAPER

Large Language Models were used as writing assistants for this paper and coding assistants for the
experiments in this paper. In both cases, the final product were heavily edited by the authors.
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Figure 5: Encoding performance across all model layers and ROIs. Each bar represents a single
model layer. Left panels: non-LLM models — DDQN (convl, conv2, fc), HRR (EMPA theory
embeddings), and EfficientZero (11 layers: 4 representation network, 3 value head, 3 policy head, 1
shared trunk). Right panels: same models with DeepSeek V3.2 (sampled every 8 layers; note y-axis
rescaling). Top row: frontal/motor and dorsal/parietal ROIs. Bottom row: ventral/temporal, early
visual, and subcortical ROIs. Error bars indicate +1 CM-corrected SEM across subjects (N = 21).

Dashed lines separate ROI groups.
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