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This is a valuable paper that compares various deep learning models, trained with
different objective functions, on their ability to predict fMRI data collected during
naturalistic video gameplay. The data and analysis provide solid within-distribution
evidence that models trained with PPO and imitation learning outperform untrained
models and standard convolutional networks. However, the evidence for brittleness in
out-of-distribution encoding remains incomplete, as the claim that this stems from the
networks' training rather than from alternative causes-like overfitting of ridge regression
parameters-is not yet fully supported.
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Abstract
Recent brain-encoding studies using videogame tasks suggest that the training objective of an
artificial neural network plays a central role in how well the network’s representations align with
brain activity. This study investigates the alignment of artificial neural network activations with
brain activity elicited by a video game task using models trained from scratch in controlled
settings. We specifically compared three model training objectives: reinforcement learning,
imitation learning, and a vision task, while accounting for other potential factors which may
impact performance such as training data and model architecture. We tested models on brain
encoding, i.e. their ability to predict functional magnetic resonance imaging (fMRI) signals
acquired while human subjects played different levels of the video game Super Mario Bros. When
tested on new playthroughs from the game levels seen at training, the reinforcement learning
objective had a small but significant advantage in brain encoding, followed by the imitation
learning and vision models. We hypothesized that brain-aligned representations would emerge
only in task-competent models, and that the specific brain regions well encoded by a model would
depend on the nature of the task it was trained on. While brain encoding did improve during
model training, even an untrained model with matching architecture approached the
performance of the best models. Contrary to our hypotheses, no model layers or specific training
objectives aligned preferentially with specific brain areas. Large performance gaps also persisted
in fully trained models across game levels, both those seen during training and entirely novel
ones. Overall, even though reinforcement learning presented a small advantage to train brain
encoding models for videogame data, all tested brain encoding models exhibited brittle
performance with limited generalization both within- and out-of-distribution. Overall, our results
suggest that training small artificial models from scratch is not sufficiently reliable, and that
incorporating pretrained models such as foundation vision–action models may ultimately be
necessary to support robust inferences about brain representations.
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Introduction
Brain encoding has become a widely used technique for modeling brain dynamics during
naturalistic tasks (Yamins et al. 2014     ; Seeliger et al. 2021     ). By leveraging computational
models trained on rich sensory datasets, this approach provides new opportunities to study
complex stimuli and their intricate relationships with neural activity. For instance, activations
from models trained to identify objects from pixel-level image data can successfully predict neural
responses in subjects exposed to the same images (Schrimpf et al. 2018     ). Brain encoding studies
have demonstrated functional similarities between artificial neural networks (ANNs) and the
human brain across multiple domains, including vision (Yamins and DiCarlo 2016     ; Cichy et al.
2016     ; Güçlü and Gerven 2015     ), auditory processing (Kell et al. 2018     ; Freteault et al. 2023     ),
and language comprehension (Caucheteux and King 2022     ; Schrimpf et al. 2020     ). However,
most models used for brain encoding rely on passive perceptive tasks, such as participants
viewing images (Allen et al. 2022     ) or reading a text (Toneva and Wehbe 2019     ).

Expanding brain encoding to active tasks involving interaction with virtual or embodied
environments marks a crucial step toward modelling complex cognition (Paolo et al. 2024     ;
Zador et al. 2023     ). Video games, in particular, offer a rich framework for studying these
dynamics, as they simultaneously engage visual perception, decision-making, and motor output in
a highly interactive context (Burelli and Dixen 2024     ; Bellec and Boyle 2019     ) and can be used
inside a magnetic resonance imaging (MRI) scanner (Harel et al. 2023     ). The choice of training
tasks for ANNs has a significant impact on the representations the models learn. Many different
types of training tasks can be applied to the stream of video game data, but it remains unclear
which approach yields models that best align with brain activity, either as a whole or for specific
brain networks.

Purely perceptive visual ANNs that do not predict videogame actions are expected to exhibit fewer
similarities with brain regions beyond the visual cortex, compared to action models trained to
optimize gameplay from the game frames. This hypothesis is supported by findings from Cross and
colleagues (Cross et al. 2021     ), who compared a basic vision model trained for auto-encoding
with a model trained through reinforcement learning (RL) in Atari games (Space Invaders,
Enduro, Pong). In contrast, we observed in a previous study that a vision model pretrained on
Imagenet for classification outperformed an RL-trained model optimized for gameplay in brain
encoding across all brain regions in the game Super Mario Bros (Paugam et al. 2024     ). Finally,
(Kemtur et al. 2023     ) used imitation learning to train models to replicate human players’ actions
in the game Shinobi III. They found that models trained on an individual subject’s gameplay data
achieved better brain encoding accuracy for that subject compared to models trained on another
subject’s gameplay, or pure vision layers of their model which do not account for dynamics of the
game. Additionally, they reported a hierarchical functional correspondence between model layers
and brain regions, a result in line with previous work with static images stimuli, focused on the
ventral visual system (Eickenberg et al. 2017     ; Yamins and DiCarlo 2016     ).

The apparent inconsistencies between these studies are difficult to interpret, as each study focused
on different types of models and relied on different games, making direct comparisons
challenging. The comparison of models based on brain encoding may also reflect other factors
than the tasks used to train ANNs. For instance, in (Paugam et al. 2024     ) we compared models
that varied not only in training objectives but also in the nature and size of their training data. For
vision models, the diversity and size of the training data can have a large impact both on image
annotation performance and brain encoding accuracy (Conwell et al. 2023     ), and a similar result
was found specifically for video transformer models trained for videogame data (Ahmadi et al.
2024     ). The difference observed between the vision model and the RL model in (Paugam et al.
2024     ) may thus reflect that the vision model was trained on a very large and diverse dataset of
natural images (ImageNet) while the RL model was trained on a comparatively smaller number of
videogame frames all drawn from Super Mario Bros. Another potential confounding factor is
evident in both (Cross et al. 2021     ) and (Kemtur et al. 2023     ), as both studies did not compare
equivalent layers for encoding between vision and action models. In vision, the choice of layer in
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artificial neural networks impacts which brain regions it encodes optimally, regardless of model
architecture (Conwell et al. 2023     ). So the reported differences between vision and action models
may reflect the choice of layers used in the model comparison rather than the task used to train
the networks.

In summary, even though previous studies have explored various training objectives for ANNs in
videogame-based brain encoding, their experiments entangled multiple factors, such as model
architectures or training datasets, limiting the conclusions that can be drawn on the specific
impact of the training objective. With the current work, our main objective was to explore how the
choice of training objective impacts an ANN’s ability to perform brain encoding of functional
magnetic resonance imaging (fMRI) data, while carefully controlling for the model architecture
and the data distributions used to train each model.

To do so, we compared models with matching convolutional neural network (CNN) architectures
trained from scratch with the same input data distribution: frames from the super mario bros
game, and only changed the training objectives between models. The different training tasks we
used are as follows:

Proximal Policy Optimisation (PPO): training the model to play the game by maximizing a
reward with RL through the PPO algorithm (Schulman et al. 2017     ),
Imitation learning: the model predicts human actions from visual features using gameplay
specific to a given individual,
Resnet proxy: learning to predict latent features from visual features, where latent features
were extracted from one layer of a pretrained image classification model called ResNet152v2
(He et al. 2015     ), which is known to have good performance for brain encoding (Paugam et
al. 2024     ). This training task created a proxy of that pretrained model purely trained on our
videogame dataset.

We also included two baselines: an Untrained model with similar architecture, and a
pretrained vision model (ResNet152v2) trained on Imagenet (Deng et al. 2009     ).

Our first aim was to identify which training objectives resulted in better brain activity
predictions across different regions. Our hypothesis was that action models (RL and imitation)
would outperform pure vision and baseline models, in particular in sensorimotor and attentional
brain networks.

Our second aim was to test for the existence of parallel hierarchies of representations
between models and the brain. Our hypothesis was that early layers would map to visual brain
regions, while late layers would encode better associative and sensorimotor cortices.

Our third aim was to examine whether the performance of ANNs trained to generate actions
was associated with their ability to model the brain. In vision, performance on image
annotation tasks correlates strongly with brain alignment, up to a certain level of accuracy
(Yamins et al. 2014     ; Schrimpf et al. 2018     ). We thus hypothesized that both the ability to play the
game and the quality of behavioural imitation would be predictive of the quality of brain encoding.
This relationship should hold whether comparing the same model at different stages of training
(and thus with different task performance), as well as when comparing a trained model across
different levels (with, again, different task performance).

Our fourth and last objective was to evaluate how brain encoding models generalized on out-
of-distribution data. Classical models trained through RL are notoriously brittle, and fail to
generalize their behaviour to new game levels (Jiang et al. 2022     ; Nichol et al. 2018     ). We
hypothesized that the performance of brain encoding with the RL model would be severely decreased
when evaluated on new game levels unseen during training, while other networks which capture
more abstract and robust features, notably the ResNet152v2 model, would be more robust to such
out-of-distribution evaluation.
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Methods
Dataset
Participants
This study utilizes the Mario dataset, publicly available through the Courtois NeuroMod
(CNeuroMod) project. As not all participants in the broader project completed every task, we
focused on those who completed the Mario protocol. This dataset explores behavioral and neural
correlates of video game play and includes five participants (sub-01, sub-02, sub-03, sub-05, and
sub-06; two females, three males) who played Super Mario Bros. (SMB; Nintendo, 1985) inside an
MRI scanner.

While not a central focus of this study, prior videogame experience may have influenced the
results. Two participants (sub-01 and sub-02) reported regular videogame play and one participant
(sub-06) reported no regular videogame practice but played another retro platformer called
Shinobi III: Return of the Ninja Master (RotNM; Sega, 1993) that she practiced for 10+hours as part
of a prior CNeuroMod experiment (shinobi dataset) (Boyle et al. 2020     ).

MRI acquisitions and processing
About 15 hours of fMRI data were acquired per participant on a 3T Siemens Prisma Fit scanner
(temporal resolution: TR = 1.49 s; spatial resolution: 2 mm isotropic) and preprocessed with
fMRIprep (Esteban et al., 2019; version v20.2 LTS). After spatial smoothing (FWHM = 5 mm),
functional MRI time series were denoised using Nilearn with the following strategy:

...

load_confounds(nifti_path, strategy=[“motion”, “high_pass”, “wm_csf”, “global_signal”],
motion=“basic”, wm_csf=“basic”, global_signal=“basic”, demean=True)

...

Functional MRI data were then projected onto the MIST atlas using the NiftiLabelsMasker in
Nilearn. We selected the MIST atlas variant with the highest resolution (1097 parcels), covering the
grey matter, including the cerebellum, basal ganglia, and thalamus (Urchs et al., 2019).

Videogame task
The participants were recorded while they played 22 levels of SMB, a side-scrolling platformer
developed by Nintendo. The general objective of the game is to progress rightward through each
level while avoiding obstacles and enemies. In the initial discovery phase, participants played each
level in the original game sequence, with unlimited attempts until they completed it once. Once all
22 levels were unlocked, participants entered a practice phase, in which levels were presented in a
random order. For each level, participants had a single attempt with up to three lives to complete
it before a new level was randomly selected.

Videogame set-up
All participants used a custom MRI-compatible video game controller, designed by the CNeuroMod
team using 3D-printed plastic and fiber optics. The controller connected via USB to the stimulation
computer (Harel et al. 2023     ). The video game was played on a console emulator using OpenAI’s
gym-retro library (Nichol et al. 2018     ), a Python-based platform supporting emulators for over 10
retro consoles and thousands of games. Built on gym (Brockman et al. 2016     ), a reinforcement
learning library, gym-retro integrates console emulators via the Libretro API
(https://www.libretro.com/     ). This setup enables both artificial and human agents to play retro
games from saved states while providing Python API access to the game’s RAM. SMB was played
and recorded at 60 Hz. Since the game is fully deterministic, only player inputs (button presses)
were recorded, allowing for precise reconstruction of gameplay video streams.
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Train/validation/test splits
fMRI data, button presses, and frame data from 20 of the 22 levels were divided into training,
validation, and test sets. The training, validation, and test sets consisted of 80%, 10%, and 10% of
the game runs, respectively, maintaining similar proportions of runs from each of the 20 levels
and a balanced distribution of completed/failed runs. The remaining two held-out levels were used
as an out-of-distribution set to assess model generalizability.

Model Inputs
For all models except ResNet, the input is a sequence of 16 consecutive frames (60 Hz),
preprocessed using the mapping function introduced by (Mnih et al. 2015     ), a widely used
method for video game reinforcement learning tasks. This preprocessing converts images to
grayscale, downsamples spatial resolution to 84 × 84 pixels, and applies temporal downsampling
to four frames while also computing the maximum pixel value between two consecutive frames to
avoid flickering. The resulting preprocessed input is a (4 × 84 × 84) tensor.

The ResNet model takes raw frames as input, with temporal downsampling to 3.75 Hz to match the
sampling frequency of the non-overlapping 16-frame window used in the base architecture.

Models
All models in this study share the same base architecture, except for the pretrained ResNet
baseline model. The base architecture consists of four convolutional layers followed by a fully
connected layer (see Figure 1     ). The total parameter count of this shared base is 619,264. Each
model includes an additional fully connected output layer, whose dimensionality depends on the
number of outputs required by its training objective.

PPO model
The PPO model follows a reinforcement learning procedure using the PPO algorithm (Schulman et
al. 2017     ). The model’s objective is to maximize rewards while interacting with the game. The
reward function incentivizes the agent to complete levels by rewarding rightward movement and
score increases while penalizing time spent and losing a life. The output layer maps to a one-hot
vector representing 12 possible actions. Training occurs across all 20 selected levels, with each
rollout starting from a random position, ensuring exposure to all parts of the training levels. The
total parameter count of the PPO model is 625,933.

Imitation models
Five Imitation models were trained, one per participant, using a supervised learning approach
based on each player’s button presses. These models perform a behavioral cloning task, predicting
which action the player took. The output layer maps to a binary vector representing which of six
buttons were pressed. Each model is trained on video frames and button press data from its
corresponding subject’s gameplay. Given a 16-frame sequence input, the model predicts the button
presses in the next frame. The total parameter count of the Imitation models is 625,420.

ResNet model
The pretrained ResNet152v2 model (He et al. 2015     ) is a convolutional neural network (CNN)
with residual connections, trained on the ImageNet1K dataset (1.28 million images, 1,000
categories). This model is purely vision-based, trained to recognize object categories in natural
images rather than video game frames. Unlike the other models, only a single layer of ResNet (the
145th) was used for brain encoding, as it was chosen to generate targets for the ResNet proxy
model. This deeper layer was selected because it contains high-level semantic representations
rather than low-level visual features. It is the only model in the comparison that is not sharing the
same architecture and training data distribution as the other models. The total parameter count of
the ResNet is 60,192,808.
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Fig 1. Overview of the study methods.

fMRI data from subjects playing Super Mario Bros (a) is processed and reduced to time series with a brain parcellation (b).
Artificial models are trained with different objectives and tested for their ability to predict brain activity, using different
objectives during training (c): reinforcement learning, behavioural cloning and visual supervised learning (ResNet variants).
Brain encoding performance (d) is evaluated both within-distribution (on the game levels used for training) and out-of-
distribution (on game levels not seen during training), highlighting each model’s ability to generalize beyond their training
data (e).
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ResNet proxy model
The ResNet proxy model was designed to replicate the representational space of the ResNet model
while being trained on the same data distribution as the other models. It was trained in a
supervised manner: for each 16-frame gameplay sequence, the final frame was passed through
ResNet, and activations from its 145th layer were recorded. An incremental PCA was fitted on 20%
of the training dataset to retain the top 1,000 principal components of these activations. The
ResNet proxy model was then trained to predict these principal components. Using a proxy model
instead of ResNet152v2 mitigates biases arising from differences in training datasets and
architecture, ensuring a fairer comparison of brain encoding performance. The total parameter
count of the ResNet proxy model is 1,132,264.

Untrained model
The Untrained model is a model with randomly initialized weights. It is not intended as an estimate
of chance level, as it still processes game images. While applying random transformations to pixel
values, it retains information from the images, producing arbitrary but structured
representations. This model serves as a baseline to assess whether trained models produce
representations more aligned with brain activity than random transformations of the same input.

Brain encoding
For each model, subject, and layer, brain encoding was performed by extracting the activations
from the layer of interest, convolving these activations with a model of the hemodynamic
response function (HRF), and fitting a ridge regression to predict brain activity. The regression
targets were the preprocessed BOLD time series, projected into parcels defined by the MIST atlas.
Ridge regression was trained on each subject’s training set using a grid of alpha values (10k with k
ranging from -1 to 6). The optimal alpha was selected based on the lowest mean squared error
(MSE) on the subject’s validation set. The brain encoding performance, reported in terms of the
coefficient of determination (R²), was evaluated on either the test set or the out-of-distribution
(held-out levels) set.

The HRF model used was the SPM canonical HRF as implemented in the nilearn Python library.
Brain encoding was performed on all layers of each model, except the first and final layers. The
first layer, due to its high dimensionality, was computationally expensive and yielded relatively
poor encoding accuracy in preliminary analyses. The final layer was excluded because its
dimensionality and function varied across models depending on their respective training
objectives.

Task performance metrics
Brain encoding
To assess how well each model predicts brain activity, we used the coefficient of determination
(R²) between the original and predicted BOLD time series in each parcel of the MIST atlas. R²
reflects the proportion of variance in the original signal explained by the predicted signal. A
perfect prediction yields an R² score of 1, while a score of 0 indicates that the model does no better
than predicting the mean signal. Negative R² values can occur when the prediction is worse than
the mean, indicating uncorrelated or misleading variance in the prediction.

Game performance
To evaluate gameplay ability, each model was used to play each level 20 times for a maximum of
5000 frames (approximately 1 minute and 23 seconds). If the agent reached a game over before the
time limit, it restarted with a new set of three lives. Since all levels are linear with the goal of
progressing to the right, the maximum distance reached from the beginning of the level serves as
a reliable proxy for task success. Game performance is reported as the average of the maximum
distances reached across the 20 runs per level, averaged again across all levels.
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Behavioral imitation
To measure how closely the models’ actions align with human behavior, we use a behavioral
imitation score. This is computed by feeding the models sequences of frames from a subject’s
gameplay recording, and comparing the predicted button presses to the actual button presses from
the human player. The score is calculated as the average F1 score per button, averaged over
buttons. The “up” and “down” buttons are excluded from this metric, as they are rarely used and
not required to complete most levels.

Regions of interest
To characterize the spatial distribution of brain encoding R² scores, we report not only parcel-wise
maps but also scores averaged over functionally relevant regions of interest (ROIs).

Seven ROIs were derived from the Yeo7 network atlas (Thomas Yeo et al. 2011     ), corresponding
to the following large-scale functional networks: visual, dorsal attention, sensorimotor, ventral
attention, default mode, fronto-parietal, and limbic (see Supplementary Material Figure I).

The remaining five ROIs were defined using two vision localizer tasks completed in the scanner by
three of the five participants (sub-01, sub-02, and sub-03). For sub-05 and sub-06, the regions
derived from the data of sub-01 were used. The V1, V2, and V3 ROIs were identified using a
retinotopy task adapted from Kay et al. (2013)      and implemented in PsychoPy. Voxel-wise
population receptive fields were estimated using the analyzePRF MATLAB toolbox (Kay et al.
2013     ), and subject-specific ROIs were refined using group atlas priors with Neuropythy
(https://github.com/noahbenson/neuropythy     ) (Benson and Winawer 2018     ).

The fusiform face area (FFA) and parahippocampal place area (PPA) were identified using a
PsychoPy implementation (https://github.com/NBCLab/pyfLoc     ) of the fLoc task developed by the
Stanford VPN Lab (Stigliani et al. 2015     ), with stimuli sourced from the fLoc functional localizer
package (https://github.com/VPNL/fLoc     ). ROI boundaries were defined from subject-specific
contrasts, identifying voxels with preferential responses to specific stimulus categories. These
contrasts were constrained within group-derived parcels of category-selective regions based on
(Julian et al. 2012     ). The V1, V2, V3, FFA, and PPA ROIs for sub-01 are shown in Figure 3     .

For each ROI, parcel-wise R² maps were projected back to MNI voxel space, and the ROI masks
were applied to compute average R² values per region.

Results
Aim 1: ranking models through brain encoding performance
Our first aim was to rank models in terms of brain encoding performance, after completing
training on within-distribution data. A separate brain encoding model was trained for each layer,
across four layers (conv2, conv3, conv4, linear), using 1095 brain parcels as targets.

The PPO model achieved the highest overall brain encoding R², on average across subjects and
model layer, see Figure 2a     . The second-best model was the Imitation model, followed by the
ResNet proxy model, and then the Untrained model. This ranking was statistically significant
across nearly all layers and subjects (p<0.05, paired WIlcoxon two-sided test, Bonferroni-corrected;
see Table 1     ). Yet, the differences in brain encoding accuracy across different learning objectives
only had a limited magnitude, less than 1 percent of R².

Interestingly, the brain encoding performance of the ResNet model was not significantly different
from that of the Untrained model. The R² scores of the Untrained model were well above chance: a
model trained on permuted input data has an R² very close to 0 (<0.001, results not shown). This
indicated that even random projections of pixel-level data may be sufficient to encode brain
activity in this video game task.

Overall, brain encoding allowed for a statistically significant ranking of model training objectives,
though performance differences among the top models remained small.
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Figure 2. Comparison of the brain encoding R² scores of the different models.
a Brain encoding R2 scores, averaged over brain parcels. Each dot corresponds to the value for a layer and a subject (the
ResNet being evaluated on just one layer, it presents less sample points). b Mean brain encoding R² score per layer for each
model. Each plot represents the scores averaged of the whole brain (top left) or different ROIs of the visual cortex. c Brain
encoding maps per model. The maps represent the brain encoding R² score per parcel, averaged over subjects, for each
model’s conv3 layer (except for the ResNet). For each model we see a similar spatial distribution of the R² score. The regions
that get the highest R² scores are located in the visual cortex, the dorsal attentional path and in the motor cortex. d Brain
encoding maps per subject. The maps represent the brain encoding R² score averaged over models, for the conv3 layer
(except for the ResNet). The maps of the different subjects show more noticeable differences in R² amplitude than the maps
per model, but the overall spatial distributions remain very similar. The regions that get the highest R² scores are located in
the visual cortex, the dorsal attentional path and in the motor cortex.
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Figure 3. Training effects on brain encoding and task performance.

a: Brain encoding R² for each model and subject across training checkpoints (averaged over brain parcels, evaluated on the
test set). b: Difference maps showing changes in R² between early training (10–15%) and the final checkpoint, averaged
across subjects. c: Correlation between brain encoding and game score for the PPO model across checkpoints. Dashed lines
show linear fits. d: Correlation between brain encoding and imitation score for the Imitation models across checkpoints.
Dashed lines show linear fits.
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Table 1. Difference of brain encoding R² between models for each subject and layer.

The R² scores are averaged across brain parcels and across sequences of 100 TRs. The asterisks denote significance of a two
sided Wilcoxon signed-rank test. One, two or three asterisks correspond respectively to a p-value < 0.05, a p-value FDR
corrected (Benjamini/Yekutieli) < 0.05 and a p-value Bonferroni corrected < 0.05.
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Aim 2: probing parallel hierarchies of representations between
models and the brain
The conv3 layer has the highest brain encoding score, for trained models
We next compared the brain encoding accuracy between layers, for all the models sharing the
same architecture. For each type of trained model (PPO, imitation and Resnet proxy), the 3rd
convolutional layer of the models was the one producing the highest brain encoding accuracy, on
average over subjects and brain parcels. The difference of R² across layers remained small in
amplitude - less than .5%. This pattern remains consistent when averaging the R² scores on
specific brain regions, notably in the visual cortex (see Figure 2b     ). By contrast, for the Untrained
model, the accuracy of the conv3 layer was almost the same as conv2, and accuracy dropped
sharply for subsequent levels after that.

Overall, the 3rd convolutional layer emerged as an optimal target for brain encoding and, for the
following results, unless mentioned otherwise, the presented R² scores will correspond to this
layer.

All the models (and layers) produced brain encoding maps with similar
topography
Next, we examined whether different models encoded distinct brain regions. Within subjects,
brain encoding maps were highly consistent across models, with an average Pearson’s spatial
correlation coefficient of 0.97 (range: 0.92–0.99) across model pairs. This was evident in Figure
2c     , which showed strikingly similar brain encoding maps for each model, averaged across
subjects.

Across subjects, brain encoding maps for a given model were also similar but showed greater
variability, with an average Pearson’s correlation coefficient of 0.62 (range: 0.50–0.67). This
substantial individual variance is illustrated in Figure 2d     , presenting each subject’s brain
encoding maps, averaged across models.

The maps were also very consistent across layers, see Supplementary Material II. The average
Pearson’s correlation coefficient between two maps of the same subject and model but different
layers was 0.995 (with values ranging from 0.982 to 0.999).

The regions where the models could explain the highest proportion of the brain activity signal
were the visual and the dorsal attentional networks, as defined by the Yeo-Krienen 7 resting-state
network parcellation. Moreover, more variance was explained in the primary visual cortex (V1, V2
and V3) than in more specialized areas of the secondary visual cortex (FFA and PPA), see
Supplementary Material III.

Overall, we found that the brain encoding maps were extremely consistent across models,
capturing mostly visual and dorsal attentional cortices with substantial inter-subject variance.

Aim 3: Relationship between task performance and brain encoding
accuracy
We next examined whether model performance on the task (game score or imitation) was
associated with its ability to encode individual brain activity.

Robust association between task performance and brain encoding across
training stages
We first tested this relationship across different stages of training, as models gradually improved
at the task. Model checkpoints saved at different stages revealed a steady increase in brain
encoding accuracy (Figure 3a     ), with the exception of the ResNet proxy model, which showed
little improvement. Gains were concentrated in the same regions that already showed strong
encoding (Figure 3b     ).
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We quantified PPO performance as the average distance travelled per level (Figure 3c     ).
Although distinct from the RL reward signal, this measure similarly reflects the model’s ability to
progress through the game. For all subjects, PPO brain encoding accuracy correlated strongly with
this performance across training checkpoints. For the Imitation models, brain encoding accuracy
tracked closely with their behavioural imitation score, which measures the similarity between
model and subject actions on recorded gameplay (Figure 3d     ). Strong correlations (Pearson’s r >
0.7) were observed for all subjects except sub-03.

Together, these analyses show that task performance and brain encoding were linked during
training, as brain encoding steadily improved as training progressed for both the PPO and
imitation models.

Level patterns strongly predict brain encoding for fully trained models but
not task performance
We examined next how task performance was associated with brain encoding accuracy, this time
for fully trained models across different game levels. We first observed that task performance
itself was only weakly associated with brain encoding accuracy across game levels. For the PPO
models, correlations were weak or even negative (Figure 4a     ). For the Imitation models,
correlations were also weak (0.15–0.27) in most subjects, with the exception of sub-02 (Figure
4b     ).

To further investigate this lack of association, we compared the PPO and Imitation models across
levels, separately in terms of performance or brain encoding (Figure 4     ), and a striking
dichotomy emerged. PPO and Imitation models showed little correspondence in task performance
(Figure 4c     ), suggesting that each faced different challenges. Yet their brain encoding scores were
almost perfectly aligned (r = 0.88–0.99; Figure 4d     ). This pattern suggests that brain encoding
quality was shaped more by the level itself than by model performance on that level.

Aim 4: Out-of-distribution generalization of task performance and
brain encoding
Our third aim was to assess how brain encoding and task performance generalize to out-of-
distribution data. To do this, we measured game/imitation and brain encoding performance on
two game levels excluded from training.

Training PPO models does not translate to out-of-distribution task
performance, while the generalization of Imitation models was variable
with clear benefits from training
In terms of game performance, for PPO, neither of the out-of-distribution levels benefited from
training: the performance curves were flat across checkpoints, and fell outside of the distribution
observed in the within-distribution level (Figure 5a     , first graph). In terms of Imitation models,
performance improved with training and fell within the within-distribution performance on one
level (see orange curves Figure 5a     ), while the performance was lower than within-distribution
on the other level and the effect of training was less pronounced (only apparent is sub-02, sub-05
and sub-06, see blue curves Figure 5a     ). Our results thus demonstrated that the behaviour of the
PPO model is brittle, while the generalization of the Imitation models varied, although some
benefits of training were generally observed.

Brain encoding performance was severely degraded out-of-distribution for
all models
Across all models, R² scores dropped substantially on out-of-distribution levels (Figure 5b     ). This
decline was particularly severe for the ResNet proxy model, which frequently produced negative
R² values, indicating a complete failure to generalize. Differences between models became more
pronounced in this setting: PPO exhibited the best generalization on average, followed by the
Untrained model, then the Imitation models. Regarding spatial distribution of R² scores, the visual
and dorsal attention networks showed the highest generalization on average, which were already
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Figure 4. Cross-level correlations of brain encoding and task performance.

a: PPO brain encoding versus game score across levels, shown separately for each subject. b: Imitation model brain encoding
versus imitation score across levels, by subject. c: PPO game score versus imitation model score across levels, by subject. d:
PPO and imitation model brain encoding across levels, showing near-perfect correlations.
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Figure 5. Out-of-distribution evaluation.

a Behavioral scores comparison between the average on within-distribution levels (red) and the scores and each of the OOD
levels (orange and blue). For the PPO, the behavioral score is the game performance score. For the Imitation models, the
score is the imitation score. b Brain encoding maps of the OOD levels, for each model (conv3 layer for all models but ResNet)
and averaged over subjects. c Visual and dorsal attentional ROIs from the Yeo7 atlas. d Brain encoding map for the within-
distribution levels, averaged over subjects and models. e Evolution of the brain encoding accuracy across training in the
visual and dorsal attentional ROIs.
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networks with high within-distribution encoding performance, see Figure 5b     . The lack of
generalization in game/imitation performance of the PPO and imitation alone does not explain the
out-of-distribution collapse in brain encoding entirely, as similar failures were observed for both
the Untrained model and the pretrained ResNet. This shows that the ridge regression layer itself
lacked generalization ability, rather than the failure being solely due to the model’s internal
representations.

Effect of training on brain encoding was apparent for PPO and Imitation
models
PPO models evaluated at different training checkpoints showed small improvement in brain
encoding performance, after an initial dip in performance (Figure 5c     , left graph). The Imitation
models benefitted more uniformly from the earliest phase of training (Figure 5c     , middle graph).
Finally, the behaviour of the ResNet proxy showed R2 in the negative range for most of the
training for all subjects but sub-05, thus indicating an overall failure to learn generalizable
features (Figure 5c     , right graph).

Overall, we found that our within-distribution findings regarding game/imitation and brain
encoding performance did not translate to out-of-distribution levels. This demonstrates that the
models we tested are limited in scope and may not provide a valid inference of brain-like
processing, as human behavior remains robust and generalizable across levels. In this sense, all
tested models appeared misaligned with brain data when evaluated on out-of-distribution tasks.

Discussion
Aim 1: A consistent ranking was observed across models, yet only
with small absolute differences in brain encoding performance
As expected we observed that the action models consistently outperformed the vision and
untrained baselines. Although some prior works had hypothesized that RL (Cross et al. 2021     ) or
imitation (Kemtur et al. 2023     ) would lead to a better brain encoding, these works had not
performed well controlled experiments which would have allowed us to make a specific
prediction for our experiments regarding the RL vs imitation. The RL (PPO) objective appeared to
have superior performance in brain encoding, consistently across subjects.

Surprisingly, the absolute differences in the quality of brain encoding between models were rather
small. In particular, even the Untrained model was able to encode brain activity with a
performance that approached that of our best models. This is not something that is typically
observed in brain encoding of complex stimuli, such as natural images or videos. For instance, the
2025 Algonauts competition on video watching implemented a competent baseline of vision-
language-audio processing, yet the best models explained up to twice as much variance as the
baseline, and this difference was even more dramatic in out-of-distribution experiments (Gifford
et al. 2025     ). However, in our set up, the diversity of visual stimuli was very limited, as it was
constrained by the sprites of the video game. The same sprites were used in the train and test
datasets, even though the gameplay may have been different, and this limitation even applied to
out-of-distribution experiments to a large degree. This means that high-level abstract events, such
as a jump, can be detected by brittle features encoding a specific combination of pixel values,
which an Untrained network can represent well. We thus speculate that videogames are
particularly prone to brittle brain encoding, at least when the exact same game mechanics are
used during training and testing. This overfitting caveat had already been identified in the field of
RL where agents are also commonly trained and tested in the same environment (Henderson et al.
2019     ).
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Aim 2: No hierarchy of brain encoding maps emerged from either
the training objective or the target layer
We had hypothesized a hierarchy in the quality of brain encoding that would be related to the
nature of the training objective: ResNet and ResNet proxy models would produce better encoding
in the visual cortex, while the PPO and Imitation models would encode better in the sensorimotor
cortex, as they were trained to perform actions in the game. This hypothesis was supported by
recent results comparing monomodal vs multimodal vision-language-auditory representations
during video watching, where models trained with a monomodal objective encoded better the
specific brain network matching their training modality, yet multimodal representation encoded
better association cortices (d’Ascoli et al. 2025     ). We also expected the Untrained model, with no
task objective, to markedly underperform compared to trained models in task-relevant regions.
Our results did not support our hypothesis. This may seem particularly at odds with the results
reported by Cross and colleagues (Cross et al. 2021     ) who had reported a hierarchy of
representations comparing a vision and action model in classic Atari games. However Cross and
colleagues did not compare the same layer activations of their RL agents and vision baseline, using
a concatenation of all layers for the RL models and only the last layer of the encoder for the vision
model. This difference in activation sampling may explain this discrepancy in results with our
study. In our case, we found that the intermediate layer was best for encoding brain activity
irrespective of the training objective, and that when using this optimal layer there was no clear
hierarchy of representations between training objectives.

We had also hypothesized a hierarchical correspondence between model depth and cortical areas.
Such correspondences have been reported for some visual models (Nonaka et al. 2021     ), but
recent work has shown that hierarchical structure is not necessary for convolutional neural
networks (CNNs) to capture activity across visual regions (St-Yves et al. 2023     ). Contrary to our
hypothesis, we observed that the third convolutional layer consistently produced the highest brain
encoding accuracy. This pattern held across brain regions, including the visual cortex, and did not
support a hierarchical mapping between network layer depth and brain regions. This is
inconsistent with results reported by (Kemtur et al. 2023     ), which may reflect the absence of
recurrence in our tested models. Recurrent layers were prominently featured in the architectures
of Kemtur and colleagues and drove layer differentiation.

Aim 3: Performance on the training task correlates with brain
encoding accuracy, but systematic gaps in brain encoding
performance were observed across levels
For each model individually, we found a correlation between task performance and brain
encoding accuracy across training checkpoints, mirroring results from language on both fMRI and
EEG data (Caucheteux and King 2022     ) and vision on intracranial neural recordings (Yamins et al.
2014     ). Still, these improvements were modest in amplitude and did not reflect qualitative
differences in the topography of brain encoding maps across training objectives, contrary to our
initial hypotheses. By contrast we found a massive gap in brain encoding performance across
levels, that correlated highly between models trained with PPO and imitation. Our findings align
with recent work by Conwell and colleagues (Conwell et al. 2023     ), who found that apparent
differences in brain encoding across training tasks often reflect underlying differences in training
datasets, particularly their diversity, more than the objective function itself. Wang and colleagues
similarly emphasize the role of data diversity in shaping brain-model alignment (Wang et al.
2023     ).
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Aim 4: Out-of-distribution evaluation reveals brittle generalization
of brain encoding
All models showed a marked decrease in brain encoding accuracy when evaluated on out-of-
distribution (OOD) data. Differences between models actually became more pronounced under
OOD conditions. PPO, Imitation, and Untrained models outperformed the ResNet-based vision
models, with the ResNet proxy—competitive under in-distribution testing—collapsing to near-
chance on OOD data. PPO models generalized better than the Untrained baseline, while Imitation
models, although weaker overall, outperformed it in task-relevant areas such as V1, V2, and the
dorsal attention network. So while all models demonstrated brittle performance, the extent of
their brittleness revealed critical differences across training objectives.

Limitations and future work
It should be emphasized that a model’s ability to perform brain encoding does not, by itself, imply
functional similarity to the brain. To strengthen the interpretability of brain encoding results, we
believe it is essential to evaluate predictive power across a wide range of stimuli and to compare
performance across diverse data distributions, a point we previously demonstrated by showing
the memory content of the videogame emulator itself could encode brain activity in Mario (Harel,
Paugam, et al. 2025), but in a very brittle fashion. In this work, we assessed out-of-distribution
(OOD) performance using two left-out game levels and observed that these levels behaved quite
differently. The small number and arbitrary selection of these levels make it impossible to
determine which specific factors contributed to the observed OOD performance. Future studies
using videogame environments could systematically probe a larger and more controlled variety of
OOD levels (or sublevels) to identify which task, visual, or structural features most strongly impact
generalization performance, and we recently proposed a framework to implement such
experiments by segmenting levels into short scenes featuring well identified game patterns (Harel,
Bellec, et al. 2025).

We finally believe that generalist agents will be required in order to achieve robust brain encoding
that generalize across many environments. A current trend in AI research is the development of
foundation models for vision-action instead of training models from scratch on a particular task,
although these models have not yet become as successful and widely available as large language
models. Alternatively, task-specific agents trained in the latent space of a vision foundation model
(Zhou et al. 2024     ) may also show improved robustness compared to training agents from
scratch.

Conclusion
We evaluated how the training objective of a videogame model impacts its ability to encode brain
activity. To do so, we rigorously controlled for potential differences related to architecture design
and training data. Evaluations on 20 levels of the Super Mario Bros videogame revealed significant
differences between models, with reinforcement learning performing best, though only with
modest gains over imitation learning or even an untrained model. Contrary to our expectations
based on prior literature, no model layers or specific training objectives preferentially aligned
with specific brain areas. Although brain encoding accuracy steadily improved during training,
large gaps persisted across game levels, even for fully trained models. Out-of-distribution
experiments also showed brittle brain encoding performance, with poor generalization to new
game levels.

Overall, our results show that small convolutional models are limited in their capacity to robustly
encode brain activity, regardless of the training objective. We also found that diverse test data are
essential to revealing these gaps in generalization, both within- and out-of-distribution. High-
quality brain encoding for videogame tasks will likely require larger models with robust task
performance, such as vision-action foundation models.
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Peer reviews
Reviewer #1 (Public review):

Summary:

This study uses an encoding model approach to compare a range of different deep learning
models in predicting functional MRI data, collected while participants played the game
"Super Mario Bros" inside the scanner. The fMRI data is rich, within-subject data, with
around 15 hours of gameplay for each of five participants who took part in the study. A range
of models are compared, including deep RL models (PPO), behaviour cloning (imitation
learning), supervised visual models (ResNet), and untrained but structurally equivalent
models. The main metric of model comparison is brain prediction (i.e., cross-validated R^2,
and within-subject generalisation to out-of-distribution gameplay), rather than focussing on
which model features are being encoded.

The core results are:

(1) The deep RL and imitation learning models show a modest improvement in prediction
accuracy relative to the untrained and visual models (around a 1-2% increase in R^2).
Notably, this is against a background in which the untrained model - essentially random
projections of the gameplay pixels - can explain around 6 or 7% of the variance in fMRI data
(Figure 2). So, the improvement in model fit is a small (but significant) one, and a major
driver of prediction scores appears to be low-level visual stimulation as opposed to gameplay
prediction.

(2) There is little variation across layers in prediction accuracy in the trained models. In the
untrained model, prediction accuracy drops across layers. This suggests that the prediction
accuracy in this untrained model results from its (early-layer) representations being closer to
what is presented on screen - as the random weights move the untrained model's
representation away from sensory features, it becomes less predictive of the brain. In a
trained model, meaningful representations are maintained in deeper layers - and
interestingly, there is no clear correspondence between layers of the model and layers of the
visual pathway.

(iii) There is a noticeable improvement in brain prediction by both the deep RL and imitation
models with model training. In other words, the 1-2% increase in R^2 mentioned in point (i) is
a result of the training, rather than any other factor.

(iv) None of the models, including the untrained model, perform well in generalising to out-
of-distribution data held out from the training/evaluation. This leads to the claim that the
brain's encoding representations are 'brittle'.

Strengths:

(1) A major strength of the dataset is that it contains rich, extended naturalistic gameplay
data within individual subjects. This mirrors some of the advantages seen in other
naturalistic datasets (e.g., natural scenes dataset, storybook listening, video watching) - but
there are very few examples of such data where the subject is controlling or generating the
behaviour in the naturalistic task. This allows potentially new questions to be asked about
how these representations are learned across time, within individual participants.

(2) A further strength of the manuscript is the clarity with which the aims and hypotheses are
articulated in the introduction, and evaluated/discussed throughout the paper. This provides
a clear set of objective criteria against which to evaluate the performance of the resulting
models; the paper is also written in a very clear and honest way, in that some of the a priori
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hypotheses are not supported - this makes for a more transparent report than one written in
an a posteriori manner.

(3) Finally, although the results in comparing different models are perhaps not as impressive
as one might have hoped, the authors have been quite careful in making the models
comparable in terms of their architecture and number of parameters, etc. This means that
any variation in prediction is likely attributable to the different objective functions used to
train the models, rather than other features of the model architecture.

Weaknesses:

(1) The work is currently framed as "training neural networks from scratch...leads to brittle
brain encoding" - but I'm not sure that the results fully support this. First, the brittleness is
still present in the untrained network (i.e., random projections of pixels), as shown in Figure
5b. This implies that the brittleness may not be a consequence of the network training, but of
overfitting to the encoding (ridge regression) model of the fMRI data (as the authors
acknowledge when presenting these results). I would instead encourage the authors to shift
the emphasis slightly towards the (modest) improvement in prediction using the RL/imitation
objectives, and/or the (similarly modest) improvement in prediction with training, rather
than foregrounding the brittleness of the encoding.

(2) While the analyses of how model prediction improves with training are nice, it is a shame
that there is no consideration of how prediction improves (or otherwise) across the training
of the participants. Do participants improve across the 15 hours of gameplay - or do they, for
instance, become more predictable by the imitation learning model? Is this more true in the
naïve participants than those with extensive past experience of Mario? And does this in any
way lead to better alignment with model predictions across sessions? These all seemed like
natural questions that could benefit from the unique longitudinal nature of this dataset, and
it seemed a shame that they were not touched upon at all.

(3) While there is little variation between the models in terms of predictive performance, it is
currently a little unclear whether this is simply due to fitting a set of highly parameterised
models to the data, or because the models are themselves fundamentally similar in their
representations. One way to address the latter point might be to perform some kind of RSA or
CKA (Kornblith et al, arXiv 2019; Williams et al, bioRxiv 2024) across the layer
representations within-model, and between-models, to ask how similar (or different) the
learned representations are between the different models used for fMRI prediction.

https://doi.org/10.7554/eLife.110830.1.sa2

Reviewer #2 (Public review):

Summary:

This paper aims to test whether training models to play video games from visual inputs
through reinforcement learning leads to better matches to human visual encoding during
gameplay, compared to models with the same architecture and training images but with
different training objectives. The authors find a slight advantage for the RL model, but
encoding performance and generalization overall are weak and variable.

Strengths:

This was a reasonable hypothesis to test, and the model comparisons adequately represent
other possibilities for training a model of the given architecture. The ResNet proxy is a
particularly interesting way to benefit from a larger model's pre-training while still using the
same constrained architecture and training set.
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Weaknesses:

I always prefer to see learning curves for models on the tasks they were trained on, just to
contextualize their performance on the brain encoding results, but they are not shown here.

The paper misses some of the relevant literature that has performed similar comparisons
across learning objectives for visual encoding models, such as
https://arxiv.org/abs/2112.02027      and https://pmc.ncbi.nlm.nih.gov/articles/PMC10569538/     

The authors end up advocating for the idea that large-scale pre-training is needed in order to
build good visual encoders for matching human data. In many ways, this was already known
(given that brain encoding scores scale with imagenet performance, which requires at least a
moderate amount of general-purpose image training to achieve). However, they also note that
"the brain encoding performance of the ResNet model was not significantly different from
that of the Untrained model." I would assume that an ImageNet-trained ResNet would be in
the direction of the type of large-scale pre-trained model the authors advocate for (even when
not trained for action generation), yet their results don't support this direction being the
solution. Are their results about Resnet not surpassing an untrained model consistent with
prior work, and if not, why not? How do they view this in light of their argument for the use
of larger models?

https://doi.org/10.7554/eLife.110830.1.sa1

Reviewer #3 (Public review):

Summary

In this paper, the authors have 5 human subjects learn to play Super Mario Bros while
undergoing fMRI for 15 hrs each. They compare a reinforcement learning (RL) model (PPO),
an imitation learning (IL) model, and a vision model (ResNet) in their ability to play the game,
match human behavior, and, critically, explain human brain activity.

The key findings can be summarized as follows:

(1) RL, IL, and vision models explain similar amounts of variance in the BOLD signal (Fig 2a),
with a significant but small trend of RL > IL > ResNet (Tab 1).

(2) Untrained models with the same architecture explain a smaller but very similar amount
of variance (Figure 2a, Table 1).

(3) The brain maps across all models (and layers) are strikingly similar, with the strongest
effects in visual, parietal, and motor regions (Figures 2b, 2d; Supplementary Material II).

(4) Behavioral and neural performance are correlated across model checkpoints (but not
levels), such that later checkpoints in training have better behavioral and neural encoding
performance (Figures 3 & 4), although the neural effect plateaus pretty quickly.

(5) Out-of-distribution performance is quite poor, both behaviorally (Figure 5a) and neurally
(Figure 5b).

I believe this work will be of interest to neuroscientists, cognitive scientists, and AI
researchers alike. There has been a growing trend in neuroscience to adopt AI models as
cognitive models of complex perception and action, while at the same time, AI researchers
are increasingly looking at the brain for inspiration. The key finding of this paper -- that these
models fail to generalize to out-of-distribution levels -- questions the core assumptions of this
whole enterprise.

Strengths:
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Unlike previous studies applying machine learning to naturalistic game-play, the authors take
great care to make sure their models are evaluated on an equal footing, using equivalent or
similar architectures/number of parameters and training data.

While the number of subjects (5) is relatively small, the amount of data per subject (15 hours)
is impressive, which is important for fitting the imitation learning & ResNet models and for
obtaining reliable encoding performance for each individual subject. The authors employed a
train/val/test split and held out sets, the gold standard in the literature.

Overall, the paper was well-written and easy to follow. The figures clearly illustrate the main
findings.

Weaknesses:

(1) Missing statistical tests

I think the main weakness of the paper is that many of the claims are qualitative in nature
and lack appropriate statistical tests, for example:

- "The conv3 layer has the highest brain encoding score";

- "Robust association between task performance and brain encoding" ;

- "Level patterns strongly predict brain encoding";

- "Brain encoding performance was severely degraded";

- "Effect of training on brain encoding was apparent".

While these effects are indeed qualitatively visible in the figures, it is unclear which of these
differences are significant (with the notable exception of Table 1). I believe the paper would
benefit substantially if these effects were quantified and every claim were supported by the
appropriate statistical tests. As an example, with the exception of Table 1 and the
corresponding paragraph, I could not find any p-values in the results section.

(2) Missing model performance and human-likeness

Also absent from the results is an assessment of model performance on the task and
similarity to human performance/behavior. From Figures 3 and 4, we can see that the game
score of PPO is around 500-1000 - how does that compare to the humans? We can also see that
the imitation scores for IL are around 0.4-0.7, but what does that mean? Such results would
be crucial to assess if the models have indeed learned to play the games and/or imitate the
humans, and therefore, whether they would be good candidates as cognitive models (before
even looking at brain activity). At minimum, plotting the human versus model game scores
(see e.g. Tomov et al. 2023 Neuron, Figure 2) would be helpful; or, if you'd like to dig deeper,
showing that human actions are more valuable or more likely under those models (see e.g.
Cross et al. 2022 Neuron, Figure 2). It might also be helpful to look at imitation scores for the
RL model and game performance of the imitation model -- I suspect they will both be bad, but
they can at least serve as informative baselines for their counterparts.

(3) Possible undertraining

Relatedly, one possible explanation for why the Untrained model does so well is that all the
models may be effectively undertrained. For example, while there are no training curves in
the paper, it seems from the spacing of the checkpoint game scores (x-axis on Figure 3c) that
the RL model may not have converged yet (it would be helpful if those were somehow
colored by training epoch). Showing training curves would be helpful (i.e., something similar
to Figure 3a, except with performance on the y-axis).
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Additionally, it would be great to provide more details regarding the PPO training protocol.
How many episodes? How many steps per episode? How many steps for all of the training?
Similarly, for the imitation learning model: batch size, number of epochs, optimizer,
scheduler, etc.

(4) Mysterious poor encoding performance of Untrained and ResNet models on the held-out
set

Critically, and related to that, I'm a little confused about the Untrained model results on the
held-out set (Figure 5b, top row on the right). Why should those be any different from the test
set results with the Untrained model (Figure 2a, right, fourth row from the top)? It makes
sense why the other models are worse on the held-out set -- they have never been trained on
any frames from those levels. However, the untrained model has not been trained on *any*
frames from *any* levels, including the test set and the held-out set.

The same is true for the ResNet model, which is pre-trained on a completely separate data set
and yet similarly shows worse performance on the held-out set compared to the test set.

This cannot be explained by the ridge regression, which has no parameters or
hyperparameters fitted on either the test set or the held-out set.

The big discrepancy in the untrained model & ResNet results between the test and the held-
out set makes think that there is something substantially different about the levels in that
held-out set; that they are truly out of distribution compared to the other 20 levels (e.g.,
maybe they're the last 2 hardest levels and look completely differently? e.g. ResNet proxy in
Fig 5c shows worse performance than the mean, which is indicative of an anti-correlation).
Alternatively, it may be some issue with the analysis pipeline. The poor generalization results
are central to the claims of the paper, so I believe this should be clarified.

(4) Brittleness conclusion rationale

I'm not quite on board with the author's rationale that "[poor model performance on the out-
of-distribution levels] demonstrates that the models we tested are limited in scope and may
not provide a valid inference of brain-like processing, as human behavior remains robust and
generalizable across levels".

For one, unlike the models, humans were actually trained on those levels, so it would not be
surprising if they perform just as well on them as on the other levels (but do they? Again, it
would be great to see some behavioral data from the humans and the models).

Second, as the authors themselves show, task performance and human-likeness do not really
correlate with neural encoding across levels (Fig 4a & b, respectively), so even if model
performance remained "robust and generalizable" on the held-out levels, that will not
necessarily translate to good neural encoding.

Thirdly, and perhaps most importantly, unless the test set and held-out set were sampled
exclusively from the practice phase when the subjects have mastered all the levels (that
doesn't seem to be the case, but the authors should clarify), then the humans are continuously
learning, which means that their own internal representations of the game are evolving.
That's not the case for the models, which I assume are in "inference mode" when their
representations are extracted for neural encoding. That is, their weights are frozen. So there's
a fundamental mismatch between the mode in which humans are operating (continuously
learning and executing) and the mode in which the models are operating (just executing).
While this is true for all the levels, it may partially account for the discrepancy in the held-out
set specifically.

https://doi.org/10.7554/eLife.110830.1.sa0

Neuroscience

https://doi.org/10.7554/eLife.110830.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.7554/eLife.110830.1.sa0
https://doi.org/10.7554/eLife.110830.1.sa0
https://elifesciences.org/subjects/neuroscience

	Training neural networks from scratch in a videogame leads to brittle brain encoding
	eLife Assessment

	Abstract
	
	Introduction
	
	Methods
	Dataset
	Participants
	MRI acquisitions and processing
	Videogame task
	Videogame set-up
	Train/validation/test splits

	Model Inputs
	Models
	PPO model
	Imitation models
	ResNet model
	Fig 1.Overview of the study methods.
	ResNet proxy model
	Untrained model

	Brain encoding
	Task performance metrics
	Brain encoding
	Game performance
	Behavioral imitation

	Regions of interest

	Results
	Aim 1: ranking models through brain encoding performance
	Figure 2.Comparison of the brain encoding R² scores of the different models.
	Figure 3.Training effects on brain encoding and task performance.
	Table 1.Difference of brain encoding R² between models for each subject and layer.

	Aim 2: probing parallel hierarchies of representations between models and the brain
	The conv3 layer has the highest brain encoding score, for trained models
	All the models (and layers) produced brain encoding maps with similar topography

	Aim 3: Relationship between task performance and brain encoding accuracy
	Robust association between task performance and brain encoding across training stages


	
	Level patterns strongly predict brain encoding for fully trained models but not task performance
	Aim 4: Out-of-distribution generalization of task performance and brain encoding
	Training PPO models does not translate to out-of-distribution task performance, while the generalization of Imitation models was variable with clear benefits from training
	Brain encoding performance was severely degraded out-of-distribution for all models


	
	Figure 4.Cross-level correlations of brain encoding and task performance.
	Figure 5.Out-of-distribution evaluation.
	Effect of training on brain encoding was apparent for PPO and Imitation models

	Discussion
	Aim 1: A consistent ranking was observed across models, yet only with small absolute differences in brain encoding performance
	Aim 2: No hierarchy of brain encoding maps emerged from either the training objective or the target layer
	Aim 3: Performance on the training task correlates with brain encoding accuracy, but systematic gaps in brain encoding performance were observed across levels
	Aim 4: Out-of-distribution evaluation reveals brittle generalization of brain encoding
	Limitations and future work

	Conclusion
	Data availability
	Additional files
	Additional information
	Funding
	Author ORCID iDs

	References
	Peer reviews
	Reviewer #1 (Public review):
	
	
	Reviewer #2 (Public review):
	
	Reviewer #3 (Public review):


