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Abstract

Recent studies on audio models [27,[15]] show brain-tuning—fine-tuning models to
better predict corresponding fMRI activity—improves brain alignment and increases
performance on downstream semantic and audio tasks. We extend this approach to
a multimodal audio-video model to enhance social cognition, targeting the Superior
Temporal Sulcus (STS), a key region for social processing, while subjects watch
Friends. We find significant increases in brain alignment to the STS and an adjacent
ROI, as well as improvements to a social cognition task related to the training
data—sarcasm detection in sitcoms. In summary, our study extends brain-tuning to
the multi-modal domain, demonstrating improvements to a downstream task after
tuning to a relevant functional region.

1 Introduction

Recent works in fine-tuning audio models to human fMRI data, specifically language and auditory
areas, show improvements to brain alignment, as well as increases to performance on semantic and
audio evaluations [15, 27, 29]. However, frontier Al models are increasingly multi-modal [8} 41]].
These models are uniquely posed to model human social cognition, i.e., inferring a perceived person’s
internal state, which requires integrating information across modalities [9} 5, 3] and is critical as Al
becomes more integrated in our daily lives [6]. However, a recent study [[17] identified a major gap in
Al models’ abilities to match human social perception, as well as encode brain activity in the lateral
stream, a processing stream proposed for social cognition [32]]. The Superior Temporal Sulcus (STS),
the end point of the lateral stream, is a brain-region that has been shown to encode features of social
interaction relevant to social cognition [26, 21},|139} 32, |19} 11} [13]]. We therefore investigate whether
brain-tuning an audio-video model to the STS can 1) improve brain encoding of the STS and other
lateral stream ROIs, and 2) increase downstream performance on social cognition tasks.

Concretely, we brain-tune the joint audio-video transformer model, TVLT [37]], to the STS using
data from n=6 subjects from the Courtois Neuromod Dataset [[7], while subjects watch the sitcom
Friends. This significantly increases alignment to both the STS (our tuning target), and a further
(non-targetted) lateral-stream ROI.

To evaluate social cognition, we first test whether tuning improves performance in a context similar
to the Friends training data, and report significantly increased performance on a sarcasm detection
task containing data from sitcoms (MUStARD). We then test whether these improvements generalize
to a social cognition task in a markedly different context, emotion and sentiment prediction on
CMU-MOSEI, but find no significant increase in performance from brain-tuning, suggesting that
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Figure 1: Our audio-video brain-tuning approach. Audio-video stimuli are perceived by the subject,
and input to the model, and we fine-tune the model and projection head to better predict corresponding
brain activation.

tuning improves social cognition performance in related contexts but does not generalize to contexts
not represented in training.

Our main contributions are as follows: We extend the brain-tuning methodology to a multi-modal
audio-video domain, and show, for the first time, that brain-tuning a model to an ROI involved in
social cognition can improve its performance on a related social cognition task. This provides further
evidence [13] that targeted brain tuning to specific functional ROIs can increase alignment and
improve performance to related downstream tasks.

2 Related Work

Lateral Stream & Superior Temporal Sulcus. The lateral stream has been recently proposed as a
third visual processing stream specialized for dynamic social processing ([32]), in addition to the
classical ventral and dorsal streams. Its endpoint, the Superior Temporal Sulcus (STS), robustly
encodes features of social interaction allowing for the processing of the intentions and inner states of
others. [26} 211,[39] 32} [T9] [T, [T3]. This motivates our use of STS activity as a tuning signal for social
cognitive tasks. See the appendix for a visualization of the STS on the whole brain.

Prior work in Brain Alignment and Brain Tuning. There is a large body of work measuring brain
alignment in neural models [14] 28], 24]], however, few studies fine-tune a pretrained
model to increase alignment. Unlike these prior works [13]] which fine-tune audio-only models to
late language regions and evaluate on downstream auditory and semantic tasks, we instead tune our
multi-modal model to the STS, and evaluate on downstream social cognition tasks. Our work differs
from recent multi-modal brain encoder work [[12], which trains a dedicated deep network for brain
prediction across regions. In contrast, we tune an existing model to a specific functional region, and
aim to improve alignment to that region and performance on a related task.

3 Method

3.1 Model and Stimulus

Model Selection. Recent works in Video-Language multimodal models are broadly split into LLM-
based methods ([20, 23] 22| 33| [T11140. 23])) and feature encoder-based methods ([42} 18] 37]).
We chose to tune the Textless Vision Language Transformer (TVLT) [37], due to architectural
similarities with the models brain-tuned in including number of encoders layers (12), embedding
size (768), and total number of parameters (~ 90M). It is pretrained on around 130K hours of
audio-video with a joint masked auto-encoding and vision-audio matching objective. An initial
embedding layer embeds each 16x16 patch of each video frame, and converts the audio to a log-mel
spectrogram, which are then jointly encoded through the transformer layers.



fMRI Data. We use a subset of the preprocessed fMRI data from the 2022-alpha release of the
Courtois Neuromod Dataset [[7], containing n=6 subjects watching seasons 1-4 of the sitcom Friends
(seasons 1-3 for training, 4 for evaluation). It is one of the largest available fMRI dataset of participants
watching audio-video stimuli, and has previously been used for brain-tuning an audio model [15]].
More information about this dataset can be found in the appendix.

Cross Subject Prediction Accuracy Estimation. Noise in the fMRI data—both natural fMRI noise as
well as signal unrelated to the stimulus—can impair both our brain-tuning and evaluation procedures.
To estimate the level of noise present in each voxel, we follow recent studies [31]], [14] in adapting
[34]’s method to estimate cross-subject prediction accuracy for each voxel. See[A.2]for technical
details. Following previous brain-tuning studies [27], we filter out voxels with a low cross-subject
prediction accuracy to tune only on voxels reliably related to the stimulus. We attempt to reach the
threshold of 0.4 used in prior brain-tuning [27], but find that beyond a threshold of 0.25, all STS
voxels are removed for some subjects, preventing training (see appendix [A.2). Therefore, we set
our threshold to 0.25, leaving subjects with 100-700 STS brain-tuning target voxels. We also use
cross-subject prediction accuracy to normalize voxel activations when computing normalized brain
alignment (more in section [3.3)).

3.2 Brain Tuning

Training Objective. Following [27]], we fine-tune our pretrained model to predict the fMRI voxels
in the STS with a high cross subject prediction accuracy. Formally, let S be the synchronized
audio—video stimulus, and R(S)[t] the recorded fMRI response at time ¢. We define a voxel masking
function M such that:

y = M(R(S)[t]),
where y € R™ is the STS-masked fMRI vector of m voxels. Let T" be the length of the temporal
receptive field, approximately 12s in our case. We take an audio—video clip from ¢ — 7" to ¢, denoted
S[t — T : t], and process it with TVLT to obtain output tokens [01,02,...,0,] € R"X768 We
mean-pool the tokens: 6 = % >7 , 0i. A linear projection layer W € R™*768 maps 6 to the
predicted fMRI vector:

y=Wo.

We minimize the L2 loss, £, between the predicted voxel activations ¢ and true activations y:

L= g -yl

and backpropagate £ through both the projection layer W and the TVLT transformer layers. The
overall process is illustrated in fig. [T}

Training Details. To predict each fMRI snapshot, we give the model the previous 8 TR-lengths
(T = 11.92s) of audio-video stimulus. This finite response window is similar to that used in prior
work [27]], and is in line with the average hemodynamic response cycle of 12s [38]]. Following [[15]],
we train our model on the first three seasons (68,063 TRs, TR=1.49s) of Friends, and evaluate on
season four. Following the finding by [[15] that individual models often outperformed models tuned to
multiple subjects at once, we tune one model to each subject’s (n=6) brain activity. Due to compute
limits, we restrict our tuning to 10 epochs. For each 11.92s clip, we evenly sample 8 frames from
the video following [37], and sample audio at the standard 44,100 Hz. We optimize with Adam with
a constant learning rate of 1.0 x 10~°. Brain-tuning each model uses 1 H100 GPU and 16 AMD
EPYC 9654 CPUs on 244 GB of RAM, and takes approximately 70 hours on an H100 GPU. Each
evaluation uses identical compute specs, and takes approximately 90 minutes.

3.3 Evaluation Procedure

Comparison Models. Following [27], we compare against a stimulus-tuned and a pretrained baseline
on both brain-encoding and downstream evaluations. The pretrained baseline is the original pretrained
TVLT model introduced in [37]. The stimulus-tuned baseline is trained using the original TVLT joint
training objective, with the same video data and learning hyperparameters as the brain-tuned model.
This baseline tests whether changes in performance are the result of simply training on the Friends
dataset, or are due to the fMRI training objective used in brain-tuning.

Encoding Evaluation. Following [27], we use standard voxel-wise encoding models ([2] [31], [30]])
to evaluate the change in brain alignment between our brain-tuned and baseline models. We follow
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Figure 2: a: Average change in alignment to lateral ROIs after brain-tuning over subjects. We find
significant increases in the pSTS, aSTS, and LOC. b: Change in alignment before and after tuning on
Subject-03. Differences for all subjects can be found in the appendix.

the same steps as during brain tuning to create TR-video pairs where each fMRI TR is paired with the
8 TR-lengths (11.92s) of video that precede it. This video is input into each model, and a voxel wise
ridge regression model is learned to predict the fMRI activations for that TR, from the concatenation
of the [CLS] and mean pooled output tokens. For training and testing, we use data from season 4 of
Friends which was unseen during brain-tuning, using 8298 TRs to train and 2630 to test.

Normalized Brain Alignment. Following [27,[31] prediction performance of this encoding model on
the test data is computed by voxel-wise Pearson correlation between the predicted fMRI activations,
and the corresponding real brain responses. To account for different levels of noise between voxels,
this voxel-wise correlation is then divided by the voxel-wise cross subject prediction accuracy, and
averaged across all voxels in each ROI to provide a standardized measure for alignment between
the model and different ROIs. We report normalized brain-alignment scores for two subdivions of
the STS—the anterior STS (aSTS), and posterior STS (pSTS), as well as to two adjacent ROIs in the
lateral stream (LOC, EBA). For each subject, we visualize the difference in normalized alignment
between our brain-tuned models and pretrained (brain-tuned - pretrained) over the entire brain surface.
Following [27]], to test whether the brain-tuned models have significantly improved alignment to
an ROI compared to our baselines, for each baseline we perform a wilcoxon signed rank test over
the alignment of our brain-tuned models compared to the baseline models’ alignment. We indicate
significant differences (p < 0.05) with an asterisk *.

3.4 Downstream Evaluation

Sarcasm Detection. We first evaluate our brain-tuned and baseline models on MUStARD [[10]], an
audio-video sarcasm detection database consisting of clips from various sitcoms. Because our models
are brain-tuned to stimulus from a sitcom, this measures how our model’s performance changes on a
social cognition task with stimuli similar to the stimulus seen during brain-tuning. Each clip contains
an utterance, accompanied by conversational context and is labeled for the sarcasm of the utterance.
Because some MUStARD clips are from Friends, we train and test our classifier separately on both
the full dataset, and a subset of the dataset with all Friends clips removed. Due to the small size of
the dataset, models are evaluated on their mean performance across 10-fold cross validation.

Sentiment and Emotion Detection. To probe social cognition on our baseline and brain-tuned
models’ in a task markedly different from the Friends training data, we evaluate on CMU-MOSEI
sentiment and emotion prediction [4]], a dataset containing clips of people speaking into the camera
from YouTube, and manually labeled for scalar sentiment, and the presence of each of six emotions
(happy, sad, anger, surprise, disgust, fear). We use the original 15,288/4,830 train-test split provided
by the original TVLT paper [37].

Evaluation Protocol. For both tasks, we a train a linear binary classifier on a concatenation of
the [CLS] token and mean pooled tokens from the last layer. Since we brain-tune models through
mean pooled tokens, but pretrained TVLT typically probes its [CLS] token for classification tasks,
we concatenate both to fairly compare to baselines. We report A2 accuracy and F1 score for our
binary classification tasks (sentiment, sarcasm), and weighted A2 accuracy and F1 score for emotion,
averaged across n=6 for our brain-tuned models. We use a one-sided one sample t-test over the
change in performance of our n=6 subject models compared to each baseline to test for significance,



Sarcasm (MUStARD) Sentiment/Emotion (CMU-MOSEI)

= BrainTuned
W Stim-Tuned
W Pretrained

*k

m

4
.0?‘
—
024

oY%
F

-
X

i
XN
2

°

>
7
XX

bode

'
e
oVa
0%
-
%
K
e

— (XA X [ | [So% - % 5%
- % 1 S0 030 b L 159
[ boss 15 9% o % %5 bt
o % 1% K] (9%, 2 %o ] 15
2 o0aq- B bos 15 0% g 0% 1% )
g % 1% K] 030! XA &) 1%
2 le% 1 K] 0%, @ 031 K] 15
A XA ] 13 [0 % 4% ]
0311 15 K] £ X X 15
XA o (X3 K 9% %! K]
X Pe% 029! 2% % 1 K]
oy K] 159 2% 021 1 K]
021 [ [ ] [o0% (X4 ot 1533

|

"ed%

% [

X
-
o208
o
<
X
R
X

R o

%% XX %% 0.1 %l %% XX

1% 9% XX} %% <} %%

o) 1 K K & K K

<7
X
<3S

X

.
kX
e
X
%
kX

-
X
X
X
X
e

1
&
R
E

A2 F1 A2 F1 A2 F1 A2 F1
a) Full Dataset w/o Friends b) Sentiment Emotion

Figure 3: Brain-tuned and baseline performance on downstream social perception benchmarks. We
find significant improvements on MUSTtARD A2 scores both including Friends clips (p < 0.05) and
omitting them (p < 0.01).

indicating significant improvements (p < 0.05) with an asterisk *, and highly significant improvements
(p < 0.01) with a double asterisk ** in our graphs. Error bars report SEM across n=6 brain-tuned
models.

4 Results

Brain Alignment Results. We plot the change in alignment compared to the pretrained model
(brain-tuned - pretrained) over the entire cortex for subject 03 in fig. 2} with other subjects plotted
in fig.[5] Using cross-subject prediction accuracy underestimates the true noise ceiling, as some
biological signal that varies between subjects is treated as noise. This leads to some normalized
brain alignment scores above 1.0 for baseline and brain-tuned models, but their relative performance
is unaffected by this scaling. Compared to both pretrained and stimulus tuned baselines, our n=6
brain-tuned models show significant improvements to brain alignment across various lateral stream
ROIs (fig. [2). We report significantly increased alignment (p<0.05) to both subregions (aSTS, pSTS)
of the STS (tuning target), and to one of two neighboring ROIs in the lateral stream (LOC). We
observe no significant changes in alignment between our pretrained and stimulus-tuned baselines,
confirming that increased brain-alignment in our brain-tuned models is not merely due to stimulus
exposure.

Downstream Tasks Results. Our brain-tuned models significantly outperform baselines on both the
full MUStARD sarcasm detection dataset (p<0.05), as well as the dataset after removing all Friends
clips (p<0.01) (fig. Bp). In contrast, we observe no improvements or decreased performance on the
sentiment and emotion prediction task (CMU-MOSEI). These results suggest our model improves
performance on a social cognition task similar to the training stimulus (MUStARD), but that these
increases do not generalize to a markedly different context (CMU-MOSEI). In the appendix, we
break down our emotion classification results by individual emotion.

5 Conclusion

Our findings demonstrate that brain-tuning a multimodal audio-video model to a social cognition
region (STS) not only increases alignment to the target area but also extends improved alignment to
an adjacent lateral stream ROI. This increased alignment is accompanied by significant gains on a
related social cognition task when the evaluation context resembles the training stimulus, sarcasm
detection in sitcoms. However, these gains do not generalize to sentiment and emotion prediction in
markedly different contexts, suggesting a limitation in the transferability of brain-tuning effects to
contexts unseen during training. While our study was limited to a single model and a small number
of evaluations, the results serve as a proof of concept for targeted brain-tuning as a means to enhance
both brain alignment and task performance in relevant domains. We suggest future researchers
experiment with larger LLM based multi-modal architectures, as well as more diverse evaluation and
training datasets.
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A Appendix

This appendix contains the following sections:
In appendix [A. T} we provide additional information on the subjects used in the fMRI data collection.

In appendix [A.2] we visualize the effect of the accuracy threshold on the number of voxels we can
brain-tune on.

In appendix[A.3] we display the changes in brain alignment for all subjects.

In appendix[A.4] we expand on the CMU MOSEI evaluation results across all emotions.
In appendix we show the STS region mask.

In appendix[A.6] we discuss the potential broader impacts of our work.

In appendix we provide information on how to access our code and relevant data.

In appendix[A.8] we include all licensing information.

A.1 Participants

Six healthy participants (aged 31 to 47 years at the time of recruitment in 2018), three women (sub-03,
sub-04, and sub-06) and three men (sub-01, sub-02, and sub-05) were recruited to participate in the
Courtois Neuromod Project for at least 5 years. All subjects provided informed consent to participate
in this study, which was approved by the ethics review board of the “CIUSS du centre-sud- de- I'ile-
de- Montréal” (under number CER VN 18-19-22). Three of the participants reported being native
franco- phone speakers (sub- 01, sub-02, and sub-04), one as being a native anglophone (sub-06),
and two as bilingual native speakers (sub-03 and sub-05). All participants reported the right hand as
being their dominant hand and reported being in good general health. Exclusion criteria included
visual or auditory impairments that would prevent participants from seeing and/or hearing stimuli in
the scanner and major psychiatric or neurological problems. Standard exclusion criteria for MRI and
MEG were also applied. Lastly, given that all stimuli and instructions are presented in English, all
participants had to report having an advanced comprehension of the English language for inclusion.
The above boilerplate text is taken from the cNeuroMod documentation [[7]], with the express intention
that users should copy and paste this text into their manuscripts unchanged. It was released by
the Courtois NeuroMod team under the CCO license. For more details regarding fMRI acquisition,
stimuli presentation

A.2  Cross Subject Prediction Accuracy Calculation

We follow recent studies [31], [[14]] in adapting [34]’s method to estimate cross-subject prediction
accuracy for each voxel. For each subject, we generate all possible subsets of the remaining 5 subjects,
and for each subset we use a voxel-wise encoding model (see Sec. 5) to predict one participant’s
response from the others. As in previous studies [14}31]], the final value is calculated as an average at
the group level. These cross-subject encoding models are trained using nine episodes (7700 TRs)
from the first season of Friends, and tested on three other episodes from the same season (2872 TRs).
In fig. 4] we display the number of viable voxels based on the cross subject prediction accuracy
threshold. We observe that Subject-05 has no remaining voxels above 0.25, and thus deem this as our
cut-off.

A.3 Differences in Normalized Brain Alignment For all Subjects

In fig. 5} we display the differences in normalized brain alignment for all subjects. Most subject
models show improved alignment in and around the STS, but these improvements do not consistently
extend to other regions.

A4 CSUMOSEI Complete Emotion

In fig.[6] we breakdown the performance of the model across each emotion aggregated in the CMU
MOSEI evaluation (See fig.[3] rightmost chart). Notably, sadness is the only emotion with significantly
improved F1 score - however, we also observe decreased accuracy (A2). Although sadness occurs in
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Figure 4: A subject (Subject 5) has no voxels in the STS above a cross subject prediction accuracy
threshold of 0.25, and thus we cannot perform brain-tuning.

Difference in Brain Alignment(Brain-tuned - Pretrained)
Subject-01 Subject-02
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Figure 5: Differences in Normalized Brain Alignment before and after brain-tuning.
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Figure 6: A breakdown of the performance of the model across each emotion aggregated in the CSU
MOSEI evaluation (See fig. [3] rightmost chart).

Friends, it is it not the dominant emotion in the show [33]]. In future work, we hope to investigate this
finding further for an explanation.

A.5 Visualization STS Region

We display the voxel mask of the STS region which we tune our model to in fig.[7}

A.6 Broader Impacts

Our work can be an initial step towards creating Al models with better understanding of human social
cognition using brain activity as a tuning target. This could have positive impacts, such as improving
Al-human communication or potential uses in Al-assisted therapy. Further, an Al model which
can replicate human social cognition may be a useful in-silico model helping us understand social
cognition in humans. On the other hand, this could enhance the abilities of Al for human manipulation.
We urge future researchers to consider these pros and cons as they continue investigating this topic.

A.7 Data and Code Availability
The fMRI data used to perform the brain tuning are openly available through registered access at link
https://www.cneuromod.ca/access/access/.

To get our code, and for exact instructions on how to replicate or results, please visit https:
//huggingface.co/AnonymousSubmission43/mmbt, download and unzip all files, and follow
the instructions on the README.md in mmbt-anon.

Due to privacy concerns, we do not release model weights or cross subject prediction accuracies, as
these are derived from subjects’ brain data.

A.8 Licenses

Method Diagram: Our method diagram in fig.[T]includes an audio sound wave, licensed under the
public domain. You can find the url here: https://www.pngfind.com/maxpin/bwRwR/

Models:


https://www.cneuromod.ca/access/access/
https://huggingface.co/AnonymousSubmission43/mmbt
https://huggingface.co/AnonymousSubmission43/mmbt
https://www.pngfind.com/maxpin/bwRwR/

STS

Figure 7: The STS, LOC, and EBA regions from coronal (left), lateral (middle), and horizontal (right)
views.
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* nilearn: BSD https://github.com/nilearn/nilearn/blob/main/LICENSE
* matplotlib: BSD https://github.com/nilearn/nilearn/blob/main/LICENSE
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* CMU-MOSEI: MIT https://github.com/CMU-MultiComp-Lab/
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* MUSTARD: MIThttps://github.com/soujanyaporia/MUStARD/blob/master/
LICENSE

* Courtois NeuroMod: CCO https://creativecommons.org/publicdomain/zero/1,
0/legalcode
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: In the abstract and intro, we make claims which are backed up by our exper-
imental results - we claim increases to alignment and improvements to one of two social
perception tasks, which accurately reflect the results we find through statistical testing.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Yes, see conclusion (section[5) for a discussion of the studies limitations (we
use single model and a small number of evaluations).

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]



Justification: We do not include any theoretical results in our paper that require justification.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: In the methods section (section [3]), we fully describe our tuning architecture,
the hyper parameters used during training, the specific datasets we use, how we calculate
the cross subject prediction accuracies, and make all code publicly available. We do not
release any weights or cross subject prediction accuracies derived from fMRI due to privacy
concerns, but you can reproduce our experiments following the instructions in our paper and
our code. See appendix [A.7]

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.



5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide open access to our code, with instructions describing how to run
the main experiments in the documentation, see appendix

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: In section [3.2] we provide details on training and testing, including the data
splits, optimizer type, the choice of hyperparameters, and how they were chosen. Further-
more, one can view our provided code documentation for these settings, see appendix

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We carry out significance testing as described in the methods (section [3))
section of the paper, for both alignment and downstream tasks. For our downstream tasks
(fig. B)), we also include error bars on the brain-tuned models. These are calculated using
scipy.stats.sem on the metric scores across our 6 brain-tuned models. We do not include error
bars in our brain-alignment plots (section - as all values are paired within participants,
conventional error bars for independent samples are not applicable. We perform a paired
(wilcoxon) statistical test and indicate significance in the figure instead.


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: At the end of section[3.2] we provide these details (Each brain-tuning uses 1
H100 GPU and 16 AMD EPYC 9654 CPUs on 244 GB of RAM, and takes approximately
70 hours on an H100 GPU. Each evaluation uses the same compute resources, and takes
approximately 90 minutes.)

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We do not collect any data involving human participants, nor publish any novel
dataset, nor expose any personal information. The CNeuromod dataset involving human
subjects was collected with the approval the review board “CIUSS du centre-sud-de-1’ile-de-
Montréal” (under number CER VN 18-19-22).

Guidelines:

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
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11.

12.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: In appendix [A.6] we discuss potential broader impacts of our work.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper poses no such risks (no novel data or models being released that
have a possibility of misuse)

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: In appendix cite all existing assets used with their respective version.
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13.

14.

15.

Guidelines:

* The answer NA means that the paper does not use existing assets.

 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We release our code, alongside details about training and evaluation of our
brain-tuned model see appendix

Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: We include details of stimulus presentation as is relevant to the project
(subjects watched Friends half-episodes), and don’t include more detail as we feel it
is not necessary to understand our method or results. Subject details can be found
at appendix [A.I] Compensation information is not provided in the original cneuro-
mod dataset. Further details can be found in the cneuromod documentation at https:
//docs.cneuromod.ca/en/2020-alpha2/MRI.html#stimuli

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The study did not itself collect any data from human subjects, but uses the
cneuromod 2022-alpha release of the Friends dataset. All subjects provided informed
consent to participate in the cneuromod data release, which was approved by the ethics
review board of the “CIUSS du centre-sud-de-1"ile-de-Montréal” (under number CER VN 18-
19-22). For more details, see the cneuromod documentation: https://docs.cneuromod,
ca/en/latest/DATASETS.html#friends

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: Our research does not involve any LL.Ms as any important, original or non-
standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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