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Abstract

To what extent do human brains and language models (LMs) share internal represen-
tations of language, and how do these representations differ? Prior work has shown
that LM representations can predict brain responses to naturalistic language stimuli,
suggesting that the two systems encode common information. However, which
features are shared between brain and LM representations and which are selectively
used in brains and LMs have remained underspecified. We propose Brain-LM
crosscoders, which decompose brain responses and LM representations into shared
sparse features and label each feature as being shared, brain-specific, or LM-
specific based on its predictive contribution to each representation. Experiments on
naturalistic language listening fMRI data show that language associated with body,
family, and action tends to be brain-specific, whereas colloquial expressions tend to
be LM-specific. Brain-LM crosscoders compare biological and artificial language
representations at the feature level, which will contribute to scientific discovery in
both neuroscience and artificial neural network research. Our code is available at
https://anonymous.4open.science/r/brain-1lm-crosscoder/

1 Introduction

Language neuroscience and language model (LM) interpretability studies share an interest in how
information of natural-language stimuli is represented inside the brain and models, respectively.
Encoding models that predict brain responses from stimulus features have served as a standard tool
in neuroscience to understand the nature of internal representations (Mitchell et al., [2008; [Huth
et al.} 2016). Subsequent studies revealed that contextual LM representations predict brain responses
better than static word embeddings (Jain and Huth} 2018)), and that LM representations predict brain
responses across layers, model scales, and training objectives (Schrimpf et al., 2021} |Caucheteux
and King| 2022} Toneva and Wehbe| 2019; Hosseini et al., 2024). These results indicate that LM
representations and brain responses use the shared information extracted from the linguistic stimuli.

Encoding models are effective for measuring the degree to which LM representations approximate
brain responses. However, it remains difficult to distinguish features that are shared between the brain
and LMs from those that are clearly represented in one but not the other. Studies analyzing prediction
errors can identify aspects of brain responses that LMs fail to capture (Zhou et al.,[2024), but this
approach is inherently asymmetric because it cannot extract features that are clearly represented
in LMs but absent in the brain. A symmetric and feature-level comparison is therefore needed to
identify where the two representations align and where they diverge.

We propose Brain-LM crosscoder, a sparse decomposition that maps fMRI responses and LM
representations to a shared sparse latent vector and reconstructs each representation with a separate
decoder (Figure T). Each latent coordinate represents a candidate linguistic feature. For each feature,
we measure the explained variance (EV) in both fMRI responses and LM representations. Feature
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Figure 1: Overview of Brain-LM crosscoder. Time-aligned fMRI responses and language model
(LM) representations for the same linguistic stimuli are encoded into a shared sparse feature vector.
Token-level LM representations are resampled to the fMRI repetition-time (TR) grid with Lanczos
resampling and averaged over four preceding TRs to account for hemodynamic delay. The crosscoder
reconstructs each representation with a separate decoder. For each feature, leave-one-out explained
variance (EV) in brain responses and LM representations is computed, and the relative difference
AEV classifies features as shared (JAFY| < 0.9), brain-specific (AEY > 0.9), or LM-specific
(AFY < —0.9).

predominance is defined as the relative difference between these two EV values, indicating whether
a feature predicts fMRI responses or LM representations better. A brain-specific feature indicates
more variance in fMRI responses than in LM representations, while an LM-specific feature shows
the reverse pattern. This feature-level comparison between the brain and LMs stands in contrast to
the layer-level comparisons that are typical in recent encoding models.

We apply this method to naturalistic fMRI data from |[LeBel et al.| (2023)) with four LMs and three
subjects and report three findings. First, we found that most shared features disappear
when stimulus alignment between brain and LM is randomly shuffled, suggesting that these features
reflect shared subspaces of the representations rather than artifacts.

Second, an automatic interpretability analysis shows that around 40% of the learned features are
interpretable in comparison with a random explanation. Third, we found that body, family, and
action-related language is associated with brain-specific features, whereas colloquial markers and
fillers are associated with LM-specific features.

2 Related work

Brain encoding models. An encoding model is a computational model that describes how input
stimuli determine the output response of cognitive systems. In language neuroscience, encoding
models predict brain responses from stimulus features (Mitchell et al., 2008} [Huth et al., 2016)).
Contextual LM representations improved prediction over static word embeddings (Jain and Huth,
2018). Subsequent work studied layerwise alignment, scaling, and the relation between next-word
prediction and brain predictivity (Toneva and Wehbe} [2019; |Antonello et al.| 2023} [Caucheteux
et al.| 2023} Merlin and Toneva, 2024; |[Lei et al.l 2025} [Lopez-Cardona et al., 2025} |Singh et al.|
2025)). Building on these approaches, our proposed method identifies which sparse latent features
jointly reconstruct brain and LM representations and characterizes each feature as brain-specific or
LM-specific based on its predictive contribution to each representation.

Divergences between brains and language models. |[Zhou et al.|(2024) analyzed words with large
encoding errors and found that LMs fail to capture social and physical aspects of brain responses.
Xu et al.| (2025) compared conceptual word ratings between humans and LLMs and found that
LLM-human similarity decreases from non-sensorimotor to sensory to motor domains, a result
that suggests sensorimotor grounding is a major source of the gap. Mahowald et al.| (2024)) argued
that LLMs acquire formal linguistic competence but not functional competence. However, these
approaches characterize divergences along predefined categories or in the LM-to-brain direction, and
do not address which features LMs capture that the brain does not and vice versa. By treating the
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two representations symmetrically, our approach, the Brain-LM crosscoder, aims to identify both
brain-specific and LM-specific features.

Dictionary learning. Dictionary learning represents observed value as sparse linear combinations
of basis vectors (Olshausen and Field, 1996} |Aharon et al.,|2006). In neuroscience, this technique
has been applied to extract resting-state functional networks and brain regions from fMRI data
in a data-driven manner (Eavani et al., 2012} Varoquaux et al.| [2011; |Abraham et al., 2013} [Lee
et al.| 2011} [Dohmatob et al.l2016). In LM interpretability, sparse autoencoders (SAEs), a form of
dictionary learning, are used to obtain monosemantic, interpretable features from internal representa-
tions (Bricken et al.,[2023; [Huben et al., 2024). Recent work has been proposed crosscoders, SAE
variants designed to identify differences between layers or models (Lindsey et al., [2024; Minder et al.|
2025}; [Thasarathan et al.| [2025; Kassem et al., 2025 [Boughorbel et al.|, [2025). These methods have
so far been applied within either brain data or LM activations alone, but we apply them across both
domains to investigate correspondences between the two representations.

3 Method

Our method encodes brain responses and LM representations into a shared sparse latent space. This
enables the extraction of both shared features and representation-specific features within a single

unified framework (Figure T). Notation used in this paper is summarized in[Appendix A]

3.1 Preparing brain and language model representations

For each time point ¢ on the repetition-time grid, the method uses a brain response and an LM
representation derived from the same stimulus transcript. In this study, we use fMRI BOLD signals as
the brain responses. We denote these time-aligned observations by xP*ait € Rdbrain and x2M € Rtm,
Here dy;in 1s the number of voxels and dy ) is the LM representation dimension.

Representation of brain and language model. In this paper, the brain representation is the blood-
oxygen-level-dependent (BOLD) response measured while a participant listens to natural-language
stories. The response is sampled at every repetition time (TR) and treated as a vector over voxels.
The LM representation is the hidden-state activation at a specific layer when the same transcript is
provided as input to the LM.

Temporal alignment. Brain responses and LM representations are observed on different time grids.
We resample token-level LM representations to the TR grid with Lanczos resampling, following prior
work on encoding models (Huth et al.,2016). This gives an LM vector aligned to each BOLD sample.

Hemodynamic delay. The BOLD response reflects neural activity after a delay. For each BOLD
sample, we therefore use four preceding TR-sampled LM representations, corresponding to approx-
imately 2, 4, 6, and 8 seconds before the BOLD sample. These delayed LM representations are
averaged. We hereafter refer to this averaged vector as the LM representation x-M

Normalization. Brain and LM representations are centered and scaled with training-set statistics
so that both have a root sum square (RSS) of 1. This keeps the reconstruction objective from being
dominated by the raw norm of either representation.

3.2 Brain-LM crosscoder

Crosscoders have been proposed for analyzing differences between models in LM interpretability, but
prior work has been limited to comparisons between language models (Lindsey et al., 2024} Minder
et al.| 2025} [Kassem et al., 2025} [Boughorbel et al.,2025)). Brain-LM crosscoder extends this method
to brain responses and LM representations as shown in [Figure ]

Architecture. Our main crosscoder architecture follows [Minder et al.| (2025). The Brain-LM
crosscoder maps the brain response x?™" and the LM representation x, “* at time  into a shared
diaent-dimensional latent space. Applying a sparse activation function to this representation yields a

latent z; € R%en whose i-th coordinate z,; corresponds to the activation of feature ¢ at stimulus
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time ¢. The decoder has separate weights for each modality and reconstructs the brain response and
the delayed LM representation from the latent variable, as follows.

z; = BatchTopK (Weranxpit + WExi™M + bepe), k) (1)

)A{';)rain _ ngzinzt, (2)

M = Willz,. 3)

Here WPrain and WIM are modality-specific encoder weights, Whain and WEM are modality-

specific decoder weights, and by, is the encoder bias. The parameter k is the target number of active
features. The model uses tied weights (Wene = W ). BatchTopK is the sparse activation function
that retains only the Bk largest pre-activations across a batch of B examples and zeros out the rest,

so that each example has k active features on average (Bussmann et al.,2024) (Section C.1I).

Loss function. For one pair of training examples, the training loss is

£ = i — pein 2+ b — REMY 4 TV(WEE®) + Ly @
Here, TV(-) is total variation (Rudin et al.,|1992; Michel et al., 201 1)) to penalize large differences
between adjacent voxel weights in the brain decoder and reduce overfitting (Section C.2). Ly, is
an auxiliary loss that encourages inactive features to explain residual error, and « is its coefficient
(Gao et al., [2025) (Section C.3). To reduce overfitting and make the learned feature vectors less
dependent on weight initialization, we jointly train multiple crosscoders with different weight
initializations while sharing their latent activations, and use the average of their weights at inference
time (Section C.4). This can be regarded as a form of cluster ensemble and consensus clustering
(Strehl and Ghoshl 2003; Monti et al.| 2003} [Fred and Jain, 2005).

3.3 Brain-LM predominance

Prior studies using crosscoders identified model-specific features by comparing the norms of per-
feature decoder weight vectors (Lindsey et al.,|2024; Minder et al., [2025). However, decoder norm
does not directly measure a feature’s contribution to reconstruction. A feature that is present in
both models but has a relatively small decoder norm in one model may be incorrectly classified as
specific to the other model. This issue may be negligible when comparing closely related models
such as a base model and its chat-tuned variant, but it requires careful consideration when comparing
heterogeneous representations such as brain responses and LM activations. We therefore use cross-
validated prediction performance to classify features as shared, brain-specific, or LM-specific.

Specifically, we use explained variance (EV) with leave-one-out cross-validation (LOOCYV) for
brain responses (EVErai“) and for LM representations (EV%M) as the predictive performance of
each feature :. Each EV measures the fraction of target variance that a one-dimensional linear
projection from the feature activation recovers. We fit an ordinary least-squares regression of the
target representations on the scalar activation z;; with an intercept and compute the prediction
residual for each hold-out data. The EV is defined as one minus the ratio of the total squared LOOCV
residual to the predictable variance. The predictable variance is defined as the total variance minus the
noise variance. For brain responses, the noise variance is estimated from repeated responses, so that
the EV is normalized by the variance that is in principle predictable. For LM representations, noise
correction is not applied because LM representations are deterministic. The closed-form expression
and estimation details are given in A negative EV estimate that feature 7 does not
generalize to hold-out time points.

When at least one of EVP™™ and EVIM is positive, we define Brain-LM predominance AFY €

[—1, 1] of feature 7 as

max(EVP™® 0) — max(EVFM 0)
max(EV}™™ EVIMY)

AEV > 0 indicates that feature i predicts brain responses better than LM representations, and

AEV < 0 indicates the reverse. When both EV]Z?’rain and EV%M are non-positive, the feature does
not generalize to either representation, the predominance ratio is undefined, and we label the feature
non-predictive.

EV _
APV =

; &)

We classify the remaining features into three categories: shared features satisfy |[AEFV| < 0.9,
brain-specific features satisfy APV > 0.9, and LM-specific features satisfy AEY < —0.9.
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4 Experiments

We train Brain-LM crosscoders using BOLD responses of three subjects and internal representations
of four LMs (Section 4.1)), and analyze the learned features through the following experiments.
First, we compare crosscoders trained on time-aligned representations of the brains and LMs with
crosscoders trained on shuffled representations, to test whether shared features reflect shared in-
formation within representations derived from the same stimulus (Section 4.2). We then apply an
automatic interpretation pipeline (Paulo et al.,|2025) in which one LLM generates a description of
each feature from stimulus transcripts that activate the feature and another LLM uses that description
to predict hold-out activations (Section[4.3). Finally, we identify transcript words that characterize
brain-specific and LM-specific time points to characterize the two groups at a global level (Section

4.4).

4.1 Experimental setup

Dataset. We use the natural-language fMRI dataset of [LeBel et al.[(2023), specifically subjects
UTSO01, UTS02, and UTS03. BOLD responses are sampled at TR=2 seconds. The stimuli are English
podcast stories of roughly 10-15 minutes each. We use 58 stories for training, 8 for validation, and
17 for testing.

Language model representations. The language models used in our experiments are Llama-
3.1-8B-Instruct, Llama-3.1-70B-Instruct (Grattafior1 et al.l 2024), Qwen3-8B, and Qwen3-32B
(Team, [2025])). For each model, we use the residual stream at the layer where the performance of a
conventional encoding model is highest. The selected layers are 12 for Llama-3.1-8B-Instruct, 19 for

Llama-3.1-70B-Instruct, 20 for Qwen3-8B, and 47 for Qwen3-32B (Appendix E)).

Training configuration. Each crosscoder uses dictionary size djatent = 128 (equal to the number
of features), BatchTopK sparsity £k = 4, and five crosscoders with different initial weights for
multi-start cluster ensemble. We train for 300 epochs with batch size 2048. Optimization uses Adam
with learning rate 10~* (Kingma and Bal, [2015). The auxiliary-loss coefficient is o = 0.03125.

to[F] provide the preprocessing, training, and analysis details.

4.2 Are shared features derived from shared stimuli?

This experiment asks whether shared features arise because fMRI responses and LM representations
carry information about the same stimulus at the same time, or simply because each representation
has similar statistical structure on its own. We compare a time-aligned condition that trains on
representations derived from the same stimulus with a shuffled condition that permutes brain-response
time points before training. The shuffle preserves the marginal distribution of brain responses and
LM representations, while removing their time alignment between the two. If Brain-LM crosscoder
relies only on these marginal distributions, the shuffled condition should produce nearly the same
fractions of shared, brain-specific, and LM-specific features as the time-aligned condition. If the
learned features depend on aligned stimulus content, the fraction of shared features should drop under
the shuffle.

The fraction of shared features decreases under the shuffled condition for all three subjects and all four
LMs (Figure 2)). Averaged over the four LMs, the fraction of shared features falls from approximately
34% in the time-aligned condition to approximately 3% in the shuffled condition, while the fraction
of LM-specific features grows from approximately 58% to approximately 91%.

The contrast between the two conditions indicates that shared features reflect information that is
jointly carried by stimulus-aligned brain responses and LM representations. This validates the use of
shared, brain-specific, and LM-specific feature groups in the subsequent analyses, where each group
is treated as a meaningful feature set that depends on cross-modal time alignment.

4.3 To what extent are the learned features interpretable?

We then examine how often learned features can be described in the stimulus transcripts. We use
an automatic interpretation pipeline adapted from recent SAE work (Paulo et al.| 2025). Each time
point ¢ is represented by a transcript window, the segment of the stimulus transcript from 8 seconds
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Figure 2: Feature-category ratios for Brain-LM crosscoders trained on three subjects and four
language models. Each bar shows the fraction of 128 features classified as shared (JAEV| < 0.9),
brain-specific (AEVY > 0.9), LM-specific (AEV < —0.9), or neither (both EV values non-positive),
where AFV is the relative difference between leave-one-out explained variance for brain responses
and for LM representations. In the time-aligned condition, fMRI and LM time points are stimulus-
aligned. In the shuffled condition, brain-response time points are randomly permuted before training,
destroying stimulus alignment. The fraction of shared features drops from approximately 34%
(time-aligned) to approximately 3% (shuffled).

before ¢ to t. For each feature, an explainer LLM receives transcript windows where the feature
activates and transcript windows where it does not, and generates a short description of the difference
between the two groups. The top-activating transcript window means the transcript window at time
points where the feature activation z, ; is largest. A detector LLM then receives this description and
hold-out transcript windows, and classifies each window as one in which the feature activates or
not. We measure interpretability by detection accuracy on these test windows. Detection accuracy is
calculated as the fraction of transcript windows that the detector LLM correctly classifies as activating
or not. A one-sided binomial test with FDR correction at ¢ = 0.05 identifies descriptions that predict
activations in the test windows better than random choice.

Across all 1,536 features learned from time-aligned brain and LM representations, mean detection
accuracy is 0.589, above the baseline of random choice at 0.5. In total, 632 explanations pass the
binomial test after correction for FDR, corresponding to 41.1% of all features, and these significant
features have mean detection accuracy 0.663 (Figure 3and[Table T)).

Figure 4] shows three representative features from the Brain-LM crosscoder using UTS03 and Llama-
3.1-70B-Instruct. The brain-specific feature (Feature 101, APV = +0.98) responds to passages
of personal reflection and emotional connection. The shared feature (Feature 11, AEV +0.66)
activates on geographic locations and place names, a pattern that both the brain and the LM encode.
The LM-specific feature (Feature 45, APV = —1.00) fires on fragmented speech with repeated fillers
and self-corrections. Explanations of all other features for UTS03 and Llama-3.1-70B-Instruct are

provided in

4.4 What distinguishes brain-specific and LM-specific time points?

Finally, we investigate which transcript words are associated with brain-specific and LM- speciﬁc time
points. We aggregate feature predominance at each TR into a scalar score Dy = >, z; ;A V., which
sums the predominance values of active features after scaling them by their activations. TRs with
Dy > 0.9 form the brain-specific group, and TRs with D, < —0.9 form the LM-specific group. For
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Figure 3: Detection accuracy of automatically generated feature explanations, grouped by
subject and language model. For each of the 128 features per crosscoder, an explainer LLM receives
the top-activating and non-activating transcript windows and generates a short description of the
feature. A separate detector LLM uses this description to classify hold-out test transcript windows as
activating or non-activating. Detection accuracy is the fraction of correct classifications. The dotted
line (accuracy = 0.5) marks chance level.

Table 1: Detection accuracy of automatically generated feature explanations for each of the
12 subject-language model pairs, all trained on stimulus-aligned (paired) observations. Each
crosscoder learns 128 features. For each feature, an explainer LLM generates a description from
the top-activating transcript windows, and a detector LLM classifies held-out test windows using
this description. Mean detection accuracy is the average fraction of correctly classified windows
across all 128 features. FDR-significant features is the number of features whose detection accuracy
is above chance (0.5) by a one-sided binomial test after Benjamini—-Hochberg correction at ¢ = 0.05.

Language model Subject Mean detection accuracy ~ FDR-significant features
Llama-3.1-8B-Instruct UTSO01 0.618 77
Llama-3.1-8B-Instruct UTS02 0.614 81
Llama-3.1-8B-Instruct UTS03 0.612 75
Llama-3.1-70B-Instruct ~ UTSO01 0.611 66
Llama-3.1-70B-Instruct ~ UTS02 0.622 82
Llama-3.1-70B-Instruct  UTS03 0.617 76
Qwen3-8B UTSO01 0.563 33
Qwen3-8B UTS02 0.578 41
Qwen3-8B UTS03 0.555 20
Qwen3-32B UTSO01 0.551 18
Qwen3-32B UTS02 0.565 30
Qwen3-32B UTS03 0.570 33

each group, we lemmatize the corresponding word counts and rank words by the log-odds ratio with
an informative Dirichlet prior (Monroe et al.| 2017)). This statistic measures whether a word occurs
more frequently in one predominance group than the other, controlling for its overall frequency in the

dataset. gives the exact calculation.

shows that LM-specific word clouds include colloquial expressions such as like, gonna,
and know. They are consistent across all 12 configurations. Brain-specific word clouds are more
heterogeneous, but they repeatedly include body, family, and action terms such as hand, mother, and
walk.



242

243
244
245
246
247
248
249
250
251

252
253
254
255

257
258

260

261
262
263
264

BRAIN-SPECIFIC
Feature 101
AEV=1098  Acc.=0.68
Explanation:

Reflection on meaningful per-
sonal relationships and emotional
connections

Top activating text:

“like a cloud of black robes you know the

priests move off into the dark a a and and
we’re free to go and i just you...”

“america i’m strong and today i’'m an a

a sergeant in the army national guard
because i can belong to an organiza-
tion...”

“and i find myself missing the conversa-

tions that we never had the questions i
never asked him but i”

SHARED
Feature 11
AEV=1066  Acc.=0.76
Explanation:

Specific geographic locations and
place names throughout the narra-
tion.

Top activating text:

“middle of the anza borrego desert which

is the northeast end of san diego county
and it’s a it’s a it’s an amazing. .. ”

“highway into ithaca and um it’s on the

southern shore of lake cayuga there’s flat-
land and these hills and it has a a...”

“the foothills of the uh atlas mountains not

far from my home base in marrakesh the
family i stayed with there”

LM-SPECIFIC
Feature 45
AEV=-100  Acc.=0.79
Explanation:

Fragmented, stammering speech
with repeated filler words and self-
corrections.

Top activating text:

“like the the the you like my when my

mother would go she had to go outa town
a couple times and he would take me

on...
“take a picture i’m like six years old and

crying and stuff and uh and and i’'m think-
ing of this shit as i’m pulling into...”

“i never made love with the art counselor

again but i you know we parted amicably
it was very sweet and i go back to...”

Figure 4: Three representative features from the Brain-LM crosscoder trained on subject UTS03
with Llama-3.1-70B-Instruct. A"V is the Brain-LM predominance: positive values indicate that
the feature explains more leave-one-out variance in fMRI responses than in LM representations, and
negative values indicate the reverse. “Acc.” is the detection accuracy of the automatically generated
explanation. The 3 examples per card are the top-activating transcript windows. Cortical maps show
voxelwise Pearson correlation between the feature activation and the fMRI response on held-out test
data; only voxels with FDR-corrected p < 0.05 are shown.

5 Discussion

Interpretation of Brain-LM predominance. A brain-specific feature predicts fMRI responses
better than LM representations. This means that the brain response encodes information along that
feature dimension that the LM does not capture. The log-odds word ranking (Section 4.4) shows that
brain-specific time points are characterized by body, family, and action expressions (Figure 5). These
semantic categories are grounded in sensory and motor experience that the brain encodes during
language comprehension but that text-only LMs lack direct access to. This result is consistent with
Zhou et al|(2024), who found that LMs under-explain social, emotional, and physical aspects of
brain responses. Brain-specific features may therefore capture embodied and social knowledge not
available in text corpora.

LM-specific features predict LM representations better than fMRI responses. The same log-odds
word ranking associates LM-specific time points with colloquial markers, fillers, and contractions
(Figure 3). LM training corpora consist primarily of written text, in which fillers, contractions, and
other spoken-language markers are rare. When the LM processes the podcast transcripts used in
this experiment, these colloquial tokens are distributional outliers relative to the training distribution,
so the LM is likely to represent them with distinctive activation patterns. The brain, by contrast,
processes spoken language routinely and may not produce as distinctive a response to these tokens.

Brain-LM predominance thus reflects the difference between the embodied semantics that the brain
encodes and the representations that the LM derives from text input alone.

Asymmetry between brain-specific and LM-specific feature counts. Across all three subjects
and four LMs, LM-specific features outnumber brain-specific features (Figure 2). A likely explanation
is that the effective dimensionality of fMRI responses is lower than that of LM representations. The
BOLD signal has limited temporal resolution, which constrains the number of linearly independent
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Figure 5: Predominance word clouds for all subject—language model pairs. Rows are language
models; columns are subjects. For each crosscoder, a TR-level predominance score D; = ) . zmA;EV
is computed by summing the activation-weighted feature predominance values over active features.
TRs with D; > 0.9 form the brain-specific group (left, red), and TRs with D; < —0.9 form the
LM-specific group (right, blue). Word size is proportional to the log-odds ratio with an informative
Dirichlet prior, reflecting how characteristic a lemmatized word is of one group relative to the other.
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patterns recoverable from each time point. The LM hidden states have 4096 to 8192 dimensions and
are computed deterministically from the input, so they carry many more distinguishable patterns per
time point. Features whose activation time courses correlate with these LM-specific patterns but lack
a detectable fMRI counterpart are classified as LM-specific. This asymmetry is a property of the
measurement rather than of crosscoders: the brain may encode linguistic distinctions that BOLD
fMRI lacks the resolution to detect. Higher-field imaging, finer spatial sampling, or complementary
recording modalities with higher temporal resolution could make additional brain-encoded patterns
accessible.

Limitations.

* The present experiments are correlational. They do not establish that the brain and LM perform the
same causal computation, even when a feature is shared.

» The LM uses text transcripts, whereas the participants heard speech. Auditory and prosodic features
are therefore only indirectly represented in the LM input.

* The dictionary size of 128 is small compared with those used in common LM interpretability
studies (Bricken et al, 2023} [Gao et al.| [2023). This is due to the limited information content and
amount of training data available of fMRI BOLD signals.

* The automatic interpretation accuracy depends on another LLM and should be treated as an
automatic first-pass filter over features, not as a substitute for human and experimental validation.

Broader impact. This work is basic research that compares internal representations of human brains
and language models. Possible positive applications include improved brain-computer interfaces
and more biologically informed design of language models. A potential risk is that decoded neural
representations could reveal private cognitive or emotional states if applied without informed consent.
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A Notation

Table 2: Notations used in this paper.

Symbol Description

t time point on the repetition-time grid

n number of training TRs

dbrain dimensionality of the brain response, equal to the number of fMRI voxels

drm dimensionality of the LM representation

Alatent dimensionality of the sparse latent space, equal to the dictionary size
target number of active features in BatchTopK sparsification

R number of decoder starts used for multi-start cluster ensemble

X}grain c Rbrain
xiM ¢ Rdu

2; € Rlintont

Zt,i

Z c RnXdlacem
Xbrain c Rnxdbm;n
XLM c RnXdLM

fMRI response at time ¢

delay-averaged LM representation at time ¢

sparse latent feature vector at time ¢

activation of feature ¢ at time ¢, the ith coordinate of z;
matrix of training feature activations

matrix of training brain responses

matrix of training LM representations

brain diatent X dbrain
A
latent X ALM
Wenc' c R atent
Wbl‘aln c RdbrainXdlatent

dec

brain encoder weight matrix
LM encoder weight matrix
brain decoder weight matrix

WEM ¢ Rdim X diatent LM decoder weight matrix

Wgéil? € R%brain ith column of ngim, the brain decoder vector for feature ¢
Wﬁgg ; € RdLm ith column of Wﬁé\g, the LM decoder vector for feature 7
Dene € Rbatent encoder bias vector

Eyprain brain explained variance of feature

EVIM LM explained variance of feature ¢

02 o brain noise variance estimate

ARV relative explained-variance difference of feature ¢

Dy TR-level predominance statistic

B Dataset and preprocessing details

The dataset is OpenNeuro ds003020, using the derivative fMRI responses and TextGrid
forced alignments released with [LeBel et al.| (2023). We use subjects UTS01, UTS02, and
UTS03. The Hugging Face model identifiers are meta-llama/Llama-3.1-8B-Instruct,
meta-llama/Llama-3.1-70B-Instruct, Qwen/Qwen3-8B, and Qwen/Qwen3-32B. The fixed
split contains 58 training stories, 8 validation stories, and 17 test stories. The validation split
is used for layer selection and training monitoring. The crosscoder is trained on the training split, and
automatic interpretation is evaluated on the test split.

For each story, LM representations are cached at TR times. Token times are computed from tokenizer
character offsets and linearly interpolated word start and end times. Token hidden states are resampled
to the TR grid with a Lanczos window of 3. For each retained BOLD sample, the LM input is the
stack of the four preceding TR-sampled hidden states, corresponding to approximately 2, 4, 6, and
8 seconds before the BOLD sample. The crosscoder averages these four delayed vectors before
encoding and reconstruction.

Brain responses are centered and scaled by an RSS scale factor computed from the training TRs.
For LM representations, the RSS scale factor is computed from the delay-averaged training vectors
used by the crosscoder. Validation and test data use the training means and scale factors. The
shuffled condition applies the same preprocessing after randomly permuting brain-response time
points, thereby preserving marginal distributions while destroying stimulus alignment.
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C Crosscoder architecture details

C.1 BatchTopK activation function

BatchTopK (Bussmann et al.| [2024) is a sparse activation function that enforces an approximate
¢ sparsity constraint without an explicit ¢; penalty on the activations. Let a; = Wprainybrain 4

Wl:rll\g IM 4 bene € R%atent denote the pre-activation vector at time ¢. Each pre-activation a; ;

is scaled by the factor s; = [[WELa% |, + [WEN /||; before ranking, so that features with larger
decoder norms require proportionally larger encoder outputs to survive the selection. During training,
for a batch of B examples, BatchTopK retains the Bk largest scaled pre-activations across the entire
batch and sets all others to zero:

zt; = ReLU(a¢;) - 1[s; - ars > 0], (6)
where 0p is the Bk-th largest value among the B - djatent scaled pre-activations {s; - a;;} in the
batch. Because the budget Bk is shared across examples, each example has k active features on
average, but the actual number varies per example.

At inference time, the batch-level selection is replaced by a per-example threshold 6, estimated during
training as an exponential moving average of 5 with decay ~:
0+—~0+(1—7)0p. @)
The inference-time activation is
zt; = ReLU(ay ;) - 1[s; - ar; > 0]. 8)
We use v = 0.9 in our experiments.

Compared with ¢;-penalized sparse autoencoders, BatchTopK avoids feature suppression, in which
the ¢; penalty shrinks decoder norms toward zero even when the corresponding features contribute to
reconstruction (Minder et al.| [2025]).

C.2 Total variation regularization

The isotropic total variation (TV) regularization penalizes large differences between adjacent voxel
weights in the brain decoder to encourage spatially smooth decoder vectors and reduce overfit-
ting (Rudin et al., |1992; Michel et al.,[2011). Let V' be the number of voxels in the subject mask and
let E,, Ey, and I, be the sets of adjacent voxel pairs along the three spatial axes. For decoder start r
and feature ¢, with brain-decoder weights w,. ; € RY, we compute

1 %4

TV(WT,Z') = g Z m Z (wr,i,u - wr,i,v)2~ (9)
ac{zy,z} ! (uw)EE,

The TV term in the loss is the mean of TV (w,. ;) over decoder starts and features. Because this

quantity is already normalized, it is added directly to the loss; this is equivalent to using a TV

coefficient of 1.

C.3 Auxiliary loss

The auxiliary loss encourages inactive features to explain residual reconstruction error, preventing
them from remaining permanently unused (Gao et al.;,2025). A feature ¢ is considered inactive (dead)
if it has not fired within a sliding window of W = 19,414 TRs. Let D C {1, ..., djatent } denote the
set of dead features, and let rpr@in = xPrain _ gbrain gpg pLM — LM _ ¢LM pe the reconstruction
residuals from the active features. For each dead feature 7 € D, the encoder pre-activation a; ; from
the main forward pass is retained, and the auxiliary reconstruction is computed using only dead

features:
X = " ar; Wik s (10)
i€D
where m € {brain, LM} and W _, is the i-th column of the decoder weight matrix for modality
m. The auxiliary loss measures how well the dead features reduce the reconstruction residual:

‘Caux — Hrbram _ )A(aux bram”2 + ||I‘ )A(?ux,LM”% (11)

The auxiliary-loss coefficient is « = 0.03125. Without this term, dead features receive no gradient
signal from the reconstruction objective and remain unused, reducing the effective dictionary size.
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C.4 Multi-start cluster ensemble

To reduce overfitting and make the learned feature vectors less sensitive to weight initialization, we
train R decoder instances with different random initializations while sharing a single set of latent
activations. After training, the R decoder vectors for each feature are averaged, and this mean decoder
is used at inference time.

We use R = 5 decoder starts for each modality. For modality m and feature 4, the model trains
decoder vectors wi’;, ..., Wg,; € R9%m that share the same latent activation z,;. During training,

each target vector x}" is expanded to [x}"/ VR,... X7/ V/R] € REm _ This scaling preserves the
target norm after expansion. The encoder receives the same expanded vector, and tied encoder
weights are the transposes of the expanded decoder weights. For downstream feature analysis, we use
the mean decoder vector

Wi = %Zw:;. (12)

When computing latents after training, encoder weights derived from the mean decoders are scaled
by R so that the averaged decoders operate on the original, unexpanded representation scale.

D Closed-form explained variance with leave-one-out cross-validation

The leave-one-out cross-validated EV used in has a closed-form expression that avoids
retraining n separate projections. Let z; € R™ be the column-centered activation of feature ¢, and let

Y € R™ "™ be a column-centered target. The full-data one-dimensional least-squares coefficient is
Bi(Y)= —— cR™, (13)

For the regression of Y on ; with intercept, the leverage of TR ¢ is

1 2
hei=—+4 =5, (14)
113
and the LOOCYV residual at TR ¢ has the closed-form expression
~ _z 7;’\ ) Y
l00(y) = Y 2By, (15)

1—hyy
where §; € R™ is the tth row of Y. The LOOCV EV is then

LIy|z - L0 16 (Y)13
LOOEV;(Y,0%) = "ot ==l ‘;’ 2 (16)
YR =0
n ~LOO
1= 1€ ()13

= i . 17
1 —no? an

The numerator is the variance of Y recovered by the hold-out predictions, and the denominator
subtracts the noise variance o2 from the total target variance to obtain the predictable variance. The
brain and LM explained variances of feature ¢ are
brai brain _2 LM LM

EV;™" = LOOEV,; (X" g2 o), EV;™ = LOOEV,;(X*",0), (18)
where XPrain ¢ RnXdorain and XM ¢ R™*4iM gre the training brain responses and LM represen-
tations, and n is the number of training TRs. For brain EV, 02 = o2 . _ is estimated from repeated
responses to the story wheretheressmoke: after applying the same delay trimming and preprocess-
ing, we compute voxelwise variance across repeats, average over time, and sum over voxels. For LM
EV, 02 = (0 because LM representations are deterministic given the input.
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E Layer selection

Each LM layer is selected with a conventional encoding model before crosscoder training. For
each candidate LM layer, delayed LM representations are used to predict fMRI responses with
kernel ridge regression. The ridge coefficient is selected by five-fold cross-validation over
{1, 10, 100, 1000, 10000, 100000}. The layer with the best validation mean correlation is used
for crosscoder training. This procedure selects layer 12 for Llama-3.1-8B-Instruct, layer 19 for
Llama-3.1-70B-Instruct, layer 20 for Qwen3-8B, and layer 47 for Qwen3-32B. shows
the validation mean correlation across normalized layer depth for the language models used in the
layer-selection analysis.

0.09 | 9 ]
0.08 |

0.07 |

0.06 |
I Llama-3.1-8B-Instruct

== Llama-3.1-70B-Instruct ]
Qwen3-8B

—: Qwen3-32B

Mean Correlation

0.05

0.04 . .

0.0 0.2 0.4 0.6 0.8 1.0
Normalized Layer Depth

Figure 6: Layer selection for language model representations used in crosscoder training. For
each language model layer, a kernel ridge regression encoding model predicts fMRI responses from
delay-averaged LM representations. The plot shows validation-set mean Pearson correlation between
predicted and observed fMRI responses as a function of normalized layer depth (layer index divided
by total number of layers). Stars mark the selected layer for each model: layer 12 for Llama-3.1-8B-
Instruct, layer 19 for Llama-3.1-70B-Instruct, layer 20 for Qwen3-8B, and layer 47 for Qwen3-32B.

F Statistical testing details

Automatic interpretation uses a one-sided binomial test against the accuracy expected from random
choice. For each feature, the detector classifies 50 positive and 50 negative hold-out transcript
windows. The null probability is 0.5. P-values are corrected within each subject-model configuration
with Benjamini-Hochberg FDR at ¢ = 0.05.

G Detection accuracy by feature category

shows the automatic interpretation accuracy grouped by feature category, complementing
the subject-level view in
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Figure 7: Detection accuracy of automatically generated feature explanations, grouped by
feature category. Features are classified as shared (|AFV| < 0.9), brain-specific (AEY > 0.9),
or LM-specific (AEY < —0.9) based on the relative difference between leave-one-out explained
variance for brain responses and for LM representations. The dotted line marks chance level (accuracy
= (.5). Features labeled “neither” (both EV values non-positive) are omitted because no feature from
time-aligned representations falls in this category.

H Distribution of feature predominance across subjects and language models

to |11 show the distribution of Brain-LM predominance AFV for each language model
across all three subjects. Features near APV = ( explain comparable variance in fMRI responses and
LM representations, whereas features near +1 or —1 are brain-specific or LM-specific, respectively.
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Figure 8: Distribution of Brain-LM predominance A*V for crosscoders trained with Llama-3.1-
8B-Instruct layer 12. Each panel shows one subject (UTSO1, UTS02, UTS03). AEVY is the relative
difference between leave-one-out explained variance in brain responses and in LM representations;
positive values indicate brain predominance and negative values indicate LM predominance. Cross-
coders are trained on time-aligned representations.
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Figure 9: Distribution of Brain-LM predominance A*V for crosscoders trained with Llama-3.1-
70B-Instruct layer 19. Each panel shows one subject (UTSO1, UTS02, UTSO03). AFEV is the relative
difference between leave-one-out explained variance in brain responses and in LM representations;

positive values indicate brain predominance and negative values indicate LM predominance. Cross-
coders are trained on time-aligned representations.
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Figure 10: Distribution of Brain-LM predominance A®V for crosscoders trained with Qwen3-SB
layer 20. Each panel shows one subject (UTSO1, UTS02, UTS03). AEVY is the relative difference
between leave-one-out explained variance in brain responses and in LM representations; positive
values indicate brain predominance and negative values indicate LM predominance. Crosscoders are

trained on time-aligned representations.
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Figure 11: Distribution of Brain-LM predominance A®V for crosscoders trained with Qwen3-
32B layer 47. Each panel shows one subject (UTSO1, UTS02, UTS03). APV is the relative difference
between leave-one-out explained variance in brain responses and in LM representations; positive

values indicate brain predominance and negative values indicate LM predominance. Crosscoders are
trained on time-aligned representations.
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st 1 Automatic interpretation prompts

s22  The explainer prompt presents positive and negative transcript windows for one feature and asks
523 the LLM to generate a short description that distinguishes the positive windows from the negative
s24 windows. The detector prompt presents the generated description and a hold-out transcript window,
525 then asks for a binary prediction of whether the feature should activate. Features are interpreted only
s26 when they activate at least once in both the explainer split and the detector split. For explanation,
527 we use the training split. Positive examples are the highest-activation transcript windows, taking at
528 most one window per story before selecting the top 10. Negative examples are 10 randomly selected
529 zero-activation windows. For detection, we use the test split. Positive examples are 50 activating
s30 windows sampled across 50 activation quantiles, and negative examples are 50 randomly selected
531 zero-activation windows. The detector receives shuffled batches of five windows. Both explainer
532 and detector use claude-haiku-4-5-20251001 with temperature 1. Detection accuracy is tested
533 against random choice with a one-sided binomial test and FDR correction at ¢ = 0.05.

s34+ L1 Explainer prompt

535 System message.

## Purpose
- Identify patterns reflecting contrasts between positive and negative examples,
summarized in a single phrase.

## Input

- A list of text samples, each followed by an importance indicator.

- The text is part of a storytelling podcast narrated from a first-person
perspective.

## Output

- Extract latent features and patterns that are common to positive examples but
NOT present in negative examples.

- Exclude attributes shared by virtually all samples (e.g., first-person
perspective, narrative style).

- Focus only on features that distinguish the positive examples from the negative
ones.

- Write a concise single explanation, about 10 words in length.

- Do not make lists of possible explanationms.

- Your explanation must be a noun phrase.

- End the response with ~ [EXPLANATION]:~ followed by your explanation.

## Examples of explanation

- [EXPLANATION]: Words related to American football positions, specifically the
tight end position.

- [EXPLANATION]: The word "guys" in the phrase "you guys".

- [EXPLANATION]: "of" before words that start with a capital letter.

ss6  User message.

Positive Example 0: {{positive_text_0}}
Activation: {{latent_activation_0}}

Positive Example {{n}}: {{positive_text_n}}
Activation: {{latent_activation_n}}

Negative Example 0: {{negative_text_0}}
Activation: 0.00

Negative Example {{m}}: {{negative_text_m}}
Activation: 0.00
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LI.2 Detector prompt

System message.

You are an intelligent and meticulous linguistics researcher.

You will be given a certain latent of text, such as "male pronouns" or "text with
negative sentiment".

You will then be given several text examples. Your task is to determine which
examples possess the latent.

For each example in turn, return 1 if the sentence is correctly labeled or 0 if
the tokens are mislabeled. You must return your response in a valid Python list.
Do not return anything else besides a Python list.

User message.

Latent explanation: {{explanation}}

Text examples:

Example 0: {{test_example_0}}
Example 1: {{test_example_1}}
Example 2: {{test_example_2}}
Example 3: {{test_example_3}}
Example 4: {{test_example_4}}

J Log-odds word ranking

For each TR, we first aggregate feature-level predominance over the active feature vector:

Dy = z APV, (19)
i

Training TR windows with D; > 0.9 form the brain-specific group, and windows with D, < —0.9
form the LM-specific group. Representative words are ranked by applying the log-odds ratio to
lemmatized word counts from these two groups.

For group g € {B, L} and word w, let ¢ ,, be the count of w and let n, = > ¢4 .. The prior count
au, 18 the total count of w across all training windows, with ay = Zw . The brain-versus-LM
log-odds ratio with the informative Dirichlet prior is

CB,w + ayy CL,w +

0y = log — log . (20)
nB +ag — Cw — Qy np +qo — CLw — Qy
‘We standardize this value as
0w
Zy = (2D

V(eBw + aw) T+ (e +aw) T

Brain-specific words are ranked by z,,, and LM-specific words are ranked by —z,,, so reported
values are positive enrichment scores for the corresponding predominance group. shows the
resulting word clouds.

K Complete features for UTS03 and Llama-3.1-70B-Instruct

[Table 3 lists all 128 features from the crosscoder trained on UTS03 and Llama-3.1-70B-Instruct.
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Table 3: All 128 features from the Brain-LM crosscoder trained on subject UTS03,
Llama-3.1-70B-Instruct, sorted by Brain-LM predominance APV, APV is the
relative difference between leave-one-out explained variance in brain responses
and in LM representations; positive values (red) indicate brain predominance and
negative values (blue) indicate LM predominance. Acc. is the detection accuracy
of the automatically generated explanation, measuring how well a separate LLM
can use the explanation to classify held-out transcript windows.

Feature APV Acc.  Explanation
65 1.00 0.45 Narrative progression showing consequential events unfolding temporally.
46 099 045 Direct address to audience or reflective generalization about human
experience.
67 099 0.55 Internal emotional reflection or introspective thought processes.
77 098 049 Fragmented speech with repeated conjunctions suggesting present-moment
uncertainty.
101 098 0.68 Reflection on meaningful personal relationships and emotional connections
3 096 043 Fragmented speech with stutters, hesitations, and incomplete clauses.
68 095 0.58 Incomplete declarative phrases creating narrative suspense or emphasis.
30 094 0.56 Repeated casual dialogue markers with "like" and "and" filler words
123 0.89 0.52  Absurd hypothetical scenarios with specific, unexpected conditions.
29  0.89 0.65 Complete, extended narrative sequences with vivid sensory details and
dialogue.
121 0.78  0.66  Specific named objects or food items with concrete sensory details.
4 0.78 0.64 Direct quoted dialogue exchanges with clear speaker attribution.
26 0.77 0.57 Presence of multiple people gathered together in group settings.
60 0.72 0.60 Intense physical collisions and high-impact bodily movements.
25 0.71  0.52  Specific, concrete details about narrator’s personal experiences and locations.
41  0.69 0.57 Internal metacognitive commentary about one’s own thoughts.
127 0.69 0.68 Vivid physical and personality descriptions of specific characters.
44 0.68 0.57 Concrete sequential descriptions of physical movement and actions.
80 0.67 0.65 Direct physical contact or gesture between two people in interaction.
122 0.67 0.60 References to educational institutions, degrees, or professional career
accomplishments.
11 0.66 0.76  Specific geographic locations and place names throughout the narration.
18 0.65 0.58 Contradictory or paradoxical situations presented matter-of-factly.
100  0.65 0.54 References to serious medical diagnoses, diseases, or health conditions.
38 059 0.65 Specific descriptive details about people’s identities, ages, or professions.
118 0.59 0.59 Introduction of named or described people with their defining roles or
professions.
120 0.57 0.61 Descriptions of organized systems or structured group activities.
14 057 0.65 Narrator’s self-reflection and judgment about their own feelings or beliefs.
51 054 0.57 Narrator’s self-aware meta-commentary interrupting the story itself.
0 054 0.70 Sensory perception in moments of solitude or introspection.
43 0.52 0.62 Introspective reflection on emotions, character, and internal experience
115 0.51 0.67 Narrator acquiring or retrieving specific tangible objects.
48 049 0.72  Narrator performing active physical movements or deliberate actions.
88 0.48 0.64 Direct dialogue exchanges showing interpersonal negotiation or interaction.
47 040 0.61 Explicit time passage markers indicating narrative progression spanning weeks
to years.
69 037 0.62 Narrative arcs of deliberately seeking out and meeting specific people.
36 035 0.71 Introduction of specific named individuals with personal details.
119 0.34 0.73 Internal self-doubt and psychological conflict exploration.
109 0.30 0.53 Direct dialogue or reported speech with conversational markers.
31 026 0.65 Transformative overcoming or reframing of difficult circumstances
21  0.26 0.67 Sequential descriptions of taking, moving, and placing objects.
112 0.22  0.62  Sensory descriptions of physical distress, pain, or discomfort.
89 0.19 0.69 Physical descriptions of emotional distress and bodily reactions.
61 0.19 0.61 Expressions of not knowing or discovering information gaps.
103 0.02 0.72 References to narrator’s age or specific life stage periods.
117 -0.10 0.70 Metaphorical descriptions of internal bodily sensations and emotional
intensity.
93 -0.14 0.72 Receiving unexpected communications or messages with significant news.
79 -0.16 0.59 Medical procedures, injuries, and surgical interventions with physical

descriptions.
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Table 3: All 128 features for UTS03, Llama-3.1-70B-Instruct (continued).

Feature APV Acc.  Explanation
62 -0.24 0.66 Descriptions of the narrator’s physical sensations and bodily states.
39 -038 0.64 Dialogue or statements about upcoming events and future plans.
59 -0.41 0.67 Direct dialogue or reported speech embedded in narrative.
114  -042 0.51 Direct quoted speech and dialogue from other characters.
86 -0.42 0.54 Emphatic first-person declarations of refusal or steadfast commitment.
12 -045 0.73  Vivid sensory and visual imagery describing scenes and moments.
110  -0.49 0.60 Characterizations of people’s personalities and social behaviors.
92 -0.52 0.74 Narrator actively initiating pursuit of new opportunities or goals.
40 -0.64 0.59 Completed action sequences describing arrival or resolution moments.
72 -0.65 0.45 Direct dialogue and personal interaction with specific named people.
42 -0.65 0.59 Direct speech and dialogue expressing reactions to others’ statements.
87 -0.66 0.46  Specific vivid details and emotionally significant moments from personal
experiences.
22 -0.66 0.72 Rhetorical questions and conditional phrases revealing internal anxiety and
doubt.
64 -0.73 0.64 Repetitive phrases reflecting anxious internal monologue.
19 -0.73 0.58  Vivid descriptions of birth, infancy, or life-threatening medical situations.
52 -0.75 0.55 Hypothetical scenarios and conditional logical premises.
76 -0.77 0.70  Repetitive actions connected by coordinating conjunctions emphasizing
obsessive effort.
84 -0.79 0.54 Narrative about deliberating on or transitioning between professional careers.
106 -0.79 0.65 Personal anxieties and uncertainties about romantic relationships and dating.
10 -0.80 0.61 Specific concrete objects or tangible physical spaces and environments.
27 -0.85 0.67 Depictions of individual’s characteristic or habitual behavioral patterns.
8 -0.86 0.55 Vivid, specific details about objects, people, and concrete circumstances.
107 -0.87 0.63  Anaphoric repetition of clause beginnings across multiple parallel phrases.
85 -0.94 0.66 Revelations about relationships, emotions, or personal identity between
people.
111 -097 0.67 Descriptions of vehicles, driving, and transportation journeys.
99 -0.97 0.58 Descriptive passages about external categories, groups, and environments
rather than personal emotional reactions.
24 -1.00 0.68 Repetition of future intention statements using "gonna" or "will"
1 -1.00 0.52 Hypothetical or aspirational statements about future possibilities and desires.
2 -1.00 0.61 Direct communication or interaction between people in the narrative.
5 -1.00 0.57 Surreal or physically impossible spatial and object scenarios.
6 -1.00 0.73 Introspective reflection on interpersonal relationships and personal emotions.
7 -1.00 0.70 Personal reflection on unmet expectations or life trajectory decisions.
9 -1.00 0.52 Narrative pivot points marked by conjunction-led incomplete thoughts.
13 -1.00 0.71  Personal experiences involving deliberate lifestyle choices or geographic
relocation.
15 -1.00 0.56 Dialogue or quoted speech from the narrator or other characters.
16 -1.00 0.73 References to historical events, deaths, or institutional conflicts beyond
personal scope.
17 -1.00 0.65 Speaker’s active choices and deliberate experiential adventures rather than
family circumstances.
20 -1.00 0.58 Sudden realization or discovery moments with vivid sensory details.
23 -1.00 0.58 Narrative sequences with embedded decisions and their practical
consequences.
28 -1.00 0.74  Vivid descriptions of physical actions and sensory experiences unfolding in
sequence.
32 -1.00 0.67 Metacognitive reflection on personal thoughts, intentions, and
decision-making processes.
33 -1.00 0.66 Narrative moments containing unexpected plot twists or complications.
34  -1.00 0.64 References to historically significant events or public figures.
35 -1.00 0.58 Direct questions expressing uncertainty about grave consequences or
outcomes.
37 -1.00 0.61 Specific concrete activities and tangible action-based experiences described.
45 -1.00 0.79 Fragmented, stammering speech with repeated filler words and
self-corrections.
49 -1.00 0.54 Acknowledgment of personal wrongdoing or internal moral conflict within

oneself.

22



Table 3: All 128 features for UTS03, Llama-3.1-70B-Instruct (continued).

Feature APV Acc.  Explanation
50 -1.00 0.67 Descriptions of pursuing formal education or career advancement
opportunities.
53 -1.00 0.52 Direct dialogue or reciprocal interaction between narrator and another person.
54  -1.00 0.57 Descriptions of physical sensations and bodily states.
55 -1.00 0.62 References to formal ceremonies, weddings, anniversaries, or commemorative
occasions.
56 -1.00 0.66 Explicit discussion of planning, preparing, or anticipating future needs.
57 -1.00 0.64 Descriptions of escalating interpersonal conflict or social tension.
58 -1.00 0.53 Narrator expressing confusion and active struggle to understand what’s
happening.
63 -1.00 0.58 Instructions or procedural steps describing sequential actions to perform.
66 -1.00 0.75 Repetitive stuttering and hesitations expressing emotional distress or
vulnerability.
70  -1.00 0.55 Immediate physical danger or survival situations with active threats.
71 -1.00 0.60 Stories about people’s difficult or contradictory behaviors and character traits.
73  -1.00 0.59 Narratives depicting romantic interest or courtship between people.
74 -1.00 0.67 Descriptions of acute physical danger or life-threatening emergency situations.
75 -1.00 0.67 Explicit descriptions of physical bodily states and sensations.
78 -1.00 0.58 Intimate moments of physical affection and chaotic group joy.
81 -1.00 0.64 Narrator actively searching, exploring, or investigating something specific.
82 -1.00 0.71 Emotional expressions of love and personal connection with individuals.
83 -1.00 0.51 Tension between personal desires and external circumstances or constraints.
90 -1.00 0.74 Repeated first-person plural pronouns describing shared group activities.
91 -1.00 0.60 References to writing, letters, sending messages, or intentional communication
exchanges.
94 -1.00 0.62 Discovery or encounter with a specific physical object or artifact.
95 -1.00 0.59 Speculative, hypothetical, or counterfactual scenarios rather than concrete past
events.
96 -1.00 0.63 Narrator deliberating about future decisions and life choices.
97 -1.00 0.53 Narrative sequences with connected cause-and-effect storytelling chains.
98 -1.00 0.61 Concrete procedures or specific objects performing sequential actions.
102 -1.00 0.68 Self-aware commentary about the narrator’s act of storytelling.
104 -1.00 0.60 Specific, tangible physical objects with concrete descriptive details.
105 -1.00 0.70  Specific names of real people, places, or brands mentioned.
108 -1.00 0.45 References to specific personal relationships and emotional bonds.
113 -1.00 0.56 Describing specific step-by-step procedures or technical instructions.
116 -1.00 0.59 Direct sensory observation or visual wonder at concrete phenomena.
124 -1.00 0.56 References to family members and household situations.
125 -1.00 0.64 Vivid sensory and physical details describing concrete actions.
126 -1.00 0.57 Spontaneous emotional interjections expressing immediate reactions to

moments.
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ss+  NeurIPS Paper Checklist
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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: The abstract and introduction describe the method, the EV-based predominance
score, and the empirical scope. states the main limitations.

Guidelines:

¢ The answer [N/A| 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 or
[N/A] 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.

. Limitations

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

Justification: [Section 5|discusses the correlational design, the limits of BOLD fMRI, the use
of text transcripts rather than speech, LLM-based interpretation, and the current placeholder
cortical-map panels.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer 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?
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Answer: [N/A].

Justification: The paper introduces a modeling and analysis framework and evaluates it
empirically. It does not state theoretical results that require formal proofs.

Guidelines:

» The answer [N/A] 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.

. 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: and [4.T)and the appendix specify the dataset, preprocessing, model
architecture, predominance score, layer selection, train/validation/test split, and training
hyperparameters.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a 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.
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661 5. Open access to data and code

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

665 Answer:

666 Justification: The paper uses a public fMRI dataset and open-weight LLMs.

667 Guidelines:

668 * The answer [N/A] means that paper does not include experiments requiring code.

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

671 * While we encourage the release of code and data, we understand that this might not
672 be possible, so is an acceptable answer. Papers cannot be rejected simply for not
673 including code, unless this is central to the contribution (e.g., for a new open-source
674 benchmark).

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

678 * The authors should provide instructions on data access and preparation, including how
679 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
680 * The authors should provide scripts to reproduce all experimental results for the new
681 proposed method and baselines. If only a subset of experiments are reproducible, they
682 should state which ones are omitted from the script and why.

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

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

687 6. Experimental setting/details

688 Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
689 rameters, how they were chosen, type of optimizer) necessary to understand the results?
690 Answer: [Yes].

691 Justification: [Section 4.T|reports the data split, LM families and selected layers, dictionary
692 size, sparsity, optimizer, learning rate, batch size, number of epochs, and regularization
693 terms.

694 Guidelines:

695 * The answer [N/A] means that the paper does not include experiments.

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

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

700 7. Experiment statistical significance

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

703 Answer: [Yes].

704 Justification: The feature interpretation analysis uses one-sided binomial tests with
705 Benjamini-Hochberg FDR correction. Feature predominance is based on leave-one-out EV,
706 and the paired versus unpaired comparison is reported across all subject—-model configura-
707 tions.

708 Guidelines:

709 * The answer [N/A] means that the paper does not include experiments.

710 * The authors should answer [ Yes] if the results are accompanied by error bars, confidence
711 intervals, or statistical significance tests, at least for the experiments that support the
712 main claims of the paper.

26


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

713
714
715

716
77

718

719
720

721
722
723

724
725
726

727
728
729

730
731
732

734
735

736

737

738
739

740
741

742
743
744

745

746
747

748

749
750

751

752
753

754
755

756
757

758

759
760

761

762
763

8.

10.

* 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).

o 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.

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:

Justification: The draft specifies algorithmic hyperparameters but does not report GPU type,
memory, runtime, or total compute budget.

Guidelines:

* The answer [N/A] 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).

. 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: The work analyzes an existing public neuroimaging dataset and open-weight
LMs.

Guidelines:

e The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.

e If the authors answer , 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).

Broader impacts

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

Answer: [Yes].

Justification: includes a paragraph of broader impact describing the work as basic
research and noting possible downstream relevance to brain-computer interfaces.
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11.

12.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , 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., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A].

Justification: The paper does not release a new pretrained model, image generator, scraped
dataset, or other asset with a high risk of misuse.

Guidelines:

* The answer [N/A] 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:
Justification: The existing dataset, LM families, and methodological sources are cited.
Guidelines:

* The answer [N/A] 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.
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13.

14.

15.

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

o 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: [N/A].
Justification: The paper does not release a new dataset, model, or software artifact.
Guidelines:

» The answer [N/A] 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: [N/A].

Justification: The paper performs secondary analysis of an existing public fMRI dataset and
does not conduct new crowdsourcing or human-subject data collection.

Guidelines:
* The answer [N/A] 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

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: [N/A].

Justification: The paper does not collect new human-subject data. The original dataset paper
documents the data collection protocol.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.
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869 * Depending on the country in which research is conducted, IRB approval (or equivalent)

870 may be required for any human subjects research. If you obtained IRB approval, you
871 should clearly state this in the paper.

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

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

877 16. Declaration of LLLM usage

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

882 Answer: [Yes].

883 Justification: LMs are used in the method as the representations compared with fMRI
884 responses and as the automatic explainer and detector in

885 Guidelines:

886 * The answer [N/A] means that the core method development in this research does not
887 involve LLMs as any important, original, or non-standard components.

888 * Please refer to our LLM policy in the NeurIPS handbook for what should or should not
889 be described.

30



	Introduction
	Related work
	Method
	Preparing brain and language model representations
	Brain-LM crosscoder
	Brain-LM predominance

	Experiments
	Experimental setup
	Are shared features derived from shared stimuli?
	To what extent are the learned features interpretable?
	What distinguishes brain-specific and LM-specific time points?

	Discussion
	Notation
	Dataset and preprocessing details
	Crosscoder architecture details
	BatchTopK activation function
	Total variation regularization
	Auxiliary loss
	Multi-start cluster ensemble

	Closed-form explained variance with leave-one-out cross-validation
	Layer selection
	Statistical testing details
	Detection accuracy by feature category
	Distribution of feature predominance across subjects and language models
	Automatic interpretation prompts
	Explainer prompt
	Detector prompt

	Log-odds word ranking
	Complete features for UTS03 and Llama-3.1-70B-Instruct

