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Abstract

Naturalistic language encoding models based on large language model features can
predict cortical responses well, but their learned representations remain difficult
to interpret. Three challenges are central: semantic selectivity is fundamentally
non-identifiable in high-dimensional correlated feature spaces, cortical organization
remains implicit in voxelwise weight maps, and cross-subject structure is usually
addressed only after model fitting. We introduce a multisubject coupled sparse
autoencoder that jointly reconstructs language-model features and predicts subject-
specific brain responses, learning a sparse basis of semantic-cortical atoms that
makes semantic structure, cortical organization, and cross-subject correspondence
explicit within a single model. In naturalistic story-listening fMRI, the model
retains 88% of matched dense-feature ridge brain prediction performance using
50 atoms and k=5 active atoms per TR. Relative to matched two-stage baselines,
joint training yields the strongest overall tradeoff between prediction and inter-
pretability. The learned atoms are semantically coherent and interpretable, recover
more reproducible cross-subject brain maps than standard post hoc encoding-model
analyses, align with large-scale cortical structure from Yeo 7 and Neurosynth, and
transfer better than ridge to held-out subjects in the low-data regime. This frame-
work provides a more interpretable basis for cognitive neuroscience analyses of
semantic-to-brain encoding by linking semantic features to corresponding cortical
response patterns across subjects.

1 Introduction

Functional mapping in cognitive neuroscience has evolved from localizing coarse cortical selectivity
for controlled stimuli to modeling distributed cortical representations evoked by naturalistic stimuli.
Compared to traditional fMRI studies built around experimenter-defined contrasts and group-averaged
analyses, naturalistic functional mapping requires more complex inferences about semantic structure,
cortical organization, and shared structure across subjects. Recently, activations from large language
models (LLMs) have been used as features in voxelwise linear encoding models to predict responses
to natural-story listening in densely sampled individual subjects [Huth et al.,| 2016} Toneva and Wehbel
2019, |Caucheteux and King} 2022} |Goldstein et al., 2022} |/Antonello et al., 2023|]. Although these
models achieve strong predictive performance and recover rich patterns of semantic organization in
cortex, they remain difficult to interpret. The following three difficulties are especially important.

(1) Semantic selectivity is non-identifiable. Encoding models routinely use LLM activations to
represent natural language stimuli. However, LLMs represent more semantic features than they have
embedding dimensions, a phenomenon known as superposition [Elhage et al., [2022| Bricken et al.,
2023]]. Because different combinations of correlated semantic directions can produce identical fitted
weights, voxel selectivity cannot be uniquely determined [Zeng and Gallant, 2025].
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(2) Cortical organization remains implicit. Encoding models typically fit an independent readout
for each voxel, a small spatial unit of fMRI measurement. However, semantic information in cortex
is represented across distributed, overlapping networks rather than isolated voxelwise units [Haxby
et al., 2001, |Huth et al.l 2016, Zhang et al.| 2020]. Because the unit of estimation does not match the
structure of the underlying representation, larger-scale cortical organization is not learned directly
and must instead be inferred after model fitting.

(3) Cross-subject structure is not learned directly. Most approaches derive subject-level cortical
structure first and address cross-subject alignment afterward through anatomical registration or
functional alignment. As a result, cross-subject correspondence is imposed post hoc rather than
learned within the model.

Existing approaches have addressed one or two of these issues, but not all three at once [Fyshe et al.|
2014} Bilenko and Gallant,|2016,|Van Uden et al.,2018|]. The missing link is a factorization that is
jointly semantic, cortical, and multisubject within a single training regime.

We address this gap with a multisubject coupled sparse autoencoder that learns semantic-cortical
atoms from LLM activations while jointly reconstructing LLM features and predicting subject-specific
brain responses. We use a top-k sparse autoencoder following recent work on LLM interpretability
[Elhage et al.| [2022} Bricken et al.| [2023] |Gao et al.| [2024]]. The encoder maps stimulus features
to a sparse latent code (Fig. [I); a semantic decoder reconstructs the original LLM features, and
subject-specific brain decoders map the same code to cortical response patterns. This framework
requires no hand-labeled categories, no predefined ROIs, and no post hoc functional alignment. More
broadly, this approach supports more interpretable cognitive neuroscience analyses of semantic-
to-brain encoding by relating semantic features to corresponding cortical response patterns across
subjects.

Our contributions are as follows:

* A multisubject coupled SAE that jointly learns semantic structure and cortical organization
for naturalistic functional mapping in a single training regime. The learned representation
retains 88% of matched dense-ridge brain prediction with a 50-atom dictionary and k=5
active atoms per TR.

* Sparse semantic-cortical atoms as the unit of analysis. These atoms recover cortical maps
that are more reproducible across subjects than standard post hoc analyses of ridge encoding
models. Those maps are externally validated by alignment with established large-scale
cortical structure from the Yeo 7 resting-state network parcellation [[Yeo et al.,|2011]] and
Neurosynth meta-analytic term maps [ Yarkoni et al., [2011]].

» Data-efficient adaptation to held-out subjects using a frozen encoder and only a linear
brain-decoder refit. In the low-data regime, this adaptation strategy outperforms dense-
feature ridge regression.

* A clear advantage of joint coupling: matched two-stage variants recover either semantic
structure or cortical structure, but the jointly trained model gives the strongest overall balance
of prediction and interpretability.

2 Related work

Encoding models and interpretability. Encoding models predict neural responses from quanti-
tative stimulus features and are a standard framework for studying brain representations. Under
controlled experimental paradigms, hand-labeled categories or contrast-based features often allow
for a relatively direct interpretation. For naturalistic language, however, those features have largely
been replaced by dense representations from large language models, which enable stronger, broader
predictions across cortex [Huth et al., 2016, Toneva and Wehbel [2019} |Caucheteux and King} [2022]
Goldstein et al., [2022] |/Antonello et al., [2023]].

This gain in predictive accuracy comes with a loss of interpretability. Dense LLM embeddings
exhibit superposition: they encode more semantic features than they have dimensions, entangling
distinct concepts along correlated directions [Elhage et al., 2022, Bricken et al., 2023|]. Because
different combinations of these directions can produce identical fitted weights, regression coefficients
are non-identifiable and voxel selectivity cannot be uniquely recovered [Zeng and Gallant, |2025].
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Existing analyses typically infer voxel selectivity by projecting fitted weights onto semantic directions
of interest or by computing cosine similarity with concept vectors. These heuristics, however, inherit
the non-identifiability of the underlying dense feature space. |Zeng and Gallant [2025]] formalize this
problem and propose sparse concept atoms as a principled representational basis for neuroscientific
interpretation. They develop this idea in lower-dimensional word-embedding spaces. Extending it to
contextual LLM features introduces an additional scaling challenge: Gemma Scope, for example,
consists of sparse autoencoders for Gemma 2 2B with widths ranging from about 16K to 1M latents
[Lieberum et al.,[2024]. At that scale, many learned atoms may be dead, polysemantic, redundant, or
simply irrelevant for brain prediction, creating an additional feature-selection problem. Our work
addresses this gap by learning sparse atoms jointly with brain prediction, so the retained atoms are
shaped directly by brain relevance.

Distributed cortical organization. Large-scale cortical organization is often studied either through
resting-state functional connectivity or through sparse and dictionary-learning methods applied
directly to blood-oxygen-level-dependent (BOLD) signals. Both can recover distributed structure, but
share two important limitations. They do not directly link recovered structure to semantic function,
and they can be contaminated by spurious correlations driven by shared noise, such as head motion,
physiological fluctuations, or scanner drift [Lee et al.,[2011} [Xie et al.,| 2017} |Thirion et al., 2024].

Post hoc analyses of encoding-model results improve on this by operating on fitted encoding-model
weights rather than raw activity alone. In practice, these analyses typically infer cortical structure from
fitted encoding-model weights by clustering voxels with similar weight profiles or by aggregating
those weights along semantic directions of interest [Huth et al.l 2016l [Wehbe et al., [2018| |[Zhang
et al., 2020, Meschke et al., [2023]]. However, these analyses still treat cortical organization as a
post hoc inference problem, and the resulting interpretations remain constrained by the semantic
non-identifiability of the underlying dense feature space.

A further limitation, shared by both resting-state-style network recovery and post hoc analyses of
encoding-model results, is the hard assignment of one voxel to one network. This creates a strong
bias toward one-to-one mappings, even though cortical representations are widely understood to be
overlapping and many-to-many: each site can participate in multiple functions, and each function can
recruit multiple sites [Haxby et al.,[2001} Rigotti et al.,|2013} |Huth et al., 2016} Zhang et al., 2020].

Cross-subject alignment. Shared structure across subjects is usually addressed only after subject-
level analysis. The simplest approach is anatomical normalization, but anatomy alone does not
guarantee functional correspondence. Functional alignment methods such as Hyperalignment, the
Shared Response Model, and optimal transport estimate shared spaces from subject-level data [Haxby
et al., 2011} |Chen et al., 2015] |Guntupalli et al., [2016} Bazeille et al., 2019, [Thual et al., 2022|2023,
Visconti di Oleggio Castello et al., 2025]]. These methods improve cross-subject comparability but
leave semantic content and cortical organization as separate inference problems, rather than jointly
learned structure.

Sparse autoencoders and interpretability. Sparse autoencoders and related dictionary-learning
methods are a standard way to decompose dense neural-network activations into sparse latent features
that are often more interpretable than individual embedding dimensions [Elhage et al., 2022} Bricken
et al.| 2023]]. Our architecture builds most directly on TopK sparse autoencoders [Gao et al.| 2024],
and our interpretability evaluation draws on recent LLM-judge protocols for testing whether latent
features admit predictive natural-language descriptions on held-out contexts [Bills et al., 2023 |Paulo
et al.| [2024]]. Unlike prior SAE work, our coupled training objective requires sparse factors that
support not only reconstruction of language-model activations but also multisubject brain prediction.

3 Methods

3.1 Multisubject coupled sparse autoencoder

We model naturalistic semantic encoding across multiple subjects listening to the same narrative
stimulus. At each fMRI sampling time point (TR), the model takes a dense language-model feature
vector r; € R%em and maps it to a sparse latent code z; € R¥ with exactly k active atoms. The
encoder applies a linear map, ReLLU, and TopK selection to produce this code. Two pathways read out
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Figure 1: Four example semantic-cortical atoms. Each row shows brain decoder maps for three
example subjects together with the strongest activating TRs and surrounding context. The summary
panels show the mean fsaverage map, Autolnterp AUC, semantic coherence z, the best-matching
Neurosynth term and brain-map correlation, and significant Yeo7 network affiliations. Food and meals
(al8) strongly activates posterior temporal cortex and lateral prefrontal cortex; family members (a23)
and religion and identity (al10) activate medial prefrontal cortex and temporoparietal regions; and
numerical measurements (a8) strongly activates right intraparietal sulcus and lateral prefrontal cortex,
consistent with prior cognitive neuroscience findings. Because brain decoders are fit independently
for each subject, any cross-subject consistency must arise from the common encoder. Yeo7 networks:
DMN = Default Mode, FPN = Frontoparietal, DAN = Dorsal Attention, SMN = Somatomotor.
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Figure 2: Multisubject coupled sparse autoencoder. A shared encoder maps dense Gemma-2-2b
activations z; € R34 to a sparse latent code z; € R5° with k=5 active atoms. A semantic decoder
reconstructs the original features, while subject-specific brain decoders predict cortical responses
from atomwise scaled delayed copies of the same code over 1-4 TR lags, implementing a learned
FIR model. The joint objective £ = Lpyain + & Lsem trains the shared encoder for both feature
reconstruction and multisubject brain prediction.

from z;: a semantic decoder reconstructs the original language-model features, and subject-specific
brain decoders predict each subject’s brain response yt(s) (Fig. .

Because neural responses to language are delayed and temporally smoothed by hemodynamics, the
brain decoders operate on a finite-impulse-response (FIR) representation of the sparse code rather
than on 2; directly. For each delay § € {1,2,3,4} TRs, we form a lagged copy of the sparse code and
rescale it elementwise with a learned delay-specific weight vector, Z; 5 = As © 2;—5, where A5 € RE.
This allows different atoms to express different temporal profiles. The four delayed codes are then
concatenated and passed to a subject-specific linear brain decoder. The matched dense-feature ridge
baseline uses the same delay set, making the two models directly comparable:

2 = TopK(ReLU(Wene 1 + benc)). (1
Tt = Weem Zt, @)
2t75:)\6®zt—67 6:17...747 (3)
0 = WSk B 2o Zusi Foal- “)

We refer to each latent dimension, together with its semantic decoder direction and per-subject
brain-decoder maps, as a sparse semantic-cortical atom (see Fig.[I|for examples; additional atoms in

Appendix [A).

Crucially, the brain decoders receive no anatomical location information. Voxels are treated as an
unordered set and the model has no access to spatial coordinates or inter-subject registration. Any
cross-subject consistency in the learned cortical maps therefore reflects shared semantic-to-brain
structure recovered from the stimulus alone.

The reported model uses the encoder-norm TopK variant, selected from an architecture ablation
against matching-pursuit and matryoshka SAEs (Appendix [C).

3.2 Joint objective and training

We use 50 atoms with k=5 and set o = 1.0, selected from a sweep over atom count, sparsity, and
coupling weight (Appendix @]) We optimize £ = Lprain + @Lsem, Where both terms are mean-
squared error. Each minibatch computes Ly,,.,i, only for subjects with data available in that batch. We
cycle subjects round-robin across minibatches, a schedule that outperforms computing brain losses
for all subjects in every batch (Appendix [B)).
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Training uses AdamW with early stopping on a fixed 4-story validation holdout used for model
selection, and models converge in roughly 60 epochs. All reported numbers are 3-seed mean =+ std.
Full implementation details are given in Appendix [B]

3.3 Data and evaluation

We use all eight subjects in the natural-listening fMRI dataset of [LeBel et al.| [2023]: UTSO01-
UTSO06 for model training and main evaluation, and UTSO7-UTSO08 for held-out transfer experiments.
Training data are highly uneven across subjects: after excluding the held-out test story, UTS01-
UTSO03 each contribute 83 stories, UTS04 contributes 25, and UTS05-UTSO06 contribute 26 each.
Brain responses are z-scored per voxel. To focus modeling on language-responsive voxels, per
subject we retain the 30,000 voxels with highest mean leave-one-story-out CV correlation from a
Gemma-2-2b ridge regression fit on 10 training stories. Voxel selection uses training data only and is
fixed before fitting all compared models. Semantic inputs are Gemma-2-2b activations from layer 25
(2304 dimensions), selected from a layer sweep (Appendix [B). These features are then downsampled
to the fMRI sampling rate of one TR every 2 s and RMS-normalized to unit scale.

On the held-out test story, we report two primary metrics. The brain correlation score is the mean
voxelwise Pearson correlation between predicted and observed responses, averaged over the 30,000
selected voxels and then over subjects. The semantic correlation score is the mean featurewise
Pearson correlation between reconstructed and original Gemma-2-2b activations.

4 Results

4.1 Joint coupling preserves brain prediction in a sparse, low-dimensional latent space

To assess whether the learned latent space preserves the information needed for both brain prediction
and semantic reconstruction, we evaluate the coupled SAE on the held-out test story shared by all six
training subjects (UTS01-UTS06). We compare against two reference models: a matched dense ridge
baseline and a random encoder control. Relative to matched ridge, the coupled SAE retains 88% of
brain prediction performance (0.162 % 0.005 compared with 0.185) while reducing the representation
from 2304 Gemma-2-2b features to 50 atoms with only k=5 active per TR. The random encoder
yields near-zero brain and semantic correlation scores, indicating that sparsity and dimensionality
reduction alone are not sufficient. A per-subject breakdown is given in Appendix

To assess the value of joint training, we compare the coupled SAE with two matched two-stage
ablations. In Sem—Brain, the encoder is trained first for semantic reconstruction and the brain
decoder is then fit on the frozen latent code. In Brain—Sem, the encoder is trained first for brain
prediction and the semantic decoder is then fit on the frozen latent code. All three models share the
same architecture and differ only in whether the encoder is trained jointly or sequentially.

The coupled model gives the best overall balance across brain prediction and interpretability metrics
(Table[T). For brain prediction, it outperforms both two-stage baselines (0.16240.005 compared with
0.131 £0.006 for Sem—Brain and 0.060 £ 0.005 for Brain—Sem). The especially large gap relative
to Brain—Sem suggests that brain data alone do not sufficiently constrain sparse learning in this
setting, and that the semantic objective helps regularize the learned representation. We also compare
the models on semantic coherence and AutoInterp AUC, which are defined in the next subsection.
Sem—Brain is slightly stronger on semantic correlation score and semantic coherence (0.539 4 0.003
compared with 0.523 + 0.006; coherence 6.1 + 0.9 compared with 4.9 £ 1.0), consistent with
optimizing more directly for the source embedding space. However, the coupled model attains the
highest AutoInterp AUC (0.85 £ 0.05, compared with 0.81 £ 0.05 for Sem—Brain and 0.69 £ 0.04
for Brain—Sem; Table[6). One possibility is that brain supervision acts as a regularizer, shifting
atoms toward representations that are more interpretable to an LLM judge.

4.2 Learned atoms are semantically coherent and interpretable

Prediction and reconstruction performance show that the coupled atoms capture information relevant
to both brain responses and semantic content, but they do not by themselves establish that the atoms
correspond to coherent, nameable concepts. We therefore evaluate semantic interpretability in two
complementary ways.
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Table 1: Joint coupling gives the best overall balance of brain prediction and interpretability (3-seed
mean = std; ridge is deterministic, no seed variance). Ridge uses matched dense Gemma-2-2b
features. Random is an architecture-matched control with a frozen random encoder. Sem—Brain and
Brain—Sem are matched two-stage ablations in which the encoder is trained for one objective before
fitting the other decoder.

Method Brain corr. score  Sem. corr. score  Autolnterp AUC Coh. z

Ridge (9216-d) 0.185 — — —
Coupled SAE 0.162 4+ 0.005 0.523 £ 0.006 0.85 +0.05 49+1.0
Random encoder 0.064 + 0.005 0.069 + 0.002 — —

Sem—Brain 0.131 £0.006 0.539 +0.003 0.81 £0.05 6.1+0.9
Brain—Sem 0.060 £ 0.005 0.367 £ 0.004 0.69 £ 0.04 4.0+0.1

Semantic coherence measures how tightly an atom’s top-activating text segments cluster in the source
LLM embedding space relative to a random-segment null. Across 50 atoms, semantic coherence is
z = 4.9 + 1.0, indicating greater semantic homogeneity than expected by chance (z = 0).

Autolnterp [Bills et al) [2023]] evaluates whether an atom admits a predictive natural-language
description. An LLM is given an atom’s top-activating excerpts and asked to produce a one-sentence
description, label the atom as mono, poly, or dead, and score held-out excerpts for how well they
match the description. AUC then measures how well those scores distinguish activating from non-
activating examples. The LLM also receives structural metadata such as story position, syllable rate,
and vocabulary statistics, allowing Autolnterp to also capture atoms driven by non-semantic textual
or temporal regularities.

Averaged across all 50 atoms, AutoInterp AUC is 0.85 £ 0.05 (median per atom, mean = std across
3 seeds), with 87% + 8% of atoms exceeding AUC 0.7 and no dead atoms (0/50 across all 3 seeds).
The recovered descriptions span lexical domains such as “family members” (a23) and “geographic
landscape” (a45), as well as non-semantic regularities such as “story-opening narration” (aS) and
“silence-firing” atoms (a30). The full 50-atom catalog with all metrics is given in Table[5](Appendix|[E).

4.3 Joint learning yields reproducible brain maps and structured cortical organization

We ask whether each atom recovers consistent cortical structure across subjects, despite the brain
decoders being fit independently per subject with no explicit anatomical correspondence constraint.
We quantify cross-subject consistency by correlating per-atom brain maps after projection to fsaverage
(Appendix [J). Averaged across subject pairs and atoms, the mean correlation is = 0.195 4 0.010
(p < 0.0001, permutation null » = 0.004 & 0.004). These results indicate that the learned atoms
recover reproducible cortical maps for a given semantic feature.

We next compare this result with a common post hoc approach to encoding-model interpretation:
projecting ridge encoding-model weights onto semantic directions of interest [Huth et al.| 2016}
Wehbe et al.| 2018, [Zeng and Gallant, 2025]]. SAE atom maps are significantly more consistent across
subjects than this baseline (SAE r» = 0.195 £ 0.010, ridge » = 0.174 £ 0.006; p = 0.0005). This
difference also appears at the level of individual atoms under the same shuffled-atom permutation
null: 43/50 SAE atoms survive BH-FDR correction, compared with 19/50 ridge-projection maps.
Because both methods use the same semantic directions, this difference is not attributable to semantic
geometry and instead reflects the advantage of joint brain-semantic learning.

We next ask whether this shared cortical structure aligns with established descriptions of large-scale
brain organization. We evaluate the learned atoms against two complementary external references.
Because these references come from different paradigms and analysis pipelines, we do not expect
exact alignment with our naturalistic story-listening setting, but we do expect them to provide
informative external validation.

Yeo7 [[Yeo et al.,2011] is a seven-network parcellation derived from resting-state functional connec-
tivity. For each atom, we compute the cosine similarity between its mean fsaverage decoder map and
each network’s binary indicator vector, and assess significance with a within-mask spatial spin null
(BH-FDR ¢ < 0.05 across all 7 network x 50 atom pairs). Significant affiliations are concentrated
in the Default Mode Network (23/50 atoms) and Frontoparietal Network (18/50 atoms). Using
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Autolnterp descriptions as shorthand labels, Default-associated atoms include “family members and
relatives” (a23), “peer-community identity” (a28), “confrontational dialogue/threats” (a46), and
the “silence-firing” atom (a30). Frontoparietal-associated atoms include “numerical measurements”
(a8), “letters and written notes” (a20), and “geographic landscape descriptions” (a45). Dorsal
Attention includes “physical fighting” (a24), and Somatomotor includes “story-opening narration”
(aS) and “long elaborate quoted speech” (a48). Visual and Limbic show no significant affiliations, as
expected in a language-listening task. All atoms mentioned here are shown in Appendix [A} per-atom
affiliations are listed in Table[5] and methodological details are given in Appendix [K]

Neurosynth [Yarkonti et all |2011] aggregates approximately 14,000 published fMRI studies and
provides automated meta-analytic term maps. From its vocabulary, we curated 152 cognitive, percep-
tual, emotional, and behavioral terms (Appendix [H). For each atom, we use sentence-transformer
embeddings of its Autolnterp description to select the most semantically similar Neurosynth term,
then compare the atom’s brain map with that term’s meta-analytic map. Because the atom labels
come from naturalistic narrative stimuli whereas the Neurosynth maps aggregate heterogeneous task
paradigms, we treat these matches as external validation rather than as exact anatomical correspon-
dences. We test significance with a within-mask spatial spin null; 19 of 50 atoms survive BH-FDR
correction (¢ < 0.05 across 50 atoms). Significant matches include “story-opening narration” (aS)
with “speech” (r = 0.65), “family members and relatives” (a23) with “personal” (r = 0.36), “peer-
community identity” (a28) with “social” (r = 0.28), and “geographic landscape descriptions” (a45)
with “spatial” (r = 0.25). Per-atom results are listed in Table 5] and methodological details are given
in Appendix [H|

Together, these results indicate that the learned dictionary has anatomically structured cortical
organization at both the network level and the level of individual atoms.

4.4 Learned semantic-cortical representations support data-efficient adaptation to new
subjects

One practical promise of a multisubject encoding model is data-efficient adaptation to new individuals.
This is especially important for translational applications, where the multi-hour naturalistic listening
protocols common in research settings are often unrealistic [Gordon et al., 2017, |Gratton et al., [2020].
The coupled SAE is well suited to this setting because it learns a compact cross-subject representation,
so adaptation to a new subject requires fitting only a subject-specific linear decoder.

We evaluate this setting in Appendix [[Jusing two held-out subjects (UTS07, UTS08). For each subject,
we fit only the linear brain decoder using between 0.5 and 22 stories and test on a held-out story. We
compare against matched dense-feature ridge regression on full Gemma-2 embeddings and a random
encoder control.

The coupled SAE outperforms both baselines in the low-data regime, with the clearest advantage
below 2 stories (approximately 24 minutes of scan time; one-sided paired t-test, xp < 0.05 at
n = 0.5, fp < 0.1 at n = 1). The random encoder remains substantially worse than both the
coupled SAE and ridge at all values of n, indicating that dimensionality reduction and sparsity alone
do not explain the gain. At larger sample sizes (n > 8 stories), dense-feature ridge overtakes the
SAE, suggesting that the full high-dimensional feature space becomes advantageous once more
subject-specific data is available. At n = 22 stories, the coupled SAE reaches » = 0.100 4= 0.008 on
UTSO07 and » = 0.086 £ 0.004 on UTSO08, recovering 75% and 92% of matched-ridge performance,
respectively.

These results suggest that the learned representation supports efficient adaptation to new subjects. If
this advantage scales with pre-training cohort size, larger training cohorts could further reduce the
scan time required for subject-specific adaptation and improve the practical feasibility of personalized
encoding models in translational settings.

5 Discussion

This work introduces a sparse latent basis for semantic-to-brain encoding that makes semantic-cortical
structure explicit and analyzable across subjects. Rather than improving predictive benchmarks, the
primary goal is to provide a more principled unit of analysis for cognitive neuroscience. Recovering
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Figure 3: Learned semantic-cortical representations support data-efficient adaptation to new subjects.
Brain correlation score is plotted against the number of training stories available for held-out subjects
UTSO07 and UTS08 (mean = s.e. over six random story draws per subject, averaged across UTS07
and UTSO08). The coupled SAE (green) provides the strongest inductive prior in the low-data
regime: at n = 0.5-2 stories (~6-24 minutes of scan time) it significantly outperforms dense-feature
ridge regression on full Gemma-2-2b embeddings (xp < 0.05, tp < 0.1, one-sided paired t-test).
Ridge overtakes the SAE at n > 8 stories, where the full high-dimensional feature space becomes
advantageous. A random encoder control (gray) remains near floor, indicating that the gain comes
from the learned representation rather than from dimensionality reduction alone.

semantic-cortical atoms directly within the encoding model may help clarify aspects of distributed
cortical coding that are difficult to isolate with voxelwise or post hoc analysis approaches.

The learned atoms should nonetheless be understood as useful descriptive features rather than a
canonical or mechanistic decomposition. Across random seeds, the coupled SAE shows moderate
atom-level stability after Hungarian matching but high representational similarity by CKA (Centered
Kernel Alignment; Kornblith et al.[2019), indicating that global latent structure is more reproducible
than any particular set of atoms (Appendix[M). Architecture ablations show that this gap varies across
model variants, suggesting that atom-level stability is an important design target for future work.

This paper establishes the framework and evaluates the learned representation in a setting where
semantic stimuli are relatively well matched across subjects. Other naturalistic neuroimaging datasets
are available, but they typically involve additional heterogeneity, including visual stimulus content,
uneven subject overlap, different stories, and varying per-subject depth. The present framework is
well suited to such datasets, but addressing that heterogeneity is outside the scope of the current paper
and a natural direction for future work.

A practical implication of this work is that the learned representation may serve as a reusable prior
for new-subject adaptation. This is especially relevant in translational settings where long naturalistic
scanning sessions are impractical. More broadly, more accurate and data-efficient semantic-to-brain
models raise privacy considerations: better inference of semantic content from neural data could
make sensitive information easier to extract from neural recordings, particularly outside carefully
governed research or clinical settings.
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a0 A Additional atom examples

471 Fig.[I]in the main text shows four example atoms. Here we show all remaining atoms referenced in the
472 main text, presented in the same format: per-subject brain decoder maps (UTS02, UTS03, UTS06),
473 top-activating text excerpts, and a summary panel with the mean fsaverage map and interpretability
474 metrics. The full 50-atom catalog with all metrics is in Table[3]

475 Of the 50 learned atoms, 46 have all-positive hemodynamic delay scales, meaning their activation
476 predicts an increase in brain response. Three atoms have weakly negative mean delay scales:
477 a44 (reported quoted dialogue, mean = —0.046) and a21 (rapid back-and-forth dialogue, mean
478 = —0.021), both near zero. One atom is strongly suppressive: a30 (silence-firing, mean = —0.980),
479 whose delay scales are all negative across all four lags (2-8 s), predicting a decrease in language-
480 responsive cortical activity during silent TRs.

Semantic-cortical atom 5: "story-opening narration (very low position in story)"

uTS02 uTso03 uTso6

| | fsaverage |
so it fell into this pattern with my family where .. lik the beauty yo. =
the story begins in in uh yes i we yes i was employed back then ok i don't know why you 1 Autolnterp AUC
0.95
Jught he might be gay he wasn't sure he was gay cause he had nev.. been with a man yet but semantic oherence (2

Neurosynth
speech (r=0.65)
hing he oug Yeo? networks

SM - DMN

Activation frequency
1.0%

y usual thing i had been touring for years and years seven or ei. point so um it we had j

cause he had never been with a man yet but he thought i as Some

rk is the kind of person who will say to you if you get a tattoo i'll pay fo

Figure 4: Atom 5: “story-opening narration” (a5) (very low position in story).

Semantic-cortical atom 20: "letters, written notes, applications and envelopes"

uTS03 uTS06 fsaverage
Brain d veight

uTS02

it the long and it was thin and it was bound a.. top

id to take a chance i wrote the letter and i sent it and sed for the be Autolnterp AUC
0.82

really ki 1C ) write one my dad had to help me put the stamp.. of the envelope and Smmmm(5();\‘”"\((\(/1

Neurosynth
executive (r=0.23)
Yeo? networks

me in the mail anc co letter had a paragraph at the beginning that said Jre FPN - DMN - DAN

i accidenta vitched the to and the from put them in the wro.. but vanted to te t

. T T} Activation frequenc
| vas bound along the top and on it there was hindi writing and on the walls all arol o 4

Figure 5: Atom 20: “letters, written notes, applications and envelopes” (a20).

Semantic-cortical atom 24: "physical fighting, grappling and bodily violence"

uTSs02 uTso03 uTso6

I fsaverage |
door and using my elbows i swing to the right so that as i swing to the i 1is we.. I mdm ] ciohts
mped right onto the goat and got him in a headlock and then he s.. at me la botella de agua Autolnterp AUC
0.95
slowly the strap and slowly the strap and then i let the bra drop to the floor anc stoo. Sevvmnm(sogsrev\(s(Z]
Neurasynth

drop them i had to hold them with my feet and drop them i had t.. would sort o y oh tf

punishment (r=0.00)

Yeo7 networks

grab his arms and i use i i i .| and us ly elbows i sw.
r L r use my weight to push him backwards into th. nd u ] DAN - VAN - FPN
the right so that as i swing to the left i use his weight to leverage the door open and t A(“V“;‘;”.;ﬁ/i“”(y

Figure 6: Atom 24: “physical fighting, grappling and bodily violence” (a24).
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Semantic-cortical atom 28: "groups, friends or peer-community identity but mixed"

I uTS02 uTS03 uTS06 | fsaverage |
way that ny friends who are all writers and have sev significant neuroses and anx =1
rain de ghts
also these are not the i these are all my friends i love them so.. of them are here tonigh Autolnterp AUC
0.85
50 1 was with all these swedish and german girls and it was even better than being a mode S(*mamw(io}ém(‘n(x\(/l

Neurosynth
social (r=0.28)

Yeo7 networks

they were also like legally legally mar.. but um

itholic they were fanily we were like the relatives that they ne.. 9o

Activation freque
Lear it these people were freaks uh but these freaks we're n.. my kind of freaks um the. Ve on e uency

Figure 7: Atom 28: “groups, friends or peer-community identity” (a28).

Semantic-cortical atom 30: "silence-firing atom (empty TR, no speech)"

I uTSs02 uTS03 uTS06 | fsaverage |
n eat ez € [empty TR] so i'n ke driving back anc at's all L=
ke to bob from mom and dad or whatever [[empty TR]| and i'm sitting there pause Autolnterp AUC
0.74
or whatever and i'm sitting there pause [[empty TRI| just wait a sec Semantic coherence ()
Y 3.2
ick of t and it takes me to craigslist [[empty TR]/ yes do we know what craigslist is if ar Neurosynth

sound (r=0.41)
i was driving this girl up for christmas [he uh] he was giving me shit one day he always h. I;“ﬂﬂ“_”;”;ﬁ

Activation frequency
3.6%

dad and the dude is like totally normal [[empty TR]| after me building this guy up the whole

Figure 8: Atom 30: “silence-firing” (a30) (empty TR, no speech). This is the only atom with
all-negative delay scales (mean = —0.980), predicting suppression of language-responsive cortex
during silent TRs.

Semantic-cortical atom 45: "geographic landscape descriptions (mountains, rivers, terrain)"

| uTSs02 UTS03 uTSs06 | fsaverage |

cayuga there's flatland and these hills and it has a a very par. microclimate there which o
tretch of road carved into the divide of steep mountain ro nd ocean i had the. Autolnterp AUC

0.96
s like two mighty cliffs where the crack in between there was a .. path and you are just tr ievvmnmém;remsm

d security announcements and all the temples on the other side a.. bunting and we we cro Neurosynth
’ ' P spatial (r=0.25)

e a canyon that was an a bunch of dry lakes and we headed towa.. the salton sea towards c BE;HE.“;”';;;
/indow at the confluence of mountains and ocean with a feeling of amazement and an aware vaat‘s‘mz'{,zquc”(y

Figure 9: Atom 45: “geographic landscape descriptions” (a45) (mountains, rivers, terrain).
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uTS02

Semantic-cortical atom 46: "confrontational or coercive male dialogue/threats"

uTSs03

are your parents gonna mind you taking ..
y hot ya know i'll put you in a music vid..
5 you know this is the worst you feel this

pretty hot do you want to give me a blo..

who will say to you if you get a tattoo i’

thinks you're holding his hand but what..

uTso6

2.

Brain decode
Autolnterp AUC
0.73
Semantic coherence (2)
Neurosynth
threat (r=0.04)

Yeo7 networks

Activation frequency
7.9%

Figure 10: Atom 46: “confrontational or coercive male dialogue/threats” (a46).

Semantic-cortical atom 48: "long elaborate quoted/extended speech (high syllable rate)"

VNP e QY.

uTso3

) 'say the chair is there if you need it a. all

and panties and little whatever you wor.. anc

es has this really weird thing well they e..

v where you did the joke about how you li.. mo

1 like kind of a group of people who have.. thi

d and if you didn't have one they told yo.. it =

uTso6

this stuff

ent

so finall

. ‘n nm- ‘

Brain decoder weights
Autolnterp AUC
1.00
Semantic coherence (z)
Neurosynth
speech (r=0.48)

Yeo7 networks
SM

Activation frequency
9.2%

Figure 11: Atom 48: “long elaborate quoted/extended speech” (a48) (high syllable rate).
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B Implementation details

This appendix provides full implementation details for the methods described in §3} including archi-
tectural design rationales, preprocessing specifications, hyperparameter settings, and reproducibility
statistics.

B.1 Architectural design choices

TopK over L1. We use hard top-k selection [Gao et al.l [2024] rather than L;-penalized ReLLU
sparsity [Bricken et al.|[2023]]. Top-k enforces exactly k active atoms per TR, making sparsity explicit
and easier to control.

Pre-encoder bias. The pre-encoder bias by is initialized to the geometric median of the training
features and then trained as a free parameter. It is subtracted before encoding and added back after
decoding, so the sparse code represents deviations from a typical input rather than the full input itself.

Untied semantic decoder. The semantic decoder is initialized as the transpose of the encoder and
then trained independently. Following|Gao et al.|[[2024], this allows reconstruction residuals to be
absorbed by the decoder without distorting the encoder directions.

Brain-decoder unit-norm with gradient projection. Brain-decoder columns are projected to unit
norm after every optimizer step. We also remove the radial gradient component before each step
[Bricken et al., 2023]], so optimization does not push parameters in directions that the norm projection
would immediately discard.

No per-voxel scale in the best model. The architecture supports an optional learnable per-voxel
scale on the brain decoder, but the best model omits it. Ablation results (Appendix [C)) show that
removing this term improves mean brain correlation score and reduces variance across seeds.

AuxK dead-feature recovery. Atoms that have not fired in any of the last 50 batches contribute
to an auxiliary loss that reconstructs the LLM-feature residual through the dead atoms only, with
coefficient 1/32 [|Gao et al, [2024]]. In the final 50-atom configuration, no atoms remain dead at
convergence.

Hemodynamic response. We model the BOLD response with a finite-impulse response over four
delays at 2, 4, 6, and 8 seconds (TR = 2s), using a learned per-atom scale at each delay. This lets
different atoms express different HRF shapes.

B.2 Semantic feature extraction

Backbone. Gemma-2-2b (26 transformer layers, hidden size 2304). For each story we tokenize the
transcript and run the model with sliding-window context of up to 8192 tokens, so activations at a
given word can attend to long-range narrative context.

Token-to-TR alignment. Subword tokens are average-pooled to word level using the dataset’s
word boundaries, and word-level activations are Lanczos-interpolated to the TR rate (TR =2s). We
also demean each story so that story-level offsets do not get absorbed into the encoder bias.

Layer choice. Early hyperparameter exploration compared layers 15 (~58% depth), 20 (~77%),
and 25 (last). We selected layer 25 because it gave the highest validation brain correlation score in our
setup (Table ), consistent with prior reports for similarly-sized LMs [Caucheteux and King| [2022]].

B.3 Brain data and preprocessing

Subjects and stimuli. Eight subjects from the natural-listening fMRI dataset of [LeBel et al.| [2023].
UTSO01-UTSO06 are used for training and evaluation in the main model, while UTS07-UTSO08 are
used only in the transfer experiments of §4.4] Training-data availability is highly uneven across
subjects: after excluding the held-out test story, UTSO01-UTS03 each contribute 83 stories, UTS04
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contributes 25, and UTS05-UTSO08 contribute 26 each. The held-out test story was listened to by
all eight subjects and is stored in the released preprocessed data as the average across 10 repeated
presentations. Brain responses are taken from the dataset’s preprocessed release and z-scored per
voxel in our pipeline.

Voxel selection. For each subject we rank voxels by their mean leave-one-story-out CV correlation
in a Gemma-2-2b ridge regression fit on 10 training stories [[Dupré La Tour et al.| [2022]], and retain
the top 30,000. The held-out test story is not seen at any point during selection.

Voxel-to-fsaverage mapper. For each subject, we precompute a sparse matrix mapping the full
brain-mask voxel space to the fsaverage surface (327,684 vertices) using FreeSurfer [Fischl, [2012]
mri_surf2surf. This mapper is used by the Yeo 7 (Appendix [K]), Neurosynth (Appendix [H), and
cross-subject consistency (Appendix [J)) analyses. The mapper is independent of the SAE model and
is built once per subject.

Cross-subject transfer (UTS07, UTS08). For the cross-subject experiments (Fig. [3), the encoder
trained on UTSO1-UTSO06 is frozen and only the linear brain decoder is re-trained for each held-out
subject. UTS07 and UTSO08 each contribute 27 stories total (26 excluding test), yielding 22 effective
training stories after the same 4-story validation holdout used for model selection.

B.4 Training and optimization

Optimizer. AdamW [Loshchilov and Hutter, 2019] with learning rate 10~2, cosine-annealing
schedule, 5-epoch linear warmup, gradient clipping at || V|| < 1, and batch size 1024. Encoder rows
are projected to unit norm at the end of each epoch; brain-decoder columns are projected to unit norm
after every step, and the radial gradient component is zeroed before each step (gradient projection;

Coupling weight. « = 1.0 was selected over {0.3,1, 3, 10} by validation brain correlation score.
Appendix [D]reports the full sweep over atom count, sparsity, and coupling weight.

Multi-subject scheme. For each minibatch, Ly, is computed for a single subject on the TRs
that subject has data for. The subject mask generalises to the all-subjects-per-batch setting as well,
handling missing-TR cases caused by the heterogeneous story sets in §B.3] The best model uses
round-robin cycling (UTS01 — UTS02 — --- — UTS06 — UTSO01 — - --) across minibatches,
which outperforms the all-subjects-per-batch alternative (Table[2). Lsem is computed on every TR of
every minibatch.

Validation and early stopping. Validation uses a fixed story-level holdout of 4 training stories
(random seed 0) for model selection. Story-level, rather than TR-level, splitting ensures that no
validation TR shares its 4-lag input window with any training TR. In the per-subject effective-count
summaries reported in the main text, this yields 79 training stories for UTS01-UTSO03, 21 for UTS04,
and 22 for UTS05-UTSO06 after excluding the held-out test story. UTS07-UTS08 also have 22 stories
available, used in the transfer experiment (§4.4). Early stopping triggers on validation total loss with
patience 10, and models converge at epochs 57-67.

Reproducibility. All main-text numbers are reported as 3-seed mean =+ std. Aggregate performance
is stable across seeds: for the best model, brain correlation score = 0.162 £ 0.005 and the semantic
correlation score = 0.523 4= 0.006. Atom-level stability is weaker: after Hungarian matching, cross-
seed encoder-row cosine similarity is only moderate (~0.4), indicating that similar global solutions
can be realized by different atom-level decompositions (Table [8).

B.5 Software and compute

The model and analyses are implemented in PyTorch. In our environment, training a single 50-atom
k = 5 model on 6 subjects to convergence takes approximately 20 minutes per run on a single RTX
A6000-class GPU (48 GB memory). Voxel selection (himalaya.KernelRidgeCV [Dupré La Tour
et al.,2022]]) and most downstream interpretability analyses (Yeo 7 mapping, semantic coherence,
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Autolnterp prompt preparation) run on CPU; Autolnterp itself dispatches a single Sonnet judge per
model in ~60 seconds (Appendix [F).

We will release anonymized code, configuration files, and scripts to reproduce the main experiments
together with the submission. These materials will include instructions for data access, preprocessing,
training, evaluation, and figure generation.

The natural-listening fMRI dataset of [LeBel et al. [2023]] is accessed through OpenNeuro and
distributed under CCO. Gemma-2-2b is used under the Gemma terms of use. FreeSurfer requires a
free license key under its license terms, and himalaya is distributed under the BSD-3-Clause license.

C Architecture ablation

We compare six architectural variants, all trained with the same hyperparameters (50 atoms, k = 5,
a = 1.0, 6 subjects, Gemma-2-2b layer 25). Each variant is trained with 3 random seeds; we report
mean = std on the held-out test story.

Table 2: Architecture ablation (3-seed mean =+ std). Encoder-row unit-norm TopK gives the strongest
brain correlation score with the lowest seed variance among the tested variants.

Variant Brain corr. score  Sem. corr. score
A. Baseline (no encoder norm) 0.145 £+ 0.012 0.519 £+ 0.001
B. + Encoder norm (best) 0.162 + 0.005 0.523 + 0.006
C. + Matryoshka [2, 5] 0.158 £ 0.004 0.530 + 0.002
D. Matching-pursuit SAE 0.137 £0.004 0.535 + 0.000
E. + Per-voxel scale 0.156 £ 0.002 0.516 4+ 0.002

F. All-subjects per batch (vs. round-robin)  0.127 £ 0.002 0.493 £ 0.005

Encoder-row unit-norm projection (variant B) gives the strongest brain correlation score with the
lowest seed variance. Matching-pursuit SAE (variant D) achieves the highest semantic correlation
score, but at a substantial cost in brain prediction. Removing the round-robin subject schedule also
degrades both metrics, supporting the use of joint multisubject training with alternating subject
updates.

D Atom count, sparsity, and coupling-weight sweep

We sweep atom count K € {25,50,100}, top-k sparsity k& € {2,5}, and coupling weight o €
{0.3,1, 3,10}, holding all other settings at the best architecture. Each configuration is a single seed;
the 50-atom k=5 a=1 entry (}) is the 3-seed production model.

Table 3: Hyperparameter sweep over atom count, sparsity, and coupling weight, reported as brain
correlation score / semantic correlation score on the held-out test story.

Config a=0.3 a=10 a=30 a=10

25 atoms, k=5  .159/.489  .144/.502  .108/.503 .130/.513
50 atoms, k=5  .149/.504 .166'/.518" .139/.533 .120/.537
50 atoms, k=2  .119/.451  .116/.461  .105/.438 .089/.427
100 atoms, k=5 .140/.521  .163/.543  .145/.554 .118/.557

The selected configuration (50 atoms, k=5, a=1) provides a good balance between brain correlation
score and semantic correlation score. In the single k=2 sweep we ran (50 atoms), performance is
worse on both metrics than the corresponding k=5 model, suggesting that two active atoms per TR
provide insufficient capacity in this setting. The preferred coupling weight also depends on dictionary
size: 25 atoms favor a=0.3, whereas 50 and 100 atoms favor a=1.0.

Semantic correlation score increases monotonically with layer depth, while brain correlation score is
highest at the last layer. The last layer (L25) outperforms L15 by +0.016 brain correlation score and
+0.143 semantic correlation score, consistent with prior reports that later layers of language models
are more predictive of cortical responses to naturalistic speech [[Caucheteux and King|, 2022].
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Table 4: Gemma-2-2b layer comparison (50 atoms, k=5, a=1.0, round-robin; 3-seed mean =+ std).
Later layers improve semantic reconstruction, and the last layer gives the strongest brain correlation
score.

Layer Brain corr. score  Sem. corr. score

Layer 15 (~58% depth)  0.146 4 0.003 0.380 + 0.004
Layer 20 (~77% depth) 0.143 £ 0.004 0.424 4+ 0.002
Layer 25 (last; best) 0.162 +£0.005 0.523 +0.006

E Full 50-atom catalog

Table E] lists all 50 atoms from the best model (encoder norm, no per-voxel scale, seed 0). Columns:
Autolnterp description, AUC, semantic coherence z-score, significant Yeo7 networks (BH-FDR
q < 0.05), best-matching Neurosynth term, and Pearson r and BH-FDR ¢ for the brain-map match.
Median AUC = 0.90, median coherence z = 3.5. Of 50 atoms, 45 support coherent descriptions, 5 are
polysemantic, and 0 are dead. Significant Neurosynth matches (¢ < 0.05) are marked with .

Table 5: Full 50-atom catalog for the seed 0 coupled model. NS = matched Neurosynth term; D =
Default, FP = Frontoparietal, DA = Dorsal Attention, VA = Ventral Attention, SM = Somatomotor.

#  Description AUC z Yeo7 NS term T q
0  eye contact, looking at each 99 40 D face +.085 277
other
1 child’s  school/teacher con- 95 72 D reappraisal +.091 179
cerns
2 clothing, outfits, hair descrip- 97 7.4 DA, FP color +.318 .006*
tions
3 mixed scenes (poly) 1 2.5 VA imagery +.019 579
4 dogs, puppies, baby animals 99 9.8 FP,D object —.036 922
5 story-opening narration 95 0.7 SM speech +.646 .006™
6 named cities/towns/places .94 39 D place +.166  .006™
7 loud crowd action: drumming, 99 53 D sound +.099 101
dancing
8 numerical measurements 98 1.3 FP numerical +.286 .006™
9 cameras, film, photography .82 89 FP imagery +.021 755
10 religion, faith, cultural identity 53 31 D identity +.129 128
11 male character physical ac- 1.00 5.1 D movement —.140 1.00
tions
12 reflective emotional summing- 18 36 FP emotional +.017 .603
up
13 tasks, training, duties .82 24 D conditioning —.137 1.00
14 emotionally intense moments 81 22 — emotional +.006 704
15 close relationships, bonding 96 7.6 DA, FP communic. —.069 1.00
16  searching, wandering 83 36 FP planning +.103 101
17  therapy, counseling settings .95 87 — communic. +305  .006™
18 food and meals 1.00 64 DA, FP food +.094 158
19 Oregon Trail / wagon-train .68 55 D navigation —.120 1.00
journey
20 letters, written notes, en- .82 5.7 DA, FP executive +.235 .006*
velopes
21 rapid back-and-forth dialogue 91 44 D speech +.123  .006
22 traveling: driving, taxis 99 22 FPD navigation +.172 .065
23 family members and relatives .87 24 D personal +.358 006
24 physical fighting, violence 95 59 DA, VA punishment +.004 706
25  intense emotional reaction .94 32 D emotional +.074 329
26 parachute survival training 1.00  20.3 DA, FP planning +.092 187
27  rooms, architectural spaces 1.00 2.8 DA orienting +.113 103
28 peer-community identity 85 28 D social +.277 006
(poly)
29  mixed instructions/objects .55 00 SM syntactic +.136 .065
(poly)
30  silence-firing (empty TR) 14 32 D sound +.409 .006™
31 “I was like” reported quotation 7 33 D autobio. +.166 .028*
32 medical procedures, surgery .96 6.1 FP,D orthographic +.116 179
33 mixed proper-noun phrases .60 07 D nouns +374  .006"
(poly)
34 career, life-stage transitions 1.00 7.4 — motivation —.003 782
35 rituals, ceremonies, religious 1.00 10.5 FP,D consciousness +.060 233
practices
36 narrative time-marker phrases .76 0.7 FP episodic +.161 016*
37  urgent fast physical action 92 5.8 VA FP action +.022 476

Continued on next page
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#  Description AUC z Yeo7 NS term T q

38 foreign words, brand names 5 26 — nouns +.378 .006™
(poly)

39  personality/character descrip- .87 3.0 — autobio. +.058 312
tions

40  depression, distress, illness 94 34 FP stress —.012 795

41 introspective self-reflection .82 33 DA, FP autobio. —.130 1.00

42 sequenced “you’d”/“I'd” ac- .89 35 D action —.041 943
tions

43 father-son dialogue, football .82 86 D grasping —.103 1.00

44 reported quoted dialogue .89 38 D speech +.305 .006*

45 geographic landscape, terrain 96 6.6 DA, FP spatial +.253 .006™

46  confrontational male dialogue 73 24 D threat +.035 531

47  silence-firing (empty TR) .85 20 VA sound +.191 025

48 long elaborate quoted speech 1.00 1.2 SM speech +.476 .006*

49  silence-firing (empty TR) .85 1.9 VA sound +.256 016"

F AutoInterp implementation

Protocol. For each atom we select the 10 highest-activating TRs as train exemplars and 20 held-out
items (10 positives = TRs ranked 11-20 by activation; 10 negatives = randomly sampled non-firing
TRs). Each exemplar is presented as the text segment aligned to that TR, with the peak-activation word
wrapped in bold (or [silence] for empty TRs). We additionally provide per-exemplar metadata:
pos (story position, 0—1) and spr (syllable count in the firing TR), with atom-level mean =+ std so
the judge can assess whether positional or rate cues are diagnostic.

All 50 atoms are scored in a single Claude Sonnet prompt per model (~50K input tokens). The judge
is asked to: (a) produce a one-sentence description of each atom, (b) label each atom as mono (single
coherent concept), poly (multiple unrelated triggers), or dead (no pattern), and (c) score each of
the 20 held-out items 1-5 for match to the description (without seeing ground-truth labels). AUC is
computed per atom from the judge’s scores using the held-out answer key.

Results across coupling ablations. We run the protocol on all three coupling variants (Table 1)) at
3 seeds each (9 total runs). Table@reports 3-seed mean =+ std.

Table 6: Autolnterp metrics (3-seed mean = std).

Model Median AUC Frac > 0.7 Frac > 0.9 Mono / Poly / Dead
Coupled 0.847+0.048 87%+8% 33% +15% 4549/1-5/0
Sem—Brain  0.808 £0.052 75% + 11% 27% + 7% 44-48/2-6/0
Brain—Sem  0.690 +0.036  45% + 11% 9% + 5% 50/0/0

The ordering Coupled > Sem—Brain > Brain—Sem holds across all 3 seeds on median AUC.

G Semantic coherence methodology

Semantic coherence measures how tightly the text segments that strongly activate an atom cluster
in the source LLM’s representation space. For each atom k, we take the Gemma-2-2b embeddings
(layer 25, TR-aligned) of its top-n activating TRs and compute the mean pairwise cosine similarity
among them. We then compare this to a null distribution: for each of 1,000 permutations, we draw
n random TRs (matched for story and position) and compute the same mean pairwise cosine. The
coherence score is the z-score of the observed mean cosine relative to this null distribution.

We use n = 20 (top-20 activating TRs per atom). The metric is computed on training data only (not
the held-out test story). Across the 50 coupled-SAE atoms, median coherence z = 3.4 (3-seed mean
z = 4.9 &+ 1.0), indicating that atom activations cluster in semantic feature space well above chance.
Low-coherence atoms (¢ < 2) tend to be polysemantic or encode positional/prosodic rather than
lexical features (e.g., silence-firing atoms, story-opening atoms).
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H Neurosynth term matching

Term selection. The Neurosynth v7 TF-IDF vocabulary contains 3,228 terms. To obtain a broad yet
interpretable reference set, we curated single-word terms denoting cognitive, perceptual, emotional, or
behavioral constructs, excluding anatomical labels, neuroimaging methodology, and generic English
words. We then required each term to appear in at least 50 Neurosynth studies, yielding a final set of
152 terms.

Meta-analytic maps. For each of the 152 terms, we generate a meta-analytic association map
using the Neurosynth v7 database (14,371 studies) via the NiIMARE MKDA Density estimator. Each
term map is a z-statistic volume in MNI space. We project it to the fsaverage surface using FreeSurfer
mri_vol2surf (mid-cortical depth, white surface), obtaining a 327,684-vertex map per term.

Atom-term matching. Atom descriptions produced by Autolnterp (Appendix [F) are embedded
with a sentence-transformer (all-mpnet-base-v2;Reimers and Gurevych|[2019). Term names are
embedded identically. For each atom k£ we identify its best-matching term by cosine similarity of
their embeddings. Matching is non-unique: multiple atoms may match the same term.

Brain map correlation. For each atom—term pair (k,¢*(k)) we compute cosine similarity and
Pearson r between the atom’s per-subject brain map and the term’s z-map (positive z only), then
average the metric across subjects. This per-subject-then-average scheme matches the Yeo 7 analysis
(Appendix [K). The analysis mask per subject is the intersection of the subject’s selected-voxel cover-
age (which fsaverage vertices receive any projection from the subject’s selected voxels, independent
of atom weights) and the Neurosynth union coverage (any vertex where at least one term has z > 0).
This mask is the same for all atoms and all terms within a subject, avoiding atom-weight-dependent
masking.

Permutation test (spatial spin). We test whether each atom’s brain map is more correlated with
its matched Neurosynth term map than expected under a null that preserves spatial autocorrelation.
We use the within-mask spin test [Alexander-Bloch et al.l 2018]: for each of 1,000 permutations, a
uniform random rotation from SO(3) is applied to both hemispheres of the shared coverage mask,
reassigning each rotated vertex to its nearest in-mask neighbor. The same rotation is applied to all
152 term maps simultaneously, preserving the joint null structure. Per-atom p-values are the fraction
of permuted Pearson r values that equal or exceed the observed value, with the add-one correction of
Phipson and Smyth|[2010]] to prevent p = 0. We apply Benjamini—Hochberg FDR correction across
K = 50 atoms and report g-values at FDR = 0.05.

I Cross-subject transfer details
This appendix provides additional details on the cross-subject transfer experiment described in

Encoder freezing. The encoder trained jointly on UTS01-UTSO06 is frozen (all encoder weights,
pre-encoder bias, and semantic decoder weights are fixed). Only the subject-specific linear brain
decoder is re-trained for each held-out subject. This reduces the transfer problem to a linear regression
on the fixed 200-dimensional input (50 atoms x 4 delays), rather than fitting a full encoding model
on 9,216-dimensional dense features (2304 x 4 delays).

Held-out subjects. UTS07 and UTSO08 each contribute 27 stories total (26 excluding test), yielding
22 effective training stories after the same 4-story validation holdout used for model selection. These
subjects were not seen during encoder training.

Learning curve protocol. For each training-story count n € {0.5, 1,2, 4,8, 16, 22}, we randomly
sample n stories from the available training pool (the n = 0.5 condition uses the first half of a
single randomly selected story). The brain decoder is fit via ridge regression with the regularization
parameter selected on the 4-story validation set. For each n, we repeat the procedure with 6 different
random story draws and average results across both held-out subjects, yielding 12 data points per
condition. The same story draws and validation protocol are used for the matched dense-feature ridge
and random encoder baselines.
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Ridge baseline. The matched ridge baseline uses the same Gemma-2-2b features (layer 25, RMS-
normalized) with 4 hemodynamic delays, fit with ridge regression [Dupré La Tour et al.,2022]] using
the same validation stories and story draws as the SAE transfer. This ensures a fair comparison: both
methods see the same data, the same validation split, and the same test story.

Random encoder control. The random encoder control uses an architecture-identical SAE with
Xavier-initialized weights that are frozen (never trained). Only the brain decoder is fit, as in the SAE
transfer. This control isolates the contribution of dimensionality reduction and the TopK bottleneck
from the learned representation.

J Cross-subject cortical map consistency

Cross-subject Pearson r. For each subject pair (s, s2) we use the per-pair intersection mask:
vertices where both subjects have nonzero decoder magnitude for at least one atom. This matches
the shared-vertex criterion of the fsaverage generalization analysis (§4.4) and avoids correlating real
decoder weights in one subject against structural zeros in another. We then compute the Pearson
correlation between dg, ; and d, j across all intersection vertices for every pair from the (g) =15
pairs among UTS01-UTS06. Per-atom consistency is the mean Pearson r across all 15 pairs. All

values are reported as 3-seed mean = std across independent training runs.

Permutation null. For each of 1,000 permutations, atom indices are shuffled independently within
each subject’s decoder map matrix, and the mean Pearson r across all pairs and atoms is recomputed.
This breaks the atom-label correspondence while preserving each subject’s cortical map structure,
giving the distribution expected if atom assignments were random. The global p-value is the fraction
of permutation means that equal or exceed the observed mean; per-atom p-values use the same null
distribution.

K Yeo 7 network mapping

Brain maps. Atom brain maps are constructed as described in Appendix |J| and projected to the
fsaverage surface (327,684 vertices). We assign each atom to the Yeo—Krienen 7-network parcellation
[Yeo et al.,[2011] by computing the cosine similarity between each atom’s decoder magnitude map
and the binary indicator vector of each network, averaged across subjects.

Per-subject cosine profiles are averaged across subjects to give the mean profile, with SEM across
subjects. The dominant network for each atom is the network with highest mean cosine similarity.

Permutation test (spatial spin). To assess whether each atom’s network enrichment exceeds spatial
chance, we use the spin test of Alexander-Bloch et al. (2018). For each permutation, independent
uniform random rotations from SO(3) (QR decomposition, det = +1 enforced) are applied to the
sphere coordinates of the subjects’ union analysis mask, mapping each vertex to its nearest neighbor
within the same hemispheric mask. This spatially rotates the atom decoder weight maps relative
to fixed network boundaries while preserving their spatial autocorrelation. The mask is restricted
to selected-voxel coverage (excluding medial wall), so no rotated vertex lands outside the analysis
footprint. One permutation is drawn per iteration and applied to all atoms simultaneously. Per-cell
p-values use a one-sided right-tail test with the add-one correction of Phipson & Smyth (2010). FDR
correction across all 7 x 50 = 350 network—atom cells uses the Benjamini-Hochberg procedure at
q = 0.05.

L. Per-subject brain prediction breakdown

The brain correlation score reported in Table[I]is averaged across all six training subjects. Table[7]
gives the per-subject breakdown comparing the coupled SAE against the matched ridge baseline.

The mean row =+ std is across seeds (matching Table[I)); per-subject + std is also across seeds. The
SAE exceeds ridge only on UTS04, the subject with the fewest training stories—consistent with the
sparse bottleneck acting as implicit regularization under low data.
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Table 7: Per-subject brain correlation score on the held-out test story. SAE values are 3-seed mean +
std. Ridge values are the matched baseline (single fit; no seed variance). SAE / Ridge ratios use the
3-seed SAE mean.

Subject  7urin  SAE brain corr.  Ridge brain corr.  SAE / Ridge

UTS01 79 0.152 £ 0.013 0.181 0.84x
UTS02 79 0.198 £0.011 0.234 0.85x%
UTS03 79 0.232 +£0.013 0.295 0.79x
UTS04 21 0.130 £0.011 0.117 1.11x
UTS05 22 0.111 £ 0.005 0.120 0.93x
UTS06 22 0.150 &= 0.007 0.161 0.93x
Mean 0.162 + 0.005 0.185 0.88x

M Cross-seed representational stability

We assess whether models with different random seeds converge to equivalent representations using
two complementary measures computed on 10 held-out training stories (UTS03): (1) linear CKA
[Kornblith et al.l [2019] between activation matrices S € R7*K across seeds, which captures
similarity of the full representation space; and (2) Hungarian-matched encoder cosine similarity
[Kuhnl [1955]], which measures whether individual atoms align across seeds after optimal one-to-one
matching.

Table 8: Cross-seed stability of learned representations. Mean Hungarian-matched encoder cosine
similarity and linear CKA across seed pairs, evaluated on 10 held-out stories. Architecture variants
A-E correspond to the rows of Table 2]

Model Hungarian cos. sim. CKA
B. Coupled SAE (enc. norm, best) 0.41 0.944
A. Baseline (no encoder norm) 0.33 0.890
C. Matryoshka [2, 5] 0.51 0.989
D. Matching-pursuit SAE 0.81 0.982
E. + Per-voxel scale 0.45 0.964
Sem—Brain 0.27 0.777
Brain—Sem 0.31 0.976
Random encoder 0.04 0.485

Linear CKA is at or above 0.89 for all non-random coupled variants, with the best model and most
architecture variants reaching 0.94 or higher, confirming that the global activation space is highly
consistent across seeds even when individual atom identities differ; the random encoder control drops
to 0.485, showing that this consistency requires a learned representation. At the atom level, the MP-
SAE variant achieves Hungarian cosine similarity of 0.81 alongside CKA of 0.982, suggesting that
greedy pursuit imposes a stronger inductive bias toward a canonical atom ordering than TopK training,
and understanding this relationship between encoder architecture and atom-level reproducibility is an
open question for future work.
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NeurlIPS Paper Checklist

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 match the empirical scope of the paper: retained
brain prediction under compression, interpretability evaluated through semantic and cortical
analyses, and transfer to held-out subjects with a frozen encoder and linear decoder refit;
see the Abstract, §I] and §4}

Guidelines:

e 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 s 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: The Discussion states the main limitations explicitly, including that the learned
atoms are descriptive rather than mechanistic, that experiments are restricted to one natu-
ralistic dataset and stimulus setting, and that broader heterogeneous multisubject settings
remain future work; see §5}

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.
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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: [N/A]
Justification: The paper does not present theoretical results or 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: The paper specifies the model, loss, preprocessing, data splits, optimization
settings, ablations, and evaluation procedures in §3|and Appendix A-M, which together
provide the information needed to reproduce the reported experiments.

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.
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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 anonymized code, configuration files, and scripts with the sub-
mission, together with instructions for data access, preprocessing, training, evaluation, and
figure generation; see Appendix B (Software and compute).

Guidelines:

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

* Please see the NeurIPS code and data submission guidelines (https://neurips.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 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:
//neurips.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, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The main paper gives the experimental setup needed to interpret the results
(§3} §4)., and the appendix gives the remaining training, preprocessing, hyperparameter,
interpretability, and transfer details needed to understand how each result was produced.

Guidelines:

* The answer [N/A]| 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.

. 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: Main results are reported as 3-seed mean = std, the transfer curves report
variability across repeated story draws, and the cortical analyses report permutation-based
significance with multiple-comparison correction where appropriate; see §4 and Appen-
dicesE, G, H, 1, J, and K.
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Guidelines:

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

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
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: Appendix B (Software and compute) reports the software stack, representative
training time per run, the GPU class and memory, and which components run on CPU versus
GPU, which is sufficient to estimate the compute needed to reproduce the experiments.

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: To the best of our knowledge, the work conforms to the NeurIPS Code of
Ethics.

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).

10. Broader impacts

27


https://neurips.cc/public/EthicsGuidelines

953
954

955

956
957
958

959

960

961
962
963
964
965
966
967
968
969
970
971
972

974
975
976
977

978
979
980

982

983

985

986

988
989

990

991

992
993
994
995
996
997
998
999
1000

1001

1002
1003
1004

1005

11.

12.

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

Answer: [Yes]

Justification: The Discussion notes a practical benefit in translational settings where long
scanning sessions are impractical, and a potential negative impact in the form of increased
privacy risk from inferring sensitive information from neural data; see §3]

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 released assets are analysis code, configurations, and scripts for a public
fMRI dataset; the paper does not release a high-risk generative model, scraped dataset, or
similarly high-misuse asset.

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: [Yes]
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13.

14.

Justification: The paper cites the external dataset, model, and software assets it uses, and
Appendix B (Software and compute) states the relevant licenses or terms of use for the
OpenNeuro distribution of the LeBel et al. data (CC0), Gemma-2-2b (Gemma terms of use),
FreeSurfer (registration-based academic license), and himalaya (BSD-3-Clause).

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.

* 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: [Yes]

Justification: We release anonymized code, configuration files, and scripts together with
documentation and reproduction instructions; see Appendix B (Software and compute).

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 does not report new crowdsourcing experiments or new data
collection from human subjects; it analyzes an existing public dataset.

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.
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15.

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 involve new human-subject data collection by the authors;
it analyzes an existing public dataset.

Guidelines:

* The answer [N/A] 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 rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: LLMs are a central part of the method: Gemma-2-2b provides the seman-
tic input representation, and Autolnterp uses an LLM judge to evaluate whether learned
atoms admit predictive natural-language descriptions on held-out contexts; see §3] §4] and
Appendix E.

Guidelines:

* The answer [N/A] 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 in the NeurIPS handbook for what should or should not
be described.
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