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Abstract

Encoding models using word embeddings or artificial neural network (ANN) fea-
tures reliably predict brain responses to naturalistic stimuli, yet interpreting these
models remains challenging. A central limitation is superposition: distinct seman-
tic features become entangled along correlated directions in dense embeddings
when latent features outnumber embedding dimensions. This entanglement renders
regression weights non-identifiable—different combinations of semantic directions
can produce identical predictions, precluding principled interpretation of voxel se-
lectivity. To address this, we introduce the Sparse Concept Encoding Model, which
transforms dense embeddings into a higher-dimensional, sparse, non-negative space
of learned concept atoms. This transformation yields an axis-aligned semantic basis
where each dimension corresponds to an interpretable concept, enabling direct
readout of conceptual selectivity from voxel weights. When applied to fMRI data
collected during story listening, our model matches the prediction performance of
conventional dense models while substantially enhancing interpretability. It enables
novel neuroscientific analyses such as disentangling overlapping cortical repre-
sentations of time, space, and number, and revealing structured similarity among
distributed conceptual maps. This framework offers a scalable and interpretable
bridge between ANN-derived features and human conceptual representations in
the brain.

1 Introduction

Artificial neural networks (ANNs) were originally inspired by the brain, yet progress in machine
learning has far outpaced advances in understanding brain function. A central bottleneck in neuro-
science is data: while many large-scale datasets are available for training machine learning models,
brain recordings remain scarce and costly. To overcome this limitation, neuroscientists increasingly
use machine learning models to study how the brain represents information. A common framework
for this approach is the encoding model, which predicts brain activity from quantitative stimulus
features using linear regression [22, 27, 15, 35, 56]. Early encoding models relied on manually-
defined features, such as labeled objects or actions in movies [23, 55, 34]. Recent encoding models
instead leverage features derived from machine learning, such as word embeddings or activations
from large language models (LLMs) [52, 30, 37, 57, 1, 24, 20, 28, 50, 26]. When used as regressors
to predict brain responses to naturalistic stimuli such as narrative stories, machine-learning-derived
features consistently outperform manually-defined features. In particular, features from deeper neural
networks achieve higher predictive accuracy [1, 7, 45].

Despite their success in applications like speech decoding [29, 51, 47], ANN-based encoding models
remain limited in their ability to advance fundamental neuroscience due to poor interpretability.
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Figure 1:The Sparse Concept Encoding Model resolves superposition in dense feature spaces.
Left: In dense embedding space, semantic concepts are represented by correlated linear combinations
of basis directions. This superposition introduces ambiguity: a voxel's weight vector may project
positively onto multiple concept directions simply because those directions are themselves correlated.
Right: The Sparse Concept Encoding Model recovers the underlying semantic directions and
assigns each to an independent axis, transforming the dense space into an interpretable, axis-aligned
representation. This enables voxel tuning to be directly read out along concept dimensions.

Mapping ANN-derived representations onto brain activity often amounts to explaining one black
box with another, yielding little insight into the underlying neural mechanisms. However, many core
questions in neuroscience, such as where and how abstract concepts are represented in the brain,
demand models with interpretable internal structure.

In this work, we address the interpretability challenges inherent to dense feature representations in
encoding models. Previous studies using word embeddings or ANN-based features often assume that
regression weights in these high-dimensional spaces are directly interpretable [22, 50, 54, 13]. We
show that this assumption is fundamentally �awed. Speci�cally, we demonstrate thatsuperposition,
the entanglement of multiple latent semantic features when their number exceeds the embedding
dimensionality, introduces intrinsic ambiguity in model interpretation [16, 8]. When semantic features
are superposed, regression weights becomenon-identi�able : distinct combinations of semantic
features can produce the same predicted brain responses. This makes it impossible to reliably identify
which speci�c concepts a voxel encodes, limiting the utility of dense models for neuroscienti�c
inquiries. To overcome this limitation, we propose a new framework that preserves the predictive
power of dense features while signi�cantly enhancing model interpretability. Our method disentangles
superposed representations into sparse, semantically-aligned concept dimensions, allowing a clearer
link between model structure and brain activity. The framework generalizes naturally across a
wide range of representations, such as LLM embeddings, and across recording modalities, such as
electrocorticography (ECoG) and magnetoencephalography (MEG).

Main Contributions (1) We show that regression weights learned from dense features are inherently
non-identi�able. Using a Bayesian analysis, we trace this ambiguity to the implicit prior induced by
the geometry of dense embedding spaces. (2) We introduce the Sparse Concept Encoding Model,
which transforms dense features into a higher-dimensional, sparse space composed of learned concept
atoms. (3) We propose Vector Norm Reparameterization (VNR), a preprocessing method that
enhances interpretability of learned concept atoms by expanding the relative spread of low-norm
vectors while compressing the range of high-norm vectors. (4) We apply the Sparse Concept Encoding
Model to a naturalistic fMRI dataset and demonstrate two neuroscienti�c analyses that are infeasible
with dense models: (i) disentangling overlapping cortical representations of time, space, and number,
and (ii) comparing concept representations across the cortex to reveal structured relationships among
distributed conceptual maps.
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Figure 2:Sparse dictionary learning decomposes each word into a sparse, non-negative linear
combination of concept atoms.This example shows the sparse decomposition of the word “walking”
using the learned concept atom dictionary. Each contributing atom is shown with its index, a
descriptive label (chosen heuristically by the authors), and its top 5 activating stimulus words from
the story transcripts.

2 Theories

2.1 Sparse Coding

Sparse coding, also known as sparse dictionary learning, was originally proposed as a model for
how the visual cortex ef�ciently represents natural scenes [38, 39]. The central idea is that many
natural signals, such as images, sounds, or words, can be expressed as linear combinations of a small
number of latent components, often calledbasis factorsor atoms. For example, the word "queen"
can be decomposed into two latent factors: "royalty " and "femaleness ". These features tend
to occur independently: “royalty” appears in “king” and “castle”, while “femaleness” is present
in “daughter” and “mother”. Since most words activate only a small number of such factors, the
resulting representations aresparse.

Formally, each inputx j 2 Rp is approximated as a linear combination of atoms from an overcomplete
dictionaryf � i g

m
i =1 � Rp, wherem > p : x j =

P m
i =1 aij � i . The coef�cient vectoraj 2 Rm is

constrained to be sparse, with most entries equal to zero. Overcompleteness (m > p ) allows the
dictionary to capture �ne-grained structure in the data but renders the linear system underdetermined.
Sparsity resolves this ambiguity by favoring solutions that use only a small subset of atoms. Speci�-
cally, the dictionary and coef�cients are jointly learned by minimizing a regularized least-squares
objective:
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2.2 Sparse Coding For Interpreting Word Embeddings and Deep Neural Networks

Word embeddings are known to encode semantic features as linear directions in activation spaces.
The canonical example by Mikolov et al. [32], "king " � "man" + "woman" � "queen", showed
that vector arithmetic on word embeddings captures analogies. This suggests that certain linear
directions correspond to interpretable semantic concepts ("royalty " and "femaleness "). Arora
et al. (2016) [2] provided a theoretical explanation for the linear structure through arandom-walk-
on-discoursesmodel, where word vectors are generated from mixtures of latent discourse vectors.
Arora et al. (2018) [3] further argued that sparse coding provides a natural method to recover these
latent discourse directions from dense embeddings [17]. Subsequent studies applying sparse coding
to word embeddings have indeed revealed dictionary atoms that correspond to interpretable semantic
and syntactic features [3, 4, 59].

Recently, sparse coding has been adopted in mechanistic interpretability research on deep neural
networks (DNNs), which aims to decompose models into human-interpretable components [43, 46].
Early efforts focused on analyzing individual neurons, under the assumption that each neuron
corresponds to a single interpretable feature [25, 36, 5]. However, empirical studies revealed that many
neurons respond to multiple, often unrelated features, a phenomenon known aspolysemanticity[36].
To explain this, researchers proposed thesuperposition hypothesis[16, 8]: when the number of latent
features exceeds the number of available neurons, the network encodes each feature as a distinct
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Figure 3:The Sparse Concept Encoding Model produces interpretable voxel weights by re-
placing dense features with learned concept atoms. Top:Dense Encoding Model: Stimuli are
represented using dense word embeddings, resulting in voxel weights that lie in an entangled feature
space where semantic directions overlap.Middle: Sparse Dictionary Learning: Dense embeddings
are transformed into a higher-dimensional space of sparse concept atoms, each de�ning a distinct,
interpretable semantic axis.Bottom: Sparse Concept Encoding Model: Stimuli are re-encoded
as sparse combinations of concept atoms. The resulting voxel weights are de�ned with respect to
disentangled concept-atom axes, enabling direct and interpretable readout of semantic selectivity.

linear combination of neurons. Superposition thus emerges naturally as an ef�cient representational
strategy under data sparsity and limited capacity. Inspired by earlier work on word embeddings,
recent studies have applied sparse coding to dense DNN activations to recover interpretable basis
factors [10, 58, 21]. In particular, sparse autoencoders trained on large language model (LLM)
activations have shown that a few hundred neurons can represent thousands of distinct, interpretable
features in superposition [8].

2.3 Limitations of Dense Encoding Models

The seminal work of Huth et al. [22] used word embeddings to represent narrative stimuli and revealed
widespread conceptual representations across the human cortex. This approach catalyzed a growing
body of research using machine-learning-derived features to predict brain activity. These studies
typically employ regularized linear regression to �t a separate model for each voxel (a volumetric
unit of brain tissue measuring approximately3 � 3 � 4 millimeters), producing a weight vector that
characterizes the voxel's feature selectivity [15, 35, 30].
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However, interpreting regression weights from dense encoding models presents a fundamental
ambiguity. In dense embeddings (Fig. 1, left), the coordinate axes are not inherently interpretable;
semantic concepts are represented by correlated linear combinations of basis directions. This
entangled structure complicates interpretation, as the relationship between voxel weights and semantic
concepts becomes opaque. Conventional analyses often rely on heuristic assumptions: for example,
inferring that a voxel is selective for a concept if its weight vector projects positively onto that
concept's direction. But such inferences are unreliable when concept directions are correlated. A
voxel aligned withnumber, for instance, may appear to also respond totimesimply because the
two concept directions are positively correlated. More problematically, many concept pairs, such as
femalenessandspacein the diagram, may be strongly anti-correlated, making it unclear whether a
voxel is activated by one, suppressed by the other, or both. These ambiguities undermine principled
interpretation: a positive projection does not necessarily imply true selectivity to a concept; observed
overlaps in cortical maps may re�ect either genuine multi-concept selectivity or spurious effects
induced by embedding geometry. The root of this ambiguity is formalized in theTheorem of
Non-Identi�ability in Dense Embedding Spaces(Appendix B). In contrast, an ideal feature space
would have an interpretable basis in which each axis corresponds to a distinct semantic concept
(Fig. 1, right). In such a space, a voxel's tuning could be directly read from its projections along
concept axes. This axis-aligned structure is the interpretability goal we aim to achieve with the Sparse
Concept Encoding Model.

2.4 The Sparse Concept Encoding Model

To circumvent the identi�ability limitations of dense embeddings, we aim to recover the latent
semantic directions and assign each its own coordinate, effectively lifting the dense feature space into
an interpretable, axis-aligned representation (Fig. 1, right). We achieve this through non-negative
sparse dictionary learning applied to a large text corpus, producing an overcomplete set of semantic
axes that we termconcept atoms. Speci�cally, we expand the originald-dimensional embedding
space into anm-dimensional space (m > d ), where each axis corresponds to a distinct concept
atom (Fig. 3, middle). Each stimulus vector is then re-encoded as a sparse, non-negative linear
combination of these atoms (see Fig. 2 for an example). This transformed representation replaces the
original dense features in the encoding model. In the resulting sparse feature space, voxel weights
become directly interpretable: each dimension aligns with a distinct semantic concept, enabling
principled readout of conceptual selectivity from the corresponding weight values (Fig. 3, bottom).
This structure facilitates clean disentanglement of weights for voxels jointly selective for multiple
concepts. The non-negativity constraint further sharpens interpretability by ensuring that positive
weights indicate activation and negative weights indicate suppression. Together, these properties
enable clear interpretation of conceptual selectivity across the cortex.

Both the Sparse and Dense Encoding Models can be interpreted under a Bayesian regression frame-
work [35]. From this view, the Dense Model corresponds to the Sparse Model with a non-spherical
Gaussian prior whose covariance captures correlations among concept directions in the dense space.
A formal derivation is provided in the Appendix B.

3 Experiments

3.1 Voxelwise Modeling and Feature Construction

We evaluated the Sparse Concept Encoding Model on a publicly available fMRI dataset in which
participants listened to naturalistic autobiographical audio stories [22]. Our analysis follows the
voxelwise encoding model framework, emphasizing high-resolution, within-subject modeling in
which model training and evaluation are performed on separate data from the same individual [15].
We present cortical maps for two representative participants and report group-level statistics across
all seven participants.

To construct the dense feature space, we used pre-trained 300-dimensional GloVe word embed-
dings [41]. The corresponding sparse feature space was obtained using non-negative sparse dictionary
learning, following the procedure of Zhang et al. [59]. Using their public implementation, we learned
a 1,000-dimensional overcomplete dictionary of concept atoms from the GloVe vectors. For each
atom, we identi�ed the top-activating words from the story transcripts to aid interpretability. Figure 2
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shows illustrative examples, and a broader list of 50 representative concept atoms is provided in
Appendix C.

A key question is whether the dense feature space already provides suf�cient semantic separation for
voxel weights to be interpreted directly. If distinct concepts were represented along nearly orthogonal
directions, sparse transformation would be unnecessary. To evaluate this, we examined the pairwise
cosine similarities among the 1,000 learned concept atoms in the original 300-dimensional GloVe
space. For reference, 1,000 random unit vectors in a 300-dimensional space are expected to be nearly
orthogonal: their pairwise cosine similarities have mean� = 0 , standard deviation� = 0 :058, and
only 0:03%of pairs exceed0:2 in magnitude. In contrast, the concept atoms exhibited substantial
overlap, with mean pairwise similarity� = 0 :01, standard deviation� = 0 :075, and2:18% of
pairs exceeding0:2 (Fig. 4a). This structured correlation pattern indicates that the dense feature
space represents concepts along moderately correlated directions, reaf�rming the need for a sparse,
axis-aligned representation.

3.2 Improving Embedding Geometry with Vector Norm Reparameterization

A known property of dense word embeddings is that high-frequency words tend to lie closer to the
origin, likely because their vectors represent averages over more diverse contextual usages [44, 2].
We observe that sparse coding often captures many high-frequency words with different semantic
meanings within the same dictionary atoms. To improve separability among high-frequency words,
we developed a preprocessing technique called Vector Norm Reparameterization (VNR), which
differentially rescales each word vector according to its norm, expanding the relative spread of
vectors near the origin while compressing those among high-norm vectors. Quantitative comparisons
with standard preprocessing methods (Appendix G) show that VNR improves WordNet purity,
reconstruction error, and sparsity. Based on these results, we adopted VNR for all subsequent
analyses.

3.3 Comparing Predictive Performance of Dense and Sparse Models

To compare the predictive performance and interpretability of the Dense Encoding Model and the
Sparse Concept Encoding Model, we �t voxelwise encoding models using two types of semantic
features: 300-dimensional dense embeddings for the Dense Model and 1,000-dimensional sparse
embeddings for the Sparse Model. Both models were trained using regularized linear regression
with cross-validation and evaluated on a held-out test story using the coef�cient of determination
(R2) as the performance metric. Statistical signi�cance was assessed at the voxel level using 9,999
block permutations with false discovery rate (FDR) correction atp < 0:05 (Appendix F). To
visualize prediction performance, we plotted voxelwise

p
R2 values onto cortical �atmaps [18].

The Sparse Model achieved strong prediction accuracy across temporal, parietal, and prefrontal
cortices in both participants (Fig. 4b–c). To directly compare models, we plotted voxelwise

p
R2

scores across all signi�cantly predicted voxels (Fig. 4d–e). Across subjects, the mean difference
in prediction performance between the transformed and original models was� 0:00047� 0:00071,
with no statistically signi�cant difference detected (pairedt(6) = � 1:77; p = 0 :13). These results
indicate that the Sparse Concept Encoding Model achieves comparable prediction accuracy to that of
the Dense Encoding Model while substantially improving interpretability.

3.4 Concept-Level Cortical Maps from the Sparse Concept Encoding Model

Prior work has shown that abstract concepts are represented in the brain through widespread, spatially
overlapping cortical patterns rather than anatomically localized regions [23, 22]. However, dense
encoding models lack a principled way to disentangle the cortical representations of individual
concepts. The Sparse Concept Encoding Model addresses this by representing each concept as a
distinct axis in a sparse feature space. These axes, or concept atoms, correspond to interpretable
semantic dimensions, which can be identi�ed by inspecting the top-activating stimulus words (see
Appendix C Table 1). In this and Section 3.6, we focus on the 20 atoms with the highest average
cortical activation, as they provide the most robust signal for analyzing concept-level representations.

To assess whether the Sparse Concept Encoding Model yields consistent and interpretable cortical
maps for individual semantic concepts, we examined two illustrative concept atoms, indices 456
and 115, drawn from the top 20 atoms (Fig. 5). These atoms are interpretable as representing the
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Figure 4: The Sparse Concept Encoding Model preserves prediction accuracy while improving
interpretability. (a) Pairwise cosine similarities between all 1,000 concept atoms in the dense
embedding space reveal structured correlations, with many atom pairs showing moderate cosine
similarity. (b-c) Cortical maps of prediction accuracy (

p
R2) for the Sparse Concept Encoding Model

in Subject 01 and Subject 02, showing strong performance across lateral temporal (LTC), medial
parietal (MPC), and prefrontal (PFC) regions.(d–e)Scatter plots comparing prediction accuracy
between the Sparse and Dense Encoding Models across all signi�cantly predicted voxels.

concepts of “body position” and “family”, respectively. For each atom, we listed the most strongly
activating stimulus words and, for two participants, visualized voxelwise regression weights along
the corresponding concept-atom axis on cortical �atmaps. The resulting maps revealed bilateral,
distributed patterns of selectivity that are consistent across individuals.

As a baseline, we compared these maps to those derived from the Dense Encoding Model. Since the
dense model lacks a principled method for generating concept-level maps, prior work has relied on
heuristic strategies. Common approaches include: (1) assigning each voxel to the concept whose
embedding vector has the highest cosine similarity to its weight vector, which can underestimate
mixed selectivity; and (2) projecting voxel weights onto individual semantic directions, which can
overestimate selectivity due to correlations in dense space. In this work, we implemented a hybrid
heuristic: labeling a voxel as selective for a concept if that concept ranked among its top-10 cosine
similarity matches. Maps produced by the dense model were less spatially coherent, less bilaterally
symmetric, and more variable across individuals (Appendix E).

To quantify inter-subject consistency across models, we projected each participant's cortical maps
onto the common fsaverage surface and computed pairwise cosine similarities across all seven
individuals. Averaged across the top 20 concept atoms, the Sparse Concept Encoding Model yielded
substantially higher inter-subject consistency (mean� SD : 0:26 � 0:04) compared to the Dense
Encoding Model (0:09� 0:04). These results indicate that the sparse model produces more consistent
semantic representations across subjects.

3.5 Case Study: Disentangling Time, Space, and Number Representations

A longstanding hypothesis in cognitive neuroscience posits that the brain encodes time, space, and
number using a shared magnitude system [11, 53, 12]. While this theory is supported by robust
behavioral and psychophysical evidence, neuroimaging results have been inconsistent [9, 48]. The
Sparse Concept Encoding Model enables a novel test of this hypothesis by assigning time, space,
and number independent axes in a shared semantic space, allowing direct comparison of their
cortical representations. To evaluate this, we identi�ed the concept atoms most associated with
each domain based on their top-activating stimulus words (Fig. 6). To normalize for variation in
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Figure 5: The Sparse Concept Encoding Model yields consistent, interpretable cortical maps
for individual semantic concepts. (a, d)Two example concept atoms (indices 456 and 115) from the
top 20 most strongly activated atoms, interpreted as representing the concepts of “body position” and
“family,” respectively. Each word cloud shows the top-activating stimulus words for the corresponding
atom. (b–c, e–f)Voxelwise regression weights projected onto the selected concept-atom axis for
Subject 01 and Subject 02. Red indicates positive selectivity and blue negative. Opacity is scaled
by cross-validated prediction accuracy, and only voxels with signi�cant prediction performance
(jackknife-estimatedp < 0:05) are shown. Both atoms exhibit distributed, bilaterally symmetric
selectivity patterns that are consistent across individuals. These results show that the Sparse Concept
Encoding Model successfully disentangles individual concept representations and produces coherent
cortical maps.

activation magnitude across concept atoms, we selected the top 5,000 voxels with the highest positive
regression weights for each cortical map. The resulting composite maps revealed localized, bilateral
overlap among the three conceptual domains, indicated in white. These patterns were consistent
across individuals. Notably, regions of three-way overlap included the bilateral intraparietal sulcus
(IPS) and bilateral inferior frontal gyrus (IFG), areas previously implicated in shared magnitude
processing [9, 48]. To quantify the extent of overlap, we calculated intersection-over-union (IoU)
scores for each concept pair and their three-way intersection [49, 9, 48]. Averaged across seven
participants, IoU scores were0:34� 0:05 for time–space,0:32� 0:07 for time–number,0:32� 0:07
for space–number, and0:18� 0:05 for voxels jointly selective for all three. These �ndings support
the shared magnitude system hypothesis, offering fMRI evidence from naturalistic stimuli enabled by
a novel and interpretable modeling framework.

3.6 Case Study: Comparing Cortical Representations of Different Concepts

Understanding how the brain encodes relationships between abstract concepts is a central goal in
cognitive neuroscience. For example, are logical composition concepts such as "combine", "overlap",
and "exclude" represented similarly to body position concepts like “lie,” “sit,” and “slouch”? To
address this, we compared cortical tuning maps across the top 20 concept atoms. For each atom,
we generated cortical maps as described in Section 3.4 and computed pairwise cosine similarities
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