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Abstract

We introduce HBAR (Hierarchical Brain Activity Representation), a hierarchical
tokenization framework for learning compact, multi-scale representations of neu-
roimaging data. HBAR organizes voxel-level resting-state fMRI into a hierarchy
spanning sub-parcel voxel groups, parcels, and large-scale functional networks,
enabling approximately 415 x compression while preserving fine-grained spatial
information beyond conventional parcellation. The framework supports fixed
atlas-based, fully learned, and softly prior-guided hierarchies, allowing us to sys-
tematically study the role of structured priors in brain representation learning.
Evaluated on large-scale fMRI data, HBAR substantially improves reconstruction
over parcellation-based and single-scale tokenization baselines, while supporting
downstream modeling of brain dynamics and demographic prediction tasks such as
sex classification. Across reconstruction and downstream evaluation, atlas-guided
hierarchies provide the strongest overall performance, suggesting that established
functional atlases encode organizational structure that remains difficult to recover
from reconstruction alone. By combining voxel-level fidelity, compact discrete
tokens, and multiscale brain structure, HBAR offers a practical framework for
representation learning in high-dimensional neuroimaging data.

1 Introduction

Many modern machine learning systems operate on high-dimensional structured data, where observa-
tions are defined over sets of interrelated entities rather than independent features. Examples include
images defined over spatial grids (e.g. CNNs) [18]], graphs defined over relational neighborhoods
(e.g. Graph-CNNs) [[L6], and biological signals defined over anatomically organized domains such
as brain networks [28]]. A central challenge in these settings is to construct representations that are
both compact enough to enable efficient learning and inference, yet expressive enough to preserve
the dependencies and organization inherent to the data.

A common approach is fokenization, where high-dimensional inputs are mapped to discrete or
continuous tokens used for downstream modeling. Existing tokenization strategies, however, typically
rely on fixed partitions or uniform downsampling, imposing strong assumptions about the structure
of the data. While effective for regular domains, such approaches can be suboptimal for structured
signals whose organization is not aligned with simple spatial or topological partitions. An alternative
perspective is to view tokenization as a learned aggregation process, in which tokens are formed by
adaptively grouping elements according to their statistical dependencies [29]. This naturally leads
to hierarchical tokenization, where representations are organized across multiple scales from local
structure to global organization. However, prior approaches are often tied to fixed spatial hierarchies
(e.g., image pyramids), limiting their flexibility and applicability to more general structured domains.
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Figure 1: Hierarchical tokenization and reconstruction for resting-state fMRI. Voxel-level BOLD
signals are organized into a three-level hierarchy spanning sub-parcel voxel groups, parcels (DiFuMo-
1024), and large functional networks (Yeo-17). A shared encoder produces voxel-level representations,
which are progressively aggregated to parcel- and network-level tokens via hierarchical mappings.
At each scale, tokens are discretized using binary spherical quantization (BSQ) and decoded to
reconstruct the corresponding signals. The model is trained using a multi-scale reconstruction
objective, encouraging representations to preserve information across voxel, parcel, and network
levels. Example reconstructions (bottom) demonstrate recovery of BOLD dynamics at all scales.

Resting-state functional magnetic resonance imaging (rs-fMRI) provides a compelling testbed for
hierarchical tokenization. Brain activity is inherently structured across multiple scales, from voxel-
level signals to parcels and functional networks, and exhibits rich dependencies that are not strictly
localized in space. At the same time, existing representation learning approaches for rs-fMRI typically
operate at one of two extremes: either directly modeling voxel-level data at high computational cost
[31], or aggregating signals into predefined atlases or parcellations [0, 9, [34], which can discard
fine-grained spatial information. This tension makes rs-fMRI an ideal setting in which to study
learned, multiscale tokenization. To study this setting, we introduce HBAR (Hierarchical Brain
Activity Representation), a multiscale tokenization framework for structured neuroimaging data.

Our contributions are summarized as follows: (1) we introduce a general framework for hierarchical
tokenization of structured data based on hierarchical aggregation rather than fixed spatial downsam-
pling; (2) we instantiate HBAR for rs-fMRI using a voxel-to-parcel-to-network hierarchy, achieving
approximately 415x compression while preserving substantially more fine-grained spatial informa-
tion than conventional parcellation; (3) we systematically study the tradeoff between fully learned and
prior-guided hierarchical organization, including a hybrid approach combining adaptive tokenization
with structured neurobiological priors; and (4) we demonstrate that the resulting representations
support reconstruction, autoregressive prediction of brain dynamics, and demographic prediction
tasks, while showing that structured atlas priors provide a strong inductive bias for hierarchical
representation learning in fMRI.

2 Related Work

2.1 Tokenization and Hierarchical Tokenization

Modern tokenization emerged from variational autoencoders [15] and VQ-VAE [22], which intro-
duced discrete latent representations compatible with autoregressive modeling. VQ-VAE-2 [25]



established the now-standard multiscale formulation of coarse and fine latents, later adopted by
VQGAN [10], DALL-E [24]], ImageGPT [7], and AudioLM [3]]. Together, these works demonstrated
that strong tokenizers can compress high-dimensional signals into compact representations suitable
for large-scale generative modeling.

Most hierarchical tokenizers define hierarchy through fixed spatial mechanisms such as multiresolu-
tion grids, residual quantization, or decoder pyramids. HR-VQVAE [2], RQ-VAE [19]], and VAR [29]
progressively refine representations across scales and show that multiscale tokenization improves
efficiency and inductive bias. However, these hierarchies remain fundamentally tied to Euclidean
image structure rather than structured scientific domains whose meaningful units may be spatially
distributed. A second line of work instead learns aggregation directly. Perceiver [14] compresses
large inputs into latent bottlenecks via cross-attention, while DiffPool [36] learns soft hierarchical
graph coarsening. These works suggest that tokenization need not rely on fixed partitions, but can
instead emerge through learned many-to-few aggregation.

2.2 Tokenization and Autoregressive Modeling for fMRI

Recent fMRI foundation models primarily focus on pretraining objectives rather than on learning
the tokenizer itself. BrainLM [6] applies large-scale masked-prediction training to rs-fMRI and
demonstrates transfer to clinical and demographic tasks, while Brain-JEPA [9] introduces latent-
target prediction with spatiotemporal masking. SLIM-Brain [32] moves toward atlas-free voxel-level
modeling using selective hierarchical encoding. These works show that both atlas-based and voxel-
level pretraining can transfer effectively, but generally treat representational units as fixed.

Several recent works move closer to explicit tokenization and compression. BrainCodec [21]] imports
neural codec ideas into fMRI for denoising and reconstruction, while HST [33]] combines hierarchical
state-space modeling with clustered VQ-VAE quantization for brain-state analysis. Earlier voxelwise
VAE work [[13]] similarly demonstrated that learned latent rs-fMRI representations preserve informa-
tion useful for downstream prediction. Complementary autoregressive approaches include FARM
[12], continuous-space autoregression [23]], voxel-level transformer prediction [27], and multimodal
next-token modeling [35]. Together, these frameworks establish that compression and autoregressive
modeling of fMRI signals are both feasible and useful.

2.3 Recent Tokenization and Quantization Techniques

Recent tokenizer research increasingly studies the geometry and scalability of the quantization
bottleneck itself. LFQ/MAGVIT-v2 [37]], FSQ [20], BSQ [39]], and spherical Leech quantization [40]
demonstrate that bottleneck geometry strongly influences tokenizer stability, compression efficiency,
and scalability. Other approaches focus on compactness and codebook utilization. TiTok [38]
compresses images into extremely short token sequences, VQGAN-LC [41] scales to very large
vocabularies, IBQ [26] introduces differentiable code indices, and FQGAN [3]] factorizes vocabularies
into semantically enriched sub-codebooks. Recent work also increasingly co-designs tokenizers
and autoregressive models. VAR [29]], for example, replaces raster next-token prediction with next-
scale prediction over multiscale latent maps generated by a hierarchical VQ-VAE. However, these
approaches remain largely tied to predefined image pyramids and grid-structured data, whereas
rs-fMRI exhibits distributed low-SNR structure spanning voxel, parcel, and network scales.

3 HBAR: Hierarchical Tokenization for f/MRI

3.1 Problem Formulation

We consider data defined over a structured domain represented as a graph G = (V| E), where V
denotes a set of nodes and E encodes relationships between nodes. Each observation is a signal:

X € RIVIxdn
where nodes ¢ € V' are associated with feature vectors X;. In rs-fMRI, nodes correspond to voxels,

and edges reflect spatial adjacency or implicit functional relationships. Our goal is to construct a
hierarchical tokenization of X, producing a sequence of progressively coarser representations:

70) 5 7() ... 7(L)
where Z(©) = X, and Z(®) € RN1*4 denotes a set of N; tokens at level [, with Ny > Ny > --- > N.



3.2 Hierarchical Tokenization as Aggregation

We define a general tokenization operator at level [ as ZU+D = 7(1)(Z(® G) which maps fine-scale
representations to coarser tokens. We consider two complementary regimes:

Fixed (prior-based) tokenization. Tokenization may be defined by a partition of nodes into groups
{5k C V},]j:il, yielding:
2D = Pool({Z" - i € Si})

where Pool is an aggregation operator (e.g., mean or attention pooling). In structured domains such as
the brain, these partitions may be derived from large-scale datasets (e.g., functional atlases), providing
a strong prior over meaningful organization. A large body of resting-state fMRI literature focuses on
deriving large scale groupings of brain regions at various scales: as small as seven networks [28] and
as large as 1024 [8]] or even 3000 parcels [4]. Similarly, we instantiate our framework for resting-state
fMRI using a three-level hierarchy spanning voxel, parcel, and network scales. For each subject, we
assume a preprocessed 4D resting-state fMRI volume

X e RXxYxeT

in standard space (e.g., 2 mm MNI), along with a gray-matter mask M € {0, 1}*>*Y*Z_ Only voxels
with M = 1 are retained, yielding V' voxels per subject. In our experiments, a typical scan contains
approximately V = 8.1 x 10° voxels and T' € [971, 1200] timepoints.

Learned tokenization via cross-attention. Alternatively, tokenization can be defined as a learned
aggregation:
Z0+) — Attn(Q(l), Z(l)),

where Q) € RMi+1%4 are Jearned query embeddings, and Attn denotes multi-head cross-attention.
Each token aggregates information from all tokens at level [ with learned, input-dependent weights,
allowing the model to learn distributed and non-local structure directly from data.

In our architecture, at the bottom level, voxel-level sub-parcel tokens are first encoded using a
temporal encoder operating on local voxel groups over short temporal windows. The resulting token
representations are then aggregated hierarchically to produce parcel- and network-level representa-
tions. Finally, we also consider a soft hierarchy setting, in which the same learned cross-attention
architecture is used, but representations are regularized toward atlas-derived groupings.

Overall, these two regimes represent complementary design choices: fixed tokenization can leverage
strong domain priors, while learned tokenization offers flexibility and the ability to capture data-driven
structure. In domains with well-established large-scale organization, prior-based tokenization can
provide a particularly strong inductive bias. Our formulation unifies and extends several existing
paradigms. Convolutional neural networks aggregate over fixed local neighborhoods on a grid,
while graph neural networks aggregate over predefined neighborhoods in G. In contrast, hierarchical
tokenization defines aggregation operators that may be either fixed or learned, and organizes them
across multiple scales. This flexibility is especially important in domains such as brain data, where
meaningful structure is often distributed and not strictly localized in space.

3.3 Multiscale Representation

Each level of the hierarchy induces an implicit coarsening of the underlying graph. Tokens at level
1 + 1 can be interpreted as nodes in a coarsened graph G(*1), where each coarse node represents a
subset or distribution over nodes at level /. Unlike classical graph coarsening methods, which rely on
fixed clustering heuristics, our formulation allows tokenization to be defined either through explicit
priors or learned aggregation, enabling flexible multiscale representations.

Voxel-level At the lowest level, we construct voxel-level tokens by partitioning each parcel into
fixed-size voxel groups of size K = 16, preserving fine-grained spatial information that is typically
lost in standard parcellations that average much larger groups of voxels. For each parcel, voxel
coordinates are normalized and ordered deterministically, after which they are divided into contiguous
groups, padding the final group if necessary. This results in approximately Ny ~ 5.1 x 10* bottom-
level tokens per subject for our data.



Parcel-level At the intermediate level, we use DiFuMo-1024 parcels [8].

Network-level At the top level, we use these large-scale functional networks (specifically the
Yeo-17 atlas [28]). Importantly, this hierarchy is anchored in well-established functional atlases,
which provide a strong prior over brain organization.

Discretizations at multiple levels Vector [22], binary spherical [39], or other quantization [40] can
be applied at intermediate levels to obtain discrete tokens. In practice, BSQ discretizes representations
by projecting features onto a binary hypersphere using a straight-through sign operator, producing
compact discrete tokens while maintaining stable optimization and efficient codebook utilization.
Compared to conventional approaches, BSQ enables substantially higher compression without
codebook collapse, making it especially attractive for extremely high-dimensional data such as fMRI.

3.4 Optimization and Regularization

Decoding proceeds hierarchically across scales: network-level predictions are first reconstructed
from top-level tokens, parcel-level predictions are modeled as residuals relative to broadcast network
predictions, and voxel-level reconstructions are modeled as residuals relative to parcel-level signals.
This residual formulation encourages coarse representations to capture low-frequency global structure,
while finer scales model higher-frequency local deviations. The full objective is:

‘Ctotal = AMSELMSE + /\5['6 + Avqﬁvq + Aalignﬁalign- (1
Reconstruction terms Mean-squared-error (MSE) supervision individually at voxel, parcel, and
network scales encourages the hierarchy to preserve both fine-grained and large-scale functional

organization. The temporal consistency term L5 encourages preserving local temporal dynamics in
noisy voxel signals.

Lrceon = > MSE(X(0, X))+ L5 = MSE(AXyoret, AXuonat ) - (2)

£e{voxel,parcel,network}

Soft cross-scale alignment In the soft hierarchy regime, atlas-derived representations are treated as
fixed targets and do not receive gradients. The alignment objective therefore acts as a soft structural
prior, encouraging learned groupings to remain close to known functional organization while still
permitting flexible reassignment through attention-based pooling. In contrast, the fully learned
hierarchy omits this term and learns cross-scale organization purely from reconstruction objectives.

Laign = || Zicas® — Zptisa |l + | Zisanes — Zainondl;- ©)

BSQ objective The quantization term is summed across all levels:

Log = > Lrdq- 4)

te{voxel,parcel,network}

For each level £, with 2(*) = sign(z(?)), namely L‘g%Q is a weighted average of the commitment loss

and the entropy penalty, Lg%Q = Eg?mmit + CEZ ,cgfftmpy:
2
¢ / NU ¢ 0 (¢ ¢
‘Cgo)mmit = B(/) Hbg (Zéc)aled) - Z(Z)’ 9 ’ ‘an)tropy = ’Y(g )Hée)rsample - W(Z)Hc(o)debook’ (5)

(6)
where sg(+) is stop-gradient and /3, 7o, v and ¢ are hyperparameters whose value we follow sugges-
tions without further tuning. BSQ quantization is applied independently at the voxel-, parcel-, and
network-token levels prior to hierarchical decoding (Figure [T)).

4 Experiments

4.1 Data and Preprocessing

We use N = 1056 resting-state fMRI BOLD recordings for pre-training HBAR from the Human
Connectome Project Young-Adults (HCP-YA) [30]. We reserve 85% of the data for training and 15%



for testing, and train for 10 epochs with a 2e-4 learning rate. The datasets are partitioned at the subject
level to prevent any repeated or longitudinal recordings from the same individual from appearing in
both training and testing sets. All datasets are preprocessed using standardized pipelines [1,[11], and
all models and baselines are trained on identical data splits using approximately compute-matched
model sizes and compression ratios to ensure fair comparison across tokenizer families.

4.2 Baselines

We compare against several tokenizer baselines spanning both conventional parcellation and hierar-
chical generative modeling approaches.

Raw-Voxel VQ-VAE / BSQ. Single-scale tokenizers operating directly on voxel-level chunks without
explicit hierarchical organization.

MS-VQVAE. A hierarchical VQ-VAE baseline inspired by multiscale autoregressive image models
such as VAR [29]. This baseline progressively compresses representations across scales using
learned hierarchical latent maps, but does not incorporate structured neurobiological priors or explicit
atlas-based organization. To provide a compute-matched multiscale VQ baseline, we implement a
two-level hierarchical VQ-VAE following the progressive latent compression strategy used in VAR
[29]. The model operates on chunk-scale middle tokens and parcel-scale top tokens, using 12-bit and
13-bit EMA-VQ codebooks respectively. This yields an effective compression ratio of approximately
564 %, representing a stable compression, close to that of the hierarchical-BSQ models, achievable
without codebook collapse in standard EMA-VQ training. Unlike our hierarchical BSQ framework,
which uses three explicit scales (voxel, parcel, and network), the MS-VQVAE baseline uses only two
discrete latent scales and does not incorporate structured priors or cross-scale alignment objectives.

DiFuMo Baselines. Conventional atlas-based representations derived directly from DiFuMo parcel
time series, optionally compressed using PCA or BSQ.

4.3 Temporal Windowing

Training is performed on overlapping temporal windows of length W = 32 with stride s = 16. For a
sequence of length T', this yields Ny, = [ =] + 1 training windows per scan, corresponding to
approximately 59-74 windows in our setting. Each training sample consists of voxel-level windows,
sub-parcel token groups, and corresponding parcel- and network-level summaries. Within the encoder,
temporal windows are partitioned into smaller segments that are summarized into a fixed number of
latent temporal tokens at each scale.

5 Results

5.1 Reconstruction

Hierarchical tokenization substantially improves reconstruction quality across voxel, parcel, and
network scales compared to both conventional parcellation-based representations and prior multiscale
generative approaches (Table[T). In particular, all hierarchical variants outperform raw-voxel VQ-
VAE, BSQ, and MS-VQVAE baselines across nearly all metrics, highlighting the importance of
explicitly modeling multiscale brain organization. For raw-voxel baselines that do not explicitly model
parcel- or network-level representations, parcel and network predictions are computed by averaging
reconstructed voxel signals according to the same DiFuMo-1024 and Yeo-17 atlas mappings used
throughout the hierarchical models. This allows reconstruction quality to be evaluated consistently
across scales for all tokenizer families. Among hierarchical approaches, the fixed atlas-based hierarchy
consistently achieves the strongest overall performance, particularly at parcel and network scales.
While the soft hierarchy provides a marginal improvement in voxel-level reconstruction, this gain
comes at the cost of degraded reconstruction quality at coarser scales.

5.2 Downstream Performance

We next evaluate whether the learned representations support downstream modeling beyond re-
construction. We consider two evaluation settings: (i) linear probing using mean-pooled token
embeddings, and (i) autoregressive modeling using a causal sequence model trained directly on the



Model Voxel Corry  Voxel MSE|  Parcel Corry  Parcel MSE; Net Corry Net MSE

Mean Baseline 0.2882 0.7992 0.6223 0.0320 0.6336 0.0084
Random Baseline 0.0000 1.9856 0.0000 0.0620 -0.0010 0.0312
DiFuMo BSQ — — 0.6723 0.0323 — —

Raw-Voxel VQVAE 0.3751 0.8426 0.6464 0.0331 0.7491 0.0072
Raw-Voxel BSQ 0.4199 0.8093 0.5929 0.0355 0.6339 0.0090
MS-VQVAE 0.3576 0.7933 0.6568 0.0299 0.7170 0.0067
Soft-Hier BSQ 0.5377 0.7001 0.8613 0.0165 0.9543 0.0022
Learned-Hier BSQ 0.5278 0.7116 0.8543 0.0176 0.9433 0.0024
Fixed-Hier BSQ 0.5367 0.7006 0.8882 0.0134 0.9688 0.0019

Table 1: Reconstruction metrics across six tokenizer families (higher correlation is better; lower
MSE is better) and mean/random baselines. The best model for each metric is bolded; the second-best
is underlined. Paired significance testing for soft vs. fixed hierarchical models (across 3200 windows;
bootstrap CI + sign-flip permutation) shows a small but statistically significant (p < 0.05) voxel-level
gain for soft with degradation at coarser scales.

Linear Probing Autoregressive Modeling
Model Age F1 (%)+ Sex Acc (%)+ Age F1 (%)+ Sex Acc (%)+
Yeo-Networks 38.9% 59.2% — —
DiFuMo 29.1% 59.8% — —
DiFuMo — PCA 31.0% 56.7% — —
DiFuMo BSQ 46.2% 66.5% 35.9% 58.6%
Raw-Voxel VQVAE 42.9% 64.6% 35.2% 52.1%
Raw-Voxel BSQ 32.4% 63.4% 43.2% 68.6%
MS-VQVAE 33.3% 66.6% 33.2% 57.1%
Soft-Hier BSQ 31.4% 68.9% 43.4% 61.4%
Learned-Hier BSQ 37.2% 70.7% 42.3% 70.0%
Fixed-Hier BSQ 39.3% 71.3% 44.6% 73.0%

Table 2: Downstream performance across baselines (using pooled Yeo-Network, DiFuMo, and
DiFuMo — PCA features), and several tokenizer families under two evaluation paradigms. For age
regression, higher F1 score is better; for sex classification, higher accuracy is better. Linear Probing
uses mean-pooled token features with a linear head, while Autoregressive Modeling reports readout
performance from a causal token model trained on the tokenized representations from each model.

tokenized representations. As shown in Table 2] hierarchical tokenization substantially improves
downstream performance over conventional atlas-based baselines. In particular, the hierarchical
BSQ models consistently achieve the strongest performance on sex classification, with the fixed
hierarchical tokenizer achieving the best overall accuracy (73.0% ) under autoregressive modeling.
These results suggest that multiscale tokenization preserves demographic information more effectively
than both standard parcellation and prior multiscale generative baselines.

Interestingly, the relative ordering of models differs between linear probing and autoregressive evalua-
tion. While DiFuMo BSQ performs strongly under linear probing, hierarchical tokenizers consistently
outperform competing methods when evaluated through autoregressive sequence modeling. This
suggests that the hierarchical representations are particularly effective for modeling temporal brain
dynamics, rather than simply producing linearly separable static embeddings.

Performance on age prediction is comparatively modest across all methods. However, it is important
to note that HCP-YA contains a relatively narrow age distribution and provides age only in discretized
bins rather than exact continuous values. We therefore formulate age prediction as a multi-class
classification problem and report macro F1 scores. Despite the challenging setting, the hierarchical
tokenizers remain among the strongest-performing approaches, with the fixed hierarchy consistently
outperforming fully learned alternatives.



5.3 Learned vs. Fixed Hierarchies

To better understand the role of structured priors, we compare fully learned, fixed atlas-based, and
softly aligned hierarchical tokenization strategies (Fig.[2). The soft hierarchy introduces a tunable
alignment parameter ¢ controlling the tradeoff between learned flexibility and adherence to atlas
structure. As shown in Fig. [2|(left), decreasing alignment strength slightly improves voxel-level re-
construction but consistently degrades parcel- and network-level reconstruction. The best-performing
configurations at coarser scales use predefined atlas organization, reinforcing the importance of
structured priors in modeling large-scale brain activity.

Because learned network indices are permutation-invariant, direct comparison between learned and
atlas-derived hierarchies is not meaningful. Instead, we analyze global assignment structure and
align learned network slots to atlas networks using Hungarian matching [17]]. Interestingly, the
learned hierarchy exhibits assignment distributions broadly similar to the fixed atlas hierarchy, with
several dominant network slots containing disproportionately large mass (Fig. 2| top right). This
suggests that the model partially recovers large-scale organizational structure even without explicit
supervision. However, the aligned soft assignment matrix reveals that learned parcel-to-network
mappings remain substantially more diffuse than atlas-derived organization (Fig. [2] bottom right).
Rather than recovering sharply localized atlas-like partitions, learned hierarchies distribute mass
across multiple networks, indicating that reconstruction objectives alone are insufficient to recover
canonical functional organization.
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Figure 2: Comparison of fixed, learned, and softly aligned hierarchical tokenization strategies.
(Left) Reconstruction error across voxel, parcel, and network scales as a function of the soft-alignment
weight 0. Smaller o values encourage stronger alignment to atlas priors, while larger values permit
more flexible learned structure. The soft hierarchy achieves a marginal improvement in voxel-level
reconstruction, but atlas-based fixed hierarchies consistently provide the best performance at coarser
parcel and network scales. (Top right) Distribution of parcel assignments across learned network slots
for fixed, learned, and soft hierarchies. Because learned network indices are permutation-invariant, we
compare distributions rather than direct one-to-one correspondence. Both learned and soft hierarchies
exhibit skewed assignment patterns similar to the atlas-based hierarchy, suggesting convergence
toward structured large-scale organization. (Bottom right) Soft parcel-to-network assignment matrix
after Hungarian alignment between learned and atlas-derived network indices. Parcels are sorted
according to fixed atlas labels, and colors indicate the probability of assignment to each aligned
learned network. The diffuse structure and sparse hard matches indicate that fully learned hierarchies
only partially recover atlas-like organization, despite exhibiting similar global assignment statistics.

5.4 Model Efficiency

HBAR contains 5.6M parameters and processes a temporal window in 276 ms on a single H100 GPU
in our implementation. This corresponds to roughly 18 seconds to tokenize an entire resting-state
scan, making the approach practical for patient-level analysis and large-scale neuroimaging datasets
alike while operating directly on voxel-level signals.



6 Discussion

We introduced a hierarchical tokenization framework for structured data and instantiated it for
resting-state fMRI through a voxel-to-parcel-to-network hierarchy. Across reconstruction and down-
stream evaluation, hierarchical BSQ tokenizers substantially outperform conventional atlas-only
representations and single-scale voxel tokenizers, demonstrating that compact discrete representations
can retain information from voxel-level fMRI while remaining practical for large-scale modeling.
Notably, hierarchical voxel-preserving tokenization consistently outperforms direct DiFuMo-based
representations, suggesting that conventional parcel averaging discards fine-grained spatial variation
that remains highly informative for both reconstruction and downstream modeling.

A second key finding is that structured neurobiological priors remain highly valuable. Although
learned and soft hierarchies achieve competitive voxel-level reconstruction, they do not consis-
tently recover atlas-like organization and generally underperform fixed atlas-based hierarchies at
parcel/network scales and downstream tasks. This suggests that learned hierarchies may be sufficient
for compression, but structured priors appear important when the goal is to obtain representations that
are both biologically aligned and useful for downstream modeling. Our results therefore suggest that
large-scale functional atlases encode organizational structure that remains difficult to recover through
self-supervised reconstruction objectives, even in large-scale hierarchical representation learning.

More broadly, these findings highlight a useful design principle for representation learning in scientific
domains. Unlike images or videos, where multiscale structure is often defined by spatial resolution,
fMRI has meaningful organization across distributed functional systems. Our results indicate that
hierarchical tokenization should not simply import grid-based multiscale designs, but should instead
exploit domain structure. In this sense, atlas-based hierarchies are not merely preprocessing choices;
they provide powerful inductive biases that can guide interpretable and effective token formation.

Limitations This study focuses on resting-state fMRI from HCP-YA, which has a relatively narrow
young-adult age range and discretized age labels. As a result, age prediction is a challenging and
limited downstream task. Our experiments also use a fixed atlas hierarchy based on DiFuMo-1024
and Yeo-17, and although these are well-established priors, other parcellations or subject-specific
functional networks may yield different tradeoffs. Finally, while we evaluate autoregressive modeling
and demographic prediction, we do not yet test broader clinical, cognitive, or cross-dataset transfer
settings where the value of voxel-preserving tokenization may be even larger.

Future work Future work should evaluate hierarchical tokenization across more diverse neuroimag-
ing cohorts, including lifespan, aging, and disease datasets. A particularly important direction is
subject-adaptive tokenization, where atlas priors provide initialization or regularization while allow-
ing individualized deviations in functional organization. Another promising direction is to couple
the tokenizer more tightly to downstream autoregressive objectives, so that the hierarchy directly
shapes temporal brain dynamics modeling. Finally, while this paper focuses on fMRI, the framework
is naturally applicable to other structured scientific signals, including electrophysiology, spatial
transcriptomics, and sensor networks, where meaningful units are distributed and multiscale.

Conclusion Hierarchical tokenization provides a compact and expressive way to represent high-
dimensional voxel-level fMRI. By preserving sub-parcel information while organizing representations
across parcel and network scales, our approach achieves strong compression, improves over con-
ventional parcellation-based baselines, and supports downstream autoregressive and demographic
prediction tasks. At the same time, our comparison of fixed, learned, and soft hierarchies shows that
strong domain priors remain critical: established functional atlases provide structure that is difficult to
recover from reconstruction alone. These results argue for a hybrid view of scientific representation
learning, where learned tokenizers are most effective when paired with principled domain structure.
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