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Abstract

Recent fMRI foundation models differ substantially in the spatial scale at which
they represent brain activity. ROI- and connectivity-based models are efficient but
coarse, whereas voxel-level models preserve fine-grained spatial structure but re-
quire specialized 3D/4D architectures and costly fMRI-specific pretraining. We ask
whether part of this performance gap reflects the importance of preserving cortical
geometry. Motivated by evidence that macroscale brain activity is strongly con-
strained by brain geometry, we introduce FlatClip, a frozen-encoder surface-level
baseline that renders cortical activity as geometry-aware flatmap sequences and
reuses a frozen SigLIP2 image encoder with only a lightweight downstream probe.
Across resting-state benchmarks, FlatClip serves as a competitive middle-ground
representation, outperforming ROI-level baselines on HCP and ADNI tasks while
remaining weaker on PPMI and below the strongest voxel-level models overall.
On visual-fMRI decoding, performance improves when the input is restricted from
whole cortex to visual or NSD-provided task-active cortex, suggesting that geome-
try is most useful when it is aligned with the prediction target. We further probe this
interpretation with geometry controls: disrupting flatmap spatial organization re-
duces performance, mapping ROI-level signals back into atlas-defined 4D volumes
partially recovers performance, and adaptive patching in highly activated regions
improves several voxel-based prediction metrics. Together, these results position
surface-level flatmap sequences as a practical middle-ground baseline between ROI
and voxel models, and suggest that geometry-preserving spatial organization can
be useful when designing fMRI models. Code is available.

1 Introduction

Foundation models have recently become an im-
portant direction for fMRI representation learn-
ing. Instead of training a separate model for
each dataset, task, or cognitive paradigm, fMRI
foundation models aim to learn reusable brain
representations from large-scale unlabeled neu-
roimaging data. Such models can reduce task-
specific engineering and may improve trans-
fer across heterogeneous downstream analy-
ses [l 12, 13]. However, fMRI representation
learning depends strongly on how brain activity
is represented. Unlike natural images, fMRI is a
high-dimensional 4D spatiotemporal signal with

spatial granularity . i
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Figure 1: Motivation. fMRI representations vary
in spatial granularity. FlatClip studies surface-
level cortical flatmaps as a geometry-aware middle
ground.
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both spatial organization and temporal dynamics. Choosing the right spatial scale is therefore a
central modeling decision (Fig. [I).

Most existing fMRI foundation models operate at either ROI level [} 12} 14} 5| 6] or voxel level [3,
7,181 191 10, [11]. ROI- and connectome-based models summarize voxel signals within atlas-defined
regions and then model regional time series or inter-regional relationships. These representations
are efficient and scalable, but they are coarse: they depend on parcellation choices and may discard
fine-grained cortical geometry [12} [13]. Voxel-based or volumetric models preserve more spatial
detail and can capture local structure more directly, but they require specialized 3D/4D architectures,
substantial computation, and storage of high-dimensional fMRI volumes. Thus, ROI-level models are
computationally attractive but may lose geometry, whereas voxel-level models preserve spatial detail
but are costly. This trade-off raises a basic question: whether preserving cortical geometry contributes
to the advantage of fine-grained fMRI representations? Pang et al. showed that macroscopic fMRI
activity can be parsimoniously explained by geometric eigenmodes derived from brain shape, and that
these modes explain spontaneous and task-evoked activity more effectively than connectome-derived
modes [14]. This motivates representations that retain the spatial organization of cortical activity
rather than reducing all signals to coarse regional averages.

We study surface-level representations as an intermediate point between ROI-level and voxel-level
fMRI modeling. Specifically, we render cortical fMRI activity as flatmap sequences: each volumetric
fMRI frame is projected onto the cortical surface and represented as a 2D cortical map, while temporal
variation is retained across frames. This yields a geometry-aware 2D+time representation. Compared
to ROI aggregation, surface flatmaps preserve more of the cortical spatial layout and are better suited
for image pre-training models. We introduce FlatClip, a frozen-encoder surface-level baseline for
fMRI representation learning. FlatClip renders frame-wise cortical activity as flatmap images, extracts
frozen features from a SigL.IP2 image encoder, and trains only a lightweight downstream probe. The
image encoder is not pretrained on fMRI and is not fine-tuned on neuroimaging labels. This design
makes FlatClip an out-of-domain reference baseline: it is not affected by the scale, composition, or
preprocessing choices of fMRI pretraining corpora, and therefore provides a complementary way
to assess how much information can be recovered from cortical geometry without fMRI-specific
encoder pretraining.

We first evaluate FlatClip on four resting-state fMRI benchmarks, where subject-level prediction has
no explicit stimulus region. Under a frozen-backbone, lightweight-probe protocol, FlatClip exceeds
most ROI-level baselines while requiring no fMRI-specific encoder pretraining, although the strongest
voxel-level models remain higher overall. We then evaluate visual-fMRI decoding on NSD COCOS80,
a stimulus-evoked setting in which the relevant cortical region is more explicit; NSD is a large-scale
7T fMRI dataset collected while subjects viewed natural images [[15]. Performance improves from
whole-cortex input to HCP-MMP visual cortex and NSD-provided subject-level task-active regions,
suggesting that fMRI representations should preserve not only cortical geometry, but task-relevant
cortical geometry.

Motivated by the resting-state and visual-fMRI observations, we conduct control experiments to test
whether the gains are associated with spatial organization and spatial granularity. Geometry-disruption
controls show that block-shuffling, vertex permutation, and FC heatmaps reduce performance relative
to real flatmaps, indicating that the benefit is not merely due to image-like formatting. Geometry-
recovery controls show that mapping ROI-level signals back into atlas-defined 4D volumes improves
over ROI-level representations but remains below native voxel inputs, suggesting that coarse spatial
layout is useful but cannot fully replace fine-grained voxel geometry. In the 4D voxel-based HCP
setting, refining patches in highly activated regions further improves performance, suggesting that
finer spatial granularity is most beneficial when allocated to signal-rich regions. Together, these
results suggest that preserving cortical spatial organization is a useful design principle for fMRI
representation learning, especially when spatial detail is retained in task- or signal-relevant regions.
We interpret FlatClip as a practical surface-level reference baseline rather than a fully controlled
causal isolation of cortical geometry. Our main findings are summarized as follows:

* We introduce FlatClip, a frozen-encoder surface-level fMRI representation baseline that
uses geometry-aware flatmap sequences, a frozen SigL.IP2 image encoder, and a lightweight
downstream probe.

* We show that surface-level flatmaps provide a practical middle ground between ROI-level
and voxel-level representations.
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* We provide control evidence that spatial organization and spatial granularity matter: disrupt-
ing flatmap geometry degrades performance, restoring ROI signals into atlas-defined 4D
volumes partially recovers performance, and refining highly activated regions improves 4D
voxel-based prediction.

2 Related Work

fMRI foundation models across representation scales. Recent fMRI foundation models aim to
reduce task-specific modeling and improve transfer across heterogeneous neuroimaging datasets.
A central design choice is the spatial scale at which fMRI is represented. ROI- or atlas-based
methods reduce voxel-level signals into region-wise time series or functional-connectivity graphs,
and models such as BrainLM, Brain-JEPA, BrainMASS, LCM, and related graph-based approaches
learn from ROI tokens, temporal dynamics, or graph-structured connectivity [1} [2, 4,516, [16]. These
representations are efficient and scalable, but they depend on the chosen parcellation and primarily
describe interactions among predefined brain regions or networks. At the other end of the scale,
voxel- or volume-based models operate directly on 3D or 4D fMRI and preserve more fine-grained
spatial structure [[7 13,18, 19, (10, [11]. These approaches avoid coarse ROI averaging, but they require
specialized 3D or 4D architectures and can be computationally expensive. FlatClip studies a surface-
level representation between these two regimes: it does not compress fMRI entirely into ROI-level
network features, nor does it train a new voxel-level fMRI foundation model.

Geometry-aware cortical surface and flatmap representations. Recent evidence suggests that
macroscale brain activity is strongly constrained by brain geometry, with geometric modes explaining
spontaneous and task-evoked fMRI more parsimoniously than connectome-derived modes [14}[17].
This motivates fMRI representations that preserve cortical spatial layout rather than reducing all
signals to coarse regional averages. Surface-based flatmaps provide a practical way to retain this
geometry-aware cortical layout while producing image-compatible inputs. Pycortex is a standard
toolbox for projecting volumetric neuroimaging data onto cortical surfaces and generating flattened
cortical visualizations [[18]. Recent work has explored image-like or flatmap-based interfaces for
fMRYI, including visual decoding from fMRI signals and spatiotemporal masked-autoencoding on
fMRI flatmap videos [19} 20]. In contrast, our goal is not to introduce a new projection method,
reconstruct visual stimuli, or pretrain an fMRI-specific flatmap model. Instead, we use standard
surface-based flatmaps as a geometry-preserving middle-ground representation between ROI-level
summaries and voxel-level volumes, evaluated through a frozen out-of-domain image encoder.

Image-pretrained encoders as out-of-domain frozen baselines. Large-scale image-pretrained
models have become reusable feature extractors for downstream vision tasks. Representative ap-
proaches include masked image modeling, contrastive image-text pretraining, self-distillation, and
sigmoid-loss image—text pretraining, including MAE, CLIP, DINOv2, and SigLIP2 [21} 22| 23| 24].
SigL.IP2 extends the SigL.IP family with captioning-based pretraining, self-supervised losses, and
online data curation, improving visual representation transfer and dense-feature performance [24].
FlatClip uses this frozen-feature reuse paradigm as an implementation strategy rather than as the main
scientific claim. Given a cortical flatmap sequence, each frame can be processed by a frozen SigL.IP2
image encoder, and only a lightweight downstream probe is trained. Because this encoder is not
pretrained on fMRI, FlatClip provides an out-of-domain reference for assessing how much predictive
information can be recovered from surface-level cortical geometry without relying on fMRI-specific
pretraining corpora.

3 Method

3.1 Overview

FlatClip is designed as a frozen-encoder surface-level baseline for fMRI representation learning.
Instead of pretraining a new fMRI encoder on ROI time series or native 4D volumes, FlatClip renders
cortical activity as geometry-aware flatmap sequences and evaluates them with a frozen image-
pretrained encoder. In this work, we use a frozen SigL.IP2 encoder as the default visual backbone
and train only a lightweight downstream probe. Because the encoder is pretrained outside the fMRI
domain and is kept frozen, FlatClip serves as an out-of-domain reference for assessing how much
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predictive information can be recovered from cortical geometry without relying on fMRI-specific
pretraining data.

For resting-state fMRI, each subject is represented as a fixed-length sequence of cortical flatmap
frames. Each frame is encoded into one global image representation, and the frame-level features are
temporally pooled into a subject-level feature. For visual-task fMRI, each sample corresponds to a
stimulus-level GLM response map, which is rendered as a flatmap and encoded into one stimulus-level
feature. The same lightweight-probe protocol is then used for downstream prediction.

3.2 Geometry-aware Flatmap Sequence Adapter

For each subject ¢, we construct a sequence of cortical flatmap frames
Fi={zi1,xi2, ..., xi7},
where each frame
Tip € RH xWxC
is an image-compatible rendering of cortical fMRI activity. By stacking frames along the temporal
dimension, the sequence can be represented as a flatmap tensor

X; = StathT:1($i,t) c RTXHXWxC.

Thus, native volumetric fMRI time series are converted into surface-level flatmap sequences while
temporal variation is retained across frames.

For resting-state fMRI, ¢ indexes time points and the sequence length 7' is fixed within each dataset.
For visual-task fMRI, each sample corresponds to a stimulus-level response map estimated by a
general linear model (GLM), where each response map is associated with one viewed image.

For NSD visual-fMRI decoding, we evaluate three cortical input regions: whole cortex, HCP-MMP
visual cortex, and the NSD-provided subject-level task-active region, denoted as NSDgeneral. The
HCP-MMP visual cortex mask is defined from visual ROIs in the HCP-MMP atlas in 32k fsLR
space [25]. The NSDgeneral mask is provided by NSD and represents subject-level task-active
cortex [26]. These regions are rendered as flatmaps and resized to the input resolution used by the
visual encoder.

We render cortical activity as flatmaps using Pycortex [[18]. Flatmap rendering is used only as a
deterministic surface-level adapter; representation extraction is performed by the frozen SigL.IP2
encoder and prediction is performed by the lightweight downstream probe.

3.3 Frozen SigLIP2 Encoder and Feature Construction

Let fy denote the frozen SigLIP2 image encoder. For each flatmap frame, we extract one global
image representation:
lobal
Zit = ggo B (i) € Rda
where fglObal (+) denotes the global representation returned by the encoder. The encoder parameters
are fixed throughout all experiments, and no gradient is propagated into the image encoder.

For resting-state fMRI, each subject has T flatmap frames. We aggregate the frame-level global
representations by average temporal pooling:

1 T
_ E ) d
hi_Tt:1217t€R.

In our main resting-state experiments, we use 7" = 40 frames for each subject and d = 768. Thus,
each subject is represented by one pooled 768-dimensional feature derived from 40 frame-level global
representations.

For visual-task fMRI, each sample corresponds to one stimulus-level GLM response map rather than
a time sequence. For subject s and stimulus image 7, the response flatmap is encoded as

hej = f8°% (2, ;) € R

Therefore, both resting-state and visual-task experiments use the same global-representation extraction
rule; the difference is that resting-state prediction pools features over time, whereas visual-task
prediction uses one stimulus-level feature per GLM response map.
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3.4 Downstream Prediction

For each downstream task, we train a lightweight probe g4 on top of the frozen SiglLIP2 feature. Only
the probe parameters ¢ are optimized.

For single-label resting-state classification, let

Drest = {( ’L?yl)} Sub

denote the subject-level training set. The probe predicts

9i = go(hi),
and is trained with cross-entropy loss:
Ngub C
Lcg =— Z Z cllogpe(yi = ¢ | hi),
Newn =

where C' is the number of classes and Ng,1, is the number of training subjects.

For visual-fMRI recognition, let Dy;s denote the set of subject-stimulus pairs (s, j), and let
Vls |Dv15‘

Each pair has a feature h; ; and a COCO80 multi-hot target

Yj € {071}07 0:805

where y; depends only on the stimulus image and is shared across subjects. The lightweight probe
outputs

0s,5 = go(hs ;) € RY,

and is trained with class-weighted binary cross-entropy:

1

Z Z WeyYj, clogo(os s )+ (11— yj,c> log(1 — U(Os,j,c))] >

(5,§)€Dyis ¢=1

LBcE = —

vis

where o(+) is the sigmoid function and w, is the positive-class weight computed from the training
split.

For all FlatClip variants, the Sigl.IP2 encoder is frozen and only the lightweight probe is trained.
This protocol controls downstream readout capacity while allowing us to evaluate the utility of
surface-level flatmap representations.

4 Evaluating Geometry-Aware Surface Representations

4.1 Resting-state fMRI Benchmarks

We first evaluate FlatClip on four subject-level resting-state fMRI benchmarks: HCP sex classi-
fication, PPMI diagnosis prediction, ADNI MCI vs. CN classification, and ADNI AD vs. CN
classification [27, 28], 29]. These benchmarks cover demographic prediction in healthy adults and
diagnostic-label prediction across neurodegenerative cohorts. All methods are evaluated on the
same subject-level splits with frozen representations and lightweight downstream heads. Because
the models have different native input requirements, the input construction follows each model’s
interface, while the readout protocol and splits are matched. This provides a matched readout protocol
for comparing frozen representations. Voxel-level models were evaluated using 40 input frames,
following their model-specific requirements; FlatClip used the same temporal window for consistency.
In contrast, ROI/FC-based models used approximately 200 frames for feature computation, accord-
ing to the requirements of their respective pipelines. We report Accuracy and weighted F1 against
general-purpose fMRI foundation-model baselines, including ROI-level models (Brain-LM [2], Brain-
MASS [4], LCM [6], Brain-Harmony [30]]) and voxel-level models (SwWiFT [7], NeuroSTORM [9],
Omni-fMRI [3]). Details about datasets, task design, ablation of time frame, and model-specific
settings are provided in Appendix
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Table 1: Performance on HCP, ADNI (MCI), ADNI (AD), and PPMI with Accuracy/weighted F1.
Darker cell color indicates stronger performance after column-wise min—max normalization.

Dataset HCP ADNI (MCT) ADNI (AD) PPMI
m Sex Classif. Diagnosis Diagnosis PD Diagnosis
ACC wF1 1 ACC 1t wF1 1 ACC 1t wF1 1 ACC t wF1 1

Brain-LM 64.1242.89 64.14+£2.84 45.861+5.18 45.78+5.12 66.09+2.22 66.19+2.11 62.50£4.89 57.1546.62
BrainMASS  68.24+1.29 68.18£1.36 53.7945.27 53.8945.18 60.87+5.32 60.91+5.44 52.50£3.22 52.95+2.89

LCM 67.9443.23 67.934+3.26 53.10£3.99 50.89+4.39 64.35+3.53 64.05+3.82 58.89+3.75 49.65+4.92
Brain Harmony 67.84-:2.56 67.7342.57 58.334+3.86 58.2844.01 70.90+5.28 71.04+5.35 60.55£5.17 57.51£4.98
FlatClip 82.06+2.05 82.04£2.05 61.11£1.48 60.75+1.16 75.46+2.12 75.41£2.11 54.86+1.96 55.72+1.63
SWiFT 86.03:£1.39 84.91:1.76 69.784.63 69.3145.23 74.694:2.86 74.70+2.63 61.55+2.52 58.23+4.20
NeuroSTORM [85.7241.44 84.3642.00 57.25+3.18 56.76+3.21 71.64+0.66 65.35+2.06 57.3740.86
Omni-fMRI  [92.8620.63 92.080.70 63.40-£2.55 56.67+9.60
a. Input region b. Subject-wise mAP
Omni-fMRI —— NeuroSTORM —e— SwiFT —e— ViT Visual
—e— DINOV2 Cortex SigLIP Cortex —e— SigLIP Visual —e— SigLIP NSDgen 20‘ |
— /\
Y S 15— e — .
\ a Lles "3"15" o % 10"/.<:§.
by mE By a% 2 —  —
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, ‘ 0‘
Visual NSDgeneral Subl  Sub2  Sub5  Sub?
c. Mean mAP d. Mean wF1
35
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‘:\'D_’ 15 QE’ %
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Omni-tMRI Neuro  SWiFT ~ ViT  DINOv2 SigLIP  SigLIP  SigLIP OomnifMRI Neuro  SWiFT  ViT  DINOv2 SigLIP  SigLIP ~ SigLIP
STORM Cortex  Visual  NSDgen STORM Cortex  Visual  NSDgen

Figure 2: Visual-fMRI COCO80 multi-label recognition on NSD. (a) Illustration of the cortical
input regions used by FlatClip: whole cortex, HCP-MMP visual cortex, and the NSD-provided
subject-level task-active region (NSDgeneral). (b) Subject-wise mAP across four NSD subjects for
Omni-fMRI, NeuroSTORM, SwiFT and FlatClip variants. (c,d) Mean mAP and weighted F1 across
subjects. All FlatClip variants use one global representation per GLM response map and the same
downstream MLP classifier. Dots denote individual subjects, and error bars denote SEM across
subjects. Stimulus-level alignment statistics are reported in Appendix@

As shown in Table[I] FlatClip achieves competitive performance on HCP and ADNI without fMRI-
specific encoder pretraining or end-to-end fine-tuning. It outperforms most ROI-level baselines while
remaining below the strongest voxel-level models, consistent with its role as a surface-level middle-
ground representation. This pattern suggests that cortical flatmaps recover part of the information
lost by ROI aggregation, while native voxel inputs still retain additional fine-grained spatial detail.
FlatClip is relatively weaker on PPMI, which may reflect a limitation of the current cortical-only
input. Parkinson’s disease involves subcortical and brainstem systems that are not fully captured by
cortical surface flatmaps [311 [32].

4.2 Visual-fMRI COCO80 Multi-label Recognition

We next evaluate FlatClip on stimulus-level visual-fMRI decoding using NSD COCO80 multi-label
recognition. Each sample corresponds to a GLM-estimated cortical response map evoked by one NSD
stimulus image, and the target is an 80-dimensional COCO multi-hot label vector. Unlike resting-state
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benchmarks, this setting is stimulus-evoked and has a more explicit task-relevant cortical substrate.
It therefore allows us to test whether preserving cortical geometry is most useful when the retained
geometry is relevant to the prediction target. We report within-subject decoding using mAP and
weighted F1, and compare FlatClip with general-purpose fMRI foundation-model baselines [7, 3, 9]

For FlatClip variants, each GLM response map is encoded by the frozen Sigl.IP2 encoder into one
global representation, followed by the same lightweight probe for COCO80 prediction. We vary the
cortical input region across whole cortex, HCP-MMP visual cortex, and the NSD-provided subject-
level task-active region, denoted NSDgeneral. The NSDgeneral setting is treated as a task-informed
input-region setting. For voxel-level baselines on NSD, we follow each model’s closest available
visual-stimulus evaluation protocol. NeuroSTORM includes an NSD visual-stimulus evaluation, and
Omni-fMRI provides an NSD-style protocol using repeated GLM response maps. For SwiFT, which
supports variable-length inputs, each GLM response map is treated as a single-volume sequence.

As shown in Fig. 2| FlatClip variants achieve stronger COCO80 recognition performance than
the evaluated general-purpose fMRI foundation-model baselines. More importantly, performance
improves as the input region becomes more specific to the visual task: whole-cortex input is weaker,
HCP-MMP visual cortex performs better, and the NSDgeneral subject-level task-active region
achieves the best mean mAP. For weighted F1, both visual-cortex and NSDgeneral inputs improve
over whole-cortex input, while their difference is smaller. This pattern suggests that visual-fMRI
decoding benefits not only from preserving cortical geometry, but also from selecting geometry
that is relevant to the evoked visual task. Additional image—fMRI feature-alignment analyses in
Appendix [B.Z] further show that SigLIP2-NSDgeneral features are more closely aligned with the
corresponding image-feature geometry than both fMRI foundation-model baselines and broader
FlatClip region choices. More details are provided in Appendix

4.3 Geometry Controls and Representation Scale

We next examine whether the benefit of FlatClip is associated with preserving cortical geometry rather
than merely converting fMRI into an image-like input. We evaluate two complementary directions:
geometry reduction and geometry recovery. Detailed control construction is provided in Appendix [C|

Geometry reduction. We perturb cortical flatmaps while keeping the frozen SigLIP2 encoder and
MLP probe unchanged. Spatial block-shuffling permutes image blocks, vertex permutation randomly
reassigns cortical activation values, and the three stronger controls further test whether the effect
can be explained by low-level image statistics: left-right hemisphere swap preserves most pixel
statistics but disrupts laterality, within-hemisphere region shuffle disrupts cortical layout within each
hemisphere, and phase/frequency-matched randomization preserves the Fourier amplitude spectrum
and intensity histogram while randomizing spatial phase. We also include FC heatmaps, random
images, and a randomly initialized encoder as additional controls.

As shown in Table 2] real flatmaps achieve the best HCP sex-classification performance. The perfor-
mance drops under spatial perturbations, especially within-hemisphere shuffling and phase/frequency-
matched randomization, indicating that FlatClip benefits from meaningful cortical geometry rather
than only rendering-induced image statistics. FC heatmaps and random images perform much worse,
and the randomly initialized encoder also degrades performance, supporting the importance of both
geometry-preserving flatmap inputs and pretrained visual representations. DINOv2 controls show the
same trend (Appendix [C).

Geometry recovery. We then ask the complementary question: if coarse ROI signals are placed
back into a geometry-aware 4D structure, can performance be partially recovered? To test this, we
compare ROI-, 4D ROI-, and voxel-based representations (Table [3)). For a controlled comparison
between 4D ROI and voxel inputs, both are evaluated with the same ViT-Small backbone and an input
budget of approximately 1000 patches; only the spatial granularity of the input signal is changed.
The 4D ROI input is constructed by mapping ROI-level signals back into an atlas-defined 4D volume,
where all voxels within the same ROI share the ROI-mean time series [33} [34]. Thus, 4D ROI
preserves the 4D input format and coarse atlas geometry, but removes fine-grained within-ROI spatial
variation.

Compared with ROI-level time-series representations, 4D ROI inputs achieve substantially higher
performance, suggesting that restoring spatial layout and 4D structure is beneficial. Native voxel
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Table 2: Geometry-control ablation on HCP sex classification. All results use the frozen SigL.IP2
encoder with one global representation per frame, followed by the same MLP probe. Results are
reported as mean=std over three seeds. Significance markers indicate paired ¢-tests comparing Real
flatmap against each control after Holm correction. Red indicates the best performance.

Control input ACC 1T wF1 1 Balanced ACC1 Macro F1 1

Real flatmap 82.06 +2.05 82.04 +2.05 81.81 +2.03 81.88 +2.06

Spatial block-shuffle 76.14+£1.83"  76.18+1.83* 76.21+1.85" 76.06 £ 1.84"
Left-right hemisphere swap 7496 £1.17°  7489+1.23" 7456+1.31" 74.64 £1.28"
Within-hemisphere region shuffle 7090 +1.63* 70.87+1.62* 70.62+1.61" 70.64 +1.62"
Vertex-permutation 72.934+1.92*  72.87+1.97° 72.58+2.05" 72.62 +2.02"
Real flatmap with random initialized 70.56£1.34" 7056+ 136" 70.37+1.41" 70.35+1.38"
Phase/frequency-matched randomization — 64.64 £2.29" 64.49 +£2.14" 64.124+2.03" 64.14 +£2.07"
FC heatmap 57.87+£2.69° 57.93+2.68" 57.98+2.52" 57.80 £2.62"
Random image 48.90£3.26" 48.89+3.42" 48.69 £3.69" 48.59 £3.65"

Markers denote Holm-corrected paired tests against Real flatmap within each metric: *p < 0.05.

Table 3: Comparison of ROI-, 4D ROI-, and voxel-based representations. 4D ROI denotes
atlas-defined 4D inputs where all voxels within each ROI are assigned the ROI-mean time series. The
4D ROI and voxel models use the same ViT-Small backbone with approximately 1000 input patches.

Representation Resolution HCP Sex AD Diagnosis

ACC 1 wF1 1 ACC T wF1 1
ROI time series 450 ROIs 65.68+4.68 65514447 60.65+£5.61 60.754+3.90
4D ROI volume 100 ROIs 78.75£4.09  78.72+4.20 70.69£5.11  69.89+7.90
4D ROI volume 450 ROIs 80.47+6.44 80.42+6.46 69.10+4.49 68.15£4.20
Voxel model Native 4D volume  80.74+2.41 80.32+3.21 72.22+10.2 71.66+9.54
Voxel model Adaptive patches ~ 82.81+0.57  82.88+0.55 72.99+1.03 70.76+3.16

inputs are comparable to or slightly stronger than 4D ROI inputs in several metrics, and adaptive
patching further improves performance, indicating that fine-grained voxel-level geometry may provide
additional information beyond coarse ROI-mean structure. However, under the current three-fold
evaluation, the difference between 4D ROI and native voxel inputs is not statistically significant. We
further test an adaptive patch strategy in the 4D voxel setting, where highly activated regions are
represented with finer patches [3]]. This strategy further improves performance, consistent with the
visual-fMRI finding that task- or signal-relevant regions benefit from finer spatial granularity.

Together, the geometry-reduction and geometry-recovery controls suggest that fMRI representations
benefit from preserving spatial geometry at an appropriate granularity. They also support the view that
surface flatmaps provide a middle ground between coarse ROI representations and full voxel-level
models.

4.4 TImplementation Ablations

We perform implementation ablations to identify stable design choices for FlatClip. For resting-state
benchmarks, Table E] evaluates three factors: frozen image backbone, feature representation, and
flatmap-value normalization. For the backbone comparison, all methods use the same flatmap input,
one global representation, and the same lightweight probe. This avoids giving any backbone an
advantage from higher-dimensional token concatenation and focuses the comparison on the frozen
encoder. Under this controlled setting, SigL.IP2 achieves the strongest overall performance among the
evaluated image backbones and is therefore used as the default FlatClip encoder. We also examine
whether using more token information improves performance. Aggregating patch-level or frame-
level token information can improve some tasks, but the one-global-representation setting remains
compact, stable, and directly comparable with foundation-model baselines. We therefore use one
global representation for the main comparison. For visual-fMRI COCO80, we use the same principle
of controlled comparison: all FlatClip variants use one global representation and the same lightweight
probe. Additional visual-fMRI ablations are provided in Appendix
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Table 4: Implementation ablations for frozen image backbone, feature representation, and flatmap
normalization. Results are reported as Accuracy / weighted F1. (%)

Dataset HCP ADNI (MCD ADNI (AD) PPMI
Setting Sex Classif. Diagnosis Diagnosis PD Diagnosis

ACC 4 wF11  ACC1t wF11  ACC1t wF11  ACC1t wF1 1

DINOv2 80.37+£2.55 80.33+2.53 60.6842.67 60.44+1.98 75.46+£4.01 75.20+3.69 51.3943.18 51.58+2.25
ViT-B 80.10£1.71 80.12+1.68 54.484+2.80 54.82+3.18 76.23£4.06 76.05+3.88 56.67+4.51 54.03+5.19
SigLIP2 82.06£2.05 82.04+2.05 61.11+1.48 60.75+1.16 75.46+2.12 75.41+2.11 54.86:+£1.96 55.72+1.63

40 Patch-Mean 84.94+1.06 84.91+£1.06 58.12+1.96 57.82+1.87 76.39+4.17 76.36+3.93 56.94+4.21 56.48-+4.27
40 Global tokens  83.08+0.59 83.02+0.66 60.684+1.96 60.02+2.07 74.07+£4.88 74.13+4.98 53.47+7.54 53.93+6.14
One Global token 82.06+2.05 82.04£2.05 61.11£1.48 60.75+1.16 75.46%2.12 75.41+2.11 54.86£1.96 55.72£1.63

Frame Z-Score 82.23+1.34 82.23+1.28 58.12+3.23 58.284+3.27 73.15+0.80 73.52£0.91 49.65+3.35 50.68+3.10
Voxel Z-Score 74.49+£2.20 74.52£2.22 58.55+0.60 56.224+1.28 80.56+1.96 79.68+2.33 50.35£2.60 51.17£0.76
Global Z-Score 82.061+2.05 82.04+2.05 61.11£1.48 60.75£1.16 75.46+2.12 75.41+2.11 54.86+1.96 55.72+1.63

5 Discussion

This work studies fMRI representation learning through spatial scale and task-relevant geometry.
In resting-state benchmarks, FlatClip acts as a surface-level middle ground: it outperforms most
ROI/FC-level baselines under a frozen-backbone, lightweight-probe protocol, while voxel-level
models remain strong upper comparisons. This pattern suggests that cortical flatmaps recover part
of the information lost by ROI aggregation, but that native voxel inputs still preserve additional
fine-grained spatial detail. Thus, FlatClip should be interpreted as a geometry-aware surface-level
reference baseline rather than a replacement for voxel-level fMRI foundation models.

The visual-fMRI results extend this observation by showing that the useful geometry should also be
task-relevant. In NSD COCOB80 decoding, performance improves when the input is restricted from
whole cortex to HCP-MMP visual cortex and NSD-provided task-active cortex. This suggests that
preserving all cortical regions indiscriminately is not always optimal; for stimulus-evoked decoding,
task-responsive regions provide a cleaner signal than broad cortex-wide inputs. Together, the resting-
state and visual-fMRI results indicate that fMRI representations benefit from preserving cortical
geometry, especially when the preserved geometry is aligned with the prediction target.

The control experiments support this interpretation. Disrupting flatmap geometry through block-
shuffling, vertex permutation, or FC heatmap conversion reduces performance, indicating that the gain
is not explained by image-like formatting alone. Conversely, mapping ROI-level signals back into
atlas-defined 4D volumes improves over ROI time-series representations, showing that coarse spatial
layout and 4D structure are useful. Adaptive patching in highly activated regions further improves
voxel-based prediction, suggesting that finer spatial granularity is most useful when allocated to
signal-rich regions. These controls support the role of spatial organization and spatial granularity,
while not claiming to fully isolate cortical topology from all other image statistics.

The role of the frozen Sigl.IP2 encoder should be understood in this context. FlatClip does not
assume that fMRI is equivalent to natural images. Instead, SigLIP2 provides an out-of-domain
frozen feature extractor for evaluating image-compatible surface representations without fMRI-
specific encoder pretraining. This makes FlatClip a useful reference baseline for assessing how much
predictive information can be recovered from surface-level cortical geometry with only a lightweight
downstream probe.

Limitations. Cortical flatmaps are not lossless representations of 4D fMRI. They preserve surface-
level cortical layout, but may introduce flattening distortions, discard volumetric relationships, and
omit subcortical or brainstem structures that can be important for some tasks. FlatClip also uses
simple average pooling over frame-level representations, so temporal dynamics are only coarsely
summarized. Finally, although our controls reduce several image-format and low-level-statistic
confounds, they do not fully isolate cortical geometry from effects of rendering, cropping, encoder
inductive bias, or adaptive patch tokenization. Future work should extend FlatClip to subcortical and
whole-brain geometry-aware representations with stronger temporal modeling.
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A Details of Rest fMRI experiments

A.1 Details of Datasets and Task

Human Connectome Project (HCP). We utilize the HCP dataset as our primary benchmark for
evaluation, comprising 1010 subjects. They are split to 606/202/202 for train/evaluation/test set
respectively. The dataset provides high-quality, standardized data ideal for establishing baseline
model performance.

Parkinson’s Progression Markers Initiative (PPMI). PPMI is a global, longitudinal, observa-
tional study aimed at identifying biomarkers of Parkinson’s disease (PD) progression [28]]. For our
disease classification task, we utilized a curated subset of the PPMI cohort; after quality control and
task-specific filtering, 331 subjects with complete resting-state fMRI and diagnostic annotations were
retained (age range: 35-84 years), covering prodromal PD, clinically diagnosed PD, and healthy
control groups.

Alzheimer’s Disease Neuroimaging Initiative (ADNI). The Alzheimer’s Disease Neuroimaging
Initiative (ADNI) is a large-scale, longitudinal, observational study designed to characterize the
progression of Alzheimer’s disease [27]]. For our disease classification task, we utilized a curated
subset of the ADNI cohort; after quality control and task-specific filtering, 497 subjects with complete
resting-state fMRI and diagnostic annotations were retained (age range: 55-90 years), spanning
cognitively normal, mild cognitive impairment (MCI), and Alzheimer’s disease (AD) groups.

A.2 Evaluation Protocol

All resting-state evaluations are performed at the subject level. For FlatClip and all compared
fMRI foundation-model baselines, the pretrained backbone is kept frozen, and only a lightweight
downstream classification head is trained. All models are evaluated on the same subject-level
train/validation/test splits. This matched readout protocol controls downstream probe capacity and
focuses the comparison on frozen representation quality.

For each subject, FlatClip uses a fixed sequence of 40 cortical flatmap frames. Frame-wise global
representations are mean-pooled into one subject-level feature before downstream prediction. For
classification tasks, the probe is trained with cross-entropy loss. Model selection is performed on the
validation split, and final performance is reported on the held-out test split. To reduce sensitivity to a
single validation/test partition, we repeat the evaluation across five subject-level random splits and
report mean and standard deviation.

Because the compared models differ in native input representation, architecture, and pretraining data,
we interpret the results as a matched-probe representation benchmark rather than a fully controlled
architectural comparison.

A.3 Details of Baseline Models

In this section, we introduce our baseline models.

BrainLM is the first fMRI foundation model specifically designed to capture the spatiotemporal
dynamics of brain activity through a Transformer-based masked autoencoder architecture. It employs
the AAL-424 atlas for the parcellation of brain regions, transforming fMRI recordings into a 424-
dimensional set of ROIs. The model is trained on an extensive dataset consisting of 6,700 hours
of fMRI data derived from 77,298 recordings across the UK Biobank and the Human Connectome
Project.

BrainMASS utilizes the Schaefer 100-region atlas for the parcellation of brain networks. It was
trained on 26 datasets, encompassing a total of 64,584 subjects, including data from the UK Biobank
(UKB), Human Connectome Project (HCP), and ADHD-200, etc. The model is designed to learn
representations of functional brain networks by integrating both masked ROI modeling and latent
representation alignment techniques, thereby enhancing its diagnostic performance.
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Brain-Harmony is a multimodal brain foundation model designed to jointly represent brain
morphology and function within a unified one-dimensional token space. The model first encodes
functional MRI ROI time-series and structural T1-weighted MRI into modality-specific token embed-
dings, and then uses a Transformer-based harmonizer to fuse these tokens into a shared subject-level
representation. In our baseline setting, we use the official pretrained Brain-Harmony backbone with a
ViT-Base architecture and 128 latent tokens.

LCM is an fMRI foundation model for connectome-based brain representation learning, which
formulates pretraining as a multitask learning problem by leveraging brain—environment interaction
variables, including demographic and behavioral targets, together with large-scale functional neu-
roimaging data. Its architecture represents brain connectomes as node-level embeddings and uses a
decoder-style prediction head with learnable task queries to support multiple downstream objectives
such as sex prediction, behavioral recognition, and disease classification.

SwiFT (Swin 4D fMRI Transformer) is an end-to-end framework for modeling high-dimensional
spatiotemporal fMRI dynamics directly from raw 4D volumes, avoiding the information loss that
can arise from hand-crafted features or atlas-level summaries. It adopts a computationally efficient
4D shifted-window attention design to capture local and long-range spatiotemporal dependencies in
brain activity. SwiFT also supports contrastive self-supervised pretraining, which further improves
downstream transfer performance on large-scale fMRI benchmarks.

NeuroSTORM s a general-purpose neuroimaging foundation model designed to learn representa-
tions directly from raw 4D fMRI volumes. Its backbone is based on Shifted-Window Mamba (SWM),
which is used to model long-range spatiotemporal dependencies while maintaining computational
efficiency. NeuroSTORM is pre-trained on large-scale fMRI data from more than 50,000 subjects
across UK Biobank, ABCD, and HCP, and introduces a Spatiotemporal Redundancy Dropout (STRD)
module to reduce redundant temporal information during representation learning. This design enables
NeuroSTORM to serve as a transferable foundation model for downstream fMRI prediction tasks.

Omni-fMRI is an atlas-free fMRI foundation model designed to learn directly from voxel-level sig-
nals, avoiding the information loss and atlas-dependent biases introduced by predefined region-level
parcellations. To scale pretraining to 49,497 fMRI sessions from nine datasets, Omni-fMRI introduces
a dynamic patching mechanism that reduces computational cost while preserving informative spatial
structure. The model is evaluated through a comprehensive benchmark suite covering 11 datasets
and diverse resting-state and task-based fMRI tasks, where it consistently outperforms existing fMRI
foundation models. In our experiments, we use Omni-fMRI as a strong voxel-level foundation-
model baseline for assessing whether FlatClip can achieve competitive transfer performance without
fMRI-specific encoder pretraining.

A.4 Ablation of Architectures

We further compare different frozen image backbones and feature extraction choices for resting-state
prediction (Table [5). For the main comparisons, all methods use one global representation and
the same downstream MLP probe to ensure a fair evaluation of the frozen backbone. This setting
follows the standard use of global or [CLS] representations in ViT-style encoders for image-level
prediction, where the global token summarizes the input image into a single feature vector. The ViT
baseline uses a standard ImageNet-pretrained ViT-B/16 visual encoder from torchvision. Across
backbones, Sigl.IP2 achieves the strongest performance on HCP and is used as the default backbone
in subsequent geometry-control analyses. The additional 40-token and patch-mean variants are
included as sensitivity analyses rather than main comparison settings.

A.5 Configuration

All FlatClip encoders are frozen during downstream evaluation. We first render scalar cortical fMRI
activity into RGB cortical flatmaps and then extract image features with a frozen Sigl.IP2-NaFlex
encoder. Only the downstream MLP probe is trained for task prediction. The main settings are
summarized in Table[6] We choose T = 40, following the setting with prior works [9, [3].
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Table 5: Ablation of frozen image backbone and feature extraction strategy. Results are reported as

Accuracy / weighted F1.
HCP PPMI ADNI (MCI) ADNI (AD)
Backbone Feature Sex Classif. PD Diagnosis Diagnosis Diagnosis
ACC T wF1 1 ACC T wF1 1 ACC T wF1 1 ACC 1 wF1 1
DINOv2  One global token 80.37+2.55/80.33+2.53 51.39+£3.18 51.58+2.25 60.68+2.67 60.44+1.98 75.461+4.01 75.204+3.69
DINOv2 40 Global tokens 79.53+£1.17 79.50£1.15 47.57+£5.14 48.824+2.67 55.984+2.67 55.5842.09 75.00+2.41 74.61+£2.34
ViT-B 40 Global tokens 70.00£1.13 70.02+1.15 60.00+1.36 55.45+1.72 52.76+4.57 52.194+4.71 78.114+2.56 76.84+2.71
SigLIP2  One Global token 82.06+2.05 82.0442.05 54.8641.96 55.724+1.63 61.11£1.48 60.75£1.16 75.46+2.12 75.41+£2.11
SigLIP2 40 Global tokens 83.08+0.59 83.0240.66 53.4747.54 53.93+6.14 60.68+1.96 60.02+£2.07 74.07+£4.88 74.13+4.98
SigLIP2 40 patch_mean 84.94+1.06 84.91+1.06 56.944+4.21 56.48+4.27 58.12+1.96 57.82£1.87 76.39+4.17 76.36+3.93

Table 6: Hyperparameter settings of FlatClip.

Configuration

Value

Flatmap rendering

surface space
renderer
Normalization
colormap
background pixels
flatmap crop

fsLR cortical surface

PyCortex / cached flatmap projection

global z-score with bounded color scale

diverging red—blue colormap

transparent outside cortex/ROI, composited on white RGB
cropped to non-background cortical pixels

Resting-state configs

image encoder
input format

input region
frames per subject
encoder input
frame feature
frame feature dimension
subject feature
probe architecture
optimizer
learning rate
weight decay
batch size
training epochs
validation metric
loss function
reported metrics

frozen SigLIP2-base-patch16-NaFlex
sequence of cortical flatmap frames

whole cortex

first 40 resting-state frames

RGB flatmap, padded/processed by SiglL.IP2-NaFlex processor
global image embedding

768

mean pooling over 40 frame features
2-layer MLP, hidden dim 256, dropout 0.2
AdamW

1x107°

1x107*

64

up to 250, early stopping patience 40
weighted-F1

class-weighted cross-entropy

accuracy, weighted-F1

NSD visual-fMRI configs

image encoder
input format
input regions
encoder output
main feature dimension
probe architecture
optimizer
learning rate
weight decay
batch size
training epochs
validation metric
loss function
reported metrics

frozen SigLIP2-base-patch16-NaFlex

stimulus-level GLM cortical flatmap

whole cortex / HCP-MMP visual / NSDgeneral
mean-pooled global representation over patch tokens
768

MLP with LayerNorm, hidden dim 1024, dropout 0.1
AdamW

3x 107"

1x 107"

128

10

mAP

class-weighted BCE with logits

mAP, weighted-F1

s54 Flatmap construction and inference cost.

For resting-state fMRI, each subject-level dtseries

555 file 18 converted to cortical vertex time series and the first 40 frames are rendered. The selected
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Table 7: Within-subject COCO80 multi-label classification on NSD. Red indicates the best per-
formance. wF1 denotes weighted-F1. Unmarked FlatClip rows use the main setting: one 768-
dimensional global representation obtained by mean-pooling the 16 x 16 patch-token grid. Rows
marked with * use the token-rich ablation with all 256 patch tokens.

W Subl Sub2 Sub5 Sub7 Mean
Model mAP1 wF1+ mAPT wF11 mAP{ wF11 mAP+ wF11 mAP{ wFI 1

SigLIP2-NSDgeneral  15.311 26.922 15.714 26.986 19.933 29.611 14.428 24.366 16.347 26.971

SigLIP2-Visual 14.050 25.829 16.065 27.151 18.889 29.476 14.361 25.238 15.841 26.924
DINOv2-Visual 14.765 26.338 14.780 25.105 17.213 27.304 12.605 22.547 14.841 25.323
ViT-Cortex 11.674 23.092 13.373 24.128 13.895 26.376 10.544 20.432 12.371 23.507
SigLIP2-Cortex 11.100 24.576 12.211 25.048 14.974 26.090 10.053 18.822 12.085 23.634
DINOv2-Cortex 10.930 22.800 10.815 23.022 11.290 24.427 9.467 19.751 10.625 22.500
SwiFT 7974 20.582 10.769 22.303 10.274 22989 8.478 20.858 9.374 21.683
NeuroSTORM 6.491 12358 8.798 20.484 9.253 10471 8209 18326 8.188 15410
Omni-fMRI 3949 13.818 5.024 15910 4.715 13.441 3.751 8.934 4360 13.026
SigLIP2-Cortex™ 16.604 29.776 15.771 28.262 19.218 31.379 14.129 27.836 16.430 29.313
SigLIP2-Visual* 20.192 33.255 19.623 29.727 23.323 33.801 19.490 30.457 20.657 31.810

SigLIP2-NSDgeneral® 21.565 32.330 22.218 32.084 25.300 32.744 20.282 31.123 22.341 32.070

vertex-by-time matrix is globally z-scored before rendering, and the resulting cortical values are
projected to a 2D flatmap. For NSD, each sample corresponds to a stimulus-level GLM response
map. The response values are z-scored within each map, mapped to RGB using a diverging colormap,
and pixels outside the selected cortex/ROI are treated as transparent background. Before feature
extraction, transparent pixels are alpha-composited onto a white RGB background, matching the
three-channel input expected by the image encoder.

The whole-cortex input uses a 943 x 384 flatmap canvas. For NSD visual-fMRI experiments, the
rendered flatmaps are cropped to the valid cortical extent of each input region before feature extraction.
The HCP-MMP visual-cortex input uses a 273 x 264 cropped canvas. Because NSDgeneral is a
subject-specific task-active cortical mask, its cropped canvas size varies slightly across subjects:
293 x 208 for Subl, 293 x 209 for Sub2 and Sub5, and 292 x 209 for Sub7. All images are then
processed by Sigl.IP2-NaFlex, which supports variable-size inputs and converts each flatmap into a
fixed-budget patch sequence before downstream feature pooling.

Feature extraction is performed offline with the frozen SigL.IP2-NaFlex encoder. From the logged
extraction jobs, HCP required 3.96 hours on four A100 GPUs for 40,440 flatmap images, correspond-
ing to 2.84 images/s in wall-clock throughput. PPMI required 39.5 minutes on four A100 GPUs
for 18,960 images, and ADNI required 61.6 minutes on two A100 GPUs for 19,840 images. After
features are cached, downstream MLP training is lightweight and does not require backpropagation
through the image encoder.

A.6 The influence of frame number

We further evaluate the effect of temporal sampling length in resting-state FlatClip. For each
subject, we uniformly sample 10, 20, or 40 frames from the available 40-frame sequence. Each
frame is encoded independently by the frozen SigL.IP2 encoder, and the selected frame-level global
representations are mean-pooled into a single 768-dimensional subject-level feature. As shown in
Table[8] increasing the number of frames generally improves or stabilizes performance, but the gain
is modest under the one-token pooling strategy. HCP and ADNI show the clearest benefit from using
more temporal samples, with 40 frames giving the best or tied-best performance in most metrics.
ADNI (AD) already saturates around 20 frames, while PPMI does not show a consistent improvement
with additional frames, suggesting that temporal coverage alone is not the main limiting factor for
this task. Overall, these results indicate that FlatClip can extract useful subject-level information even
from sparse temporal samples, while the 40-frame setting provides a more stable default for the main
experiments.

16



588

589
590
591
592

593
594
595
596
597

598

599
600

601
602

603
604

605
606
607
608
609
610
611
612

613

614
615
616
617
618
619
620
621

622
623
624

Table 8: Ablation on the number of resting-state frames used by FlatClip. All results use frozen
SigL.IP2 with one global representation per frame. Selected frame features are mean-pooled into
a 768-dimensional subject-level token. Results are reported as Accuracy / weighted F1 over three
seeds.

Dataset HCP ADNI (MCD ADNI (AD) PPMI
m Sex Classif. Diagnosis Diagnosis PD Diagnosis
ACCt wF1 1 ACC+t wF1 1 ACC wF1 1 ACC ¢t wF1 4

10 frames 76.31+4.61 76.274+4.64 59.4043.23 58.5243.13 76.39+£1.39 76.39+£1.43 54.17£2.08 54.12+2.11
20 frames 77.83+£1.92 77.79+1.86 60.68+1.48 59.90+1.77 78.24--0.80 78.29+1.26 52.43£1.59 53.39+2.27
40 frames 82.06+2.05 82.04-£2.05 61.11+1.48 60.75+£1.16 75.46+2.12 75.41+2.11 54.86+1.96 55.72+1.63

B Details of NSD Visual-fMRI Experiments

Natural Scenes Dataset (NSD). We evaluate visual-fMRI decoding on the Natural Scenes Dataset
(NSD), a large-scale 7T fMRI dataset in which subjects viewed natural images from COCO. We use
stimulus-level GLM beta estimates, specifically the betas_fithrf_GLMdenoise_RR version, as
neural response inputs. The decoding target is an 80-dimensional COCO multi-hot label vector.

Cortical input regions. We evaluate three cortical input regions: whole cortex, HCP-MMP visual
cortex, and NSDgeneral. NSDgeneral denotes the NSD-provided subject-level task-active region and
is used as a stimulus-responsive cortical mask. All regions are rendered as flatmaps and encoded
using the same frozen SigLIP2 encoder. Cortex-wide flatmaps are used to test whether broad cortical
coverage helps or hurts visual decoding.

B.1 GLM for Baselines models

SwiFT extracted features in a volume-wise manner: each NSD beta volume is processed indepen-
dently, and the resulting representation is used as the feature for that volume.

NeuroSTORM follows a similar strategy. Its NSD extraction pipeline also processes each beta
volume independently with a 3D backbone and saves the resulting backbone feature for each volume.

Therefore, in the current setup, both SWiFT and NeuroSTORM operate on native single-volume
inputs and do not require an additional repeat-based adaptation step at feature extraction time.

Omni-fMRI, however, is less naturally matched to this setting. Because the pretrained encoder
expects 40 input channels, each single 3D beta volume is duplicated 40 times along the channel
dimension and then fed into the encoder. We then keep the CLS token as the feature for that
volume and concatenate the volume-wise CLS features across the sequence. This difference in input
construction is important when interpreting performance. In particular, Omni-fMRI is not applied to
the original single-volume signal directly, but to a repeated version of the same volume. As a result,
its extracted representation is influenced not only by the backbone itself, but also by the repeat-based
adaptation strategy, which may weaken the effectiveness of the model in the current NSD setting.

B.2 Supplementary Analysis of Image-fMRI Feature Alignment

We further quantified image—fMRI feature alignment in SigL.IP2 space using a randomly sampled
100-image subset from NSD shared 1000 (Fig.[3} Table[9). For each shared image, we computed the
alignment score for each subject and then averaged across the four subjects, yielding one value per
image. For Local-RDM, each image was represented by its distance profile to the other shared images,
and we correlated the fMRI-derived distance profile with the corresponding SigLIP2 image-feature
distance profile. Paired cosine measured the similarity between the aligned fMRI-derived feature and
its matched image feature, while the paired-random margin subtracted a randomly mismatched image
cosine.

Across all three stimulus-level metrics, SigL.IP2-NSDgeneral achieved the strongest alignment with
the corresponding image features. Compared with the strongest non-FlatClip baseline, NeuroSTORM,
SigL.IP2-NSDgeneral improved Local-RDM by 0.083, paired cosine by 0.088, and paired-random
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Figure 3: Stimulus-level image—fMRI feature alignment analysis on a randomly sampled subset
of NSD shared1000 in SigL.IP2 space. (a) Paired-random cosine margin, defined as the cosine
similarity between the aligned fMRI-derived feature and the matched image feature minus a randomly
mismatched image cosine. (b) Paired cosine similarity between the aligned fMRI-derived feature
and its matched image feature. For each shared image, scores are first computed for each subject
and then averaged across the four subjects. Dots denote individual shared stimuli, and large markers
denote the mean. Significance brackets compare Sigl.IP2-NSDgeneral against each other method
using paired Wilcoxon signed-rank tests over stimuli.

Table 9: Stimulus-level image—fMRI feature alignment analysis on a randomly sampled subset of
NSD shared1000 in SigLIP2 space. Values are averaged over four subjects, leaving one value per
image. A denotes SigLIP2-NSDgeneral minus the comparison method. p; and p,, denote Holm-
corrected paired ¢-test and Wilcoxon signed-rank p-values, respectively.

Metric Comparison Baseline SigLIP2-NSDgeneral A 95% CI Dt Pw Improved
Local-RDM  vs SwiFT 0.026 0.134 0.108 [0.086,0.129] 9.01x107'¢ 3.18x107'%  83.0%
Local-RDM  vs Omni-fMRI 0.009 0.134 0.125 [0.102,0.147] 2.70x107'7 5.27x107'%  86.0%
Local-RDM  vs NeuroSTORM  0.052 0.134 0.083 [0.064,0.101] 5.78x107' 1.34x107'%  79.0%
Local-RDM  vs SigLIP2-Cortex  0.032 0.134 0.102 [0.084,0.121] 2.09x107'7 2.87x107'*  89.0%
Local-RDM  vs SigLIP2-Visual ~ 0.091 0.134 0.043 [0.026,0.061] 5.41x107% 5.73x107%  74.0%
Paired cosine vs SwiFT 0.222 0.325 0.103 [0.087,0.119] 3.82x107%' 7.31x107'*  90.0%
Paired cosine vs Omni-fMRI 0.159 0.325 0.166 [0.150,0.182] 1.50x107%> 3.61x107'"  99.0%
Paired cosine vs NeuroSTORM  0.237 0.325 0.088 [0.072,0.104] 5.07x107'7 4.31x107'*  89.0%
Paired cosine vs SigLIP2-Cortex  0.246 0.325 0.079 [0.064,0.094] 3.70x107% 1.17x107'%  89.0%
Paired cosine vs SigLIP2-Visual ~ 0.301 0.325 0.024 [0.015,0.033] 3.83x107% 7.96x107°%  69.0%
Margin vs SWiFT 0.223 0.314 0.091 [0.066,0.116] 7.19x107'° 8.30x10™°  76.0%
Margin vs Omni-fMRI 0.156 0.314 0.157 [0.128,0.186] 5.07x10~'7 2.87x107**  87.0%
Margin vs NeuroSTORM ~ 0.235 0.314 0.079 [0.053,0.106] 1.81x1077 4.49x10~7  72.0%
Margin vs SigLIP2-Cortex ~ 0.248 0314 0.066 [0.042,0.090] 1.38x107% 2.49x107°%  69.0%
Margin vs SigLIP2-Visual ~ 0.286 0.314 0.028 [0.012,0.044] 4.23x107* 4.06x107*  68.0%

margin by 0.079. The advantage also remained significant when compared with SigL.IP2-Visual,
indicating that restricting the flatmap input to NSD task-active cortex yields representations that
are more tightly aligned with image-feature geometry than using a broader visual mask. These
results support the interpretation that FlatClip’s advantage is not only reflected in downstream
COCO8O classification, but also in a closer stimulus-level correspondence between cortical flatmap
representations and image encoder representations. Because the statistical unit in this analysis is the
stimulus after averaging over subjects, we treat it as supplementary mechanistic evidence rather than
as a replacement for subject-level evaluation.

B.3 Ablation and Detailed Results

We report detailed within-subject NSD COCOB80 results in Table [/} All FlatClip variants use the
same frozen SigL.IP2 encoder, one global image representation per GLM response map, and the same
lightweight MLP probe. This setting keeps the downstream feature dimensionality fixed and makes
the comparison focus on the cortical input region.
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Across the evaluated general-purpose fMRI baselines, FlatClip variants obtain substantially higher
mAP and weighted F1. Among FlatClip variants, performance improves when the input region is
restricted from whole cortex to visual or NSD-provided task-active cortex. These results support the
main finding that visual-fMRI decoding benefits from task-relevant cortical geometry rather than
indiscriminate whole-cortex coverage.

C Details of Geometry perturbation Experiments

C.1 Geometry-control perturbations.

To test whether FlatClip benefits from the spatial organization of cortical flatmaps rather than only
from the marginal distribution of fMRI values, we constructed several geometry-control inputs for
HCP sex classification. All controls used the same subjects, train/validation/test split, number of
frames, frozen encoder, and downstream MLP probe. For each subject, we used a fixed sequence of
40 frames. All rendered inputs were converted to the same image canvas before feature extraction,
so that performance differences primarily reflect changes in spatial organization under matched
downstream settings, while keeping image canvas handling and feature extraction fixed within each
control family.

Real flatmap. The real-flatmap condition uses the original cortical flatmap rendering without spatial
perturbation. Each frame preserves the native 2D cortical surface layout produced by the flatmap
projection, including both local activity patterns and their global anatomical arrangement.

Left-right hemisphere swap. For the left-right swap control, we exchanged the left and right
hemispheric halves of each rendered flatmap image. The same transformation was applied to all
subjects and frames. This control preserves the pixel intensity distribution, local texture, and most
low-level image statistics, but disrupts hemispheric laterality and the correspondence between cortical
location and visual image position. It therefore tests whether FlatClip depends on the anatomically
meaningful placement of the two hemispheres rather than only on the presence of cortical-shaped
image content.

Within-hemisphere region shuffle. For the within-hemisphere shuffle control, we first separated
the rendered flatmap into left- and right-hemisphere image regions. Within each hemisphere, the
valid cortical area was divided into local image blocks, and these blocks were randomly permuted
only within the same hemisphere. The same block permutation was applied consistently across
subjects and frames. This preserves hemispheric identity and local block-level activation patterns,
while disrupting the finer global layout of cortical regions within each hemisphere. Compared with
left-right swapping, this provides a stronger test of whether within-hemisphere cortical organization
contributes to downstream prediction.

Phase/frequency-matched randomization. To further control for rendering-induced low-level
image statistics, we constructed a phase-randomized control for each flatmap frame. For each RGB
channel, we preserved the Fourier amplitude spectrum of the original flatmap but randomized the
phase, and then matched the resulting image back to the original channel-wise intensity histogram.
This keeps the global frequency content and marginal color/intensity distribution similar to the real
flatmap, while destroying spatial phase and therefore cortical geometry. A performance drop under
this control indicates that the model is not driven only by low-level image frequency or intensity
statistics.

Random initialized encoder. In addition to input perturbations, we included a randomly initialized
SigLIP2 encoder control. This condition uses the real flatmap input and the same downstream MLP
probe, but removes pretrained visual representations by replacing the frozen pretrained encoder
with the same architecture initialized from random weights. This control tests whether the observed
performance comes only from the model architecture and image-format input, or whether pretrained
visual features contribute to the FlatClip representation.

Spatial block-shuffle. For the block-shuffle control, each flatmap image was divided into non-
overlapping 16 x 16 image blocks. A single random block permutation was generated and applied
consistently to all subjects and all frames. This preserves the local texture and activation pattern
inside each block, but disrupts the global arrangement of cortical regions. Thus, this control tests
whether local patch-level fMRI patterns alone are sufficient when large-scale cortical topology is
scrambled.
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Table 10: Geometry-control ablation on HCP sex classification. All results use the frozen DINOv2
encoder with one global token per frame, followed by the same MLP probe. Results are reported
as mean=+std over three seeds. Significance markers indicate paired ¢-tests comparing Real flatmap
against each control after Holm correction. Red indicates the best performance.

Control input ACC 1T wF1 1 Balanced ACC 1T Macro F1 1

Real flatmap 80.37 £ 2.55 80.33 +2.53 80.08 + 2.47 80.15 +2.53
Spatial block-shuffle ~ 75.47 £ 0.78* 75.49 £0.76* 75.44 40.70* 75.34 4 0.75*
Vertex-permutation ~ 73.77 4 2.80* 73.80 £2.81* 74.06 £2.61* 73.73 +£2.76*
FC heatmap 5499 £5.08%* 55.04+5.07** 54.8045.08%* 5477 +5.07**
Random image 4924 41.52** 4933 £1.52** 4924+ 1.54** 49.14 £ 1.53**

Markers denote Holm-corrected paired ¢-tests against Real flatmap: *p < 0.05, **p < 0.01.

Vertex-permutation. For the vertex-permutation control, we identified valid cortical pixels using
the flatmap alpha mask and randomly permuted the values within this cortical mask. The same
permutation was applied consistently across all subjects and frames. This preserves the distribution
of activation values within each frame, and also avoids changing the background region, but destroys
both local neighborhood structure and global cortical topology. Therefore, this is a stronger geometry
disruption than block-shuffling.

FC heatmap. For the FC heatmap control, we replaced frame-wise flatmaps with a subject-level
functional connectivity image. For each subject, one 200-frame Schaefer100 ROI time series was
used to compute a 100 x 100 Pearson correlation matrix after ROI-wise normalization. The resulting
FC matrix was clipped to [—1, 1], rendered as a red-blue heatmap, resized to the same image canvas,
and repeated as 40 identical frames. This control keeps subject-level functional information but
removes cortical surface geometry and frame-wise flatmap dynamics.

Random image. For the random-image control, each frame was replaced by a random RGB image
with the same spatial size as the flatmap input. Random images were generated with deterministic
subject- and frame-specific seeds. This control preserves only the image-format interface to the
frozen visual encoder, while removing both fMRI signal and cortical geometry.

As an additional robustness check, we repeat the geometry-control ablation with a frozen DINOv2
encoder. Table[I0]shows the same qualitative trend as the main SigLIP2 geometry-control experiment.

C.2 Details of geometry recovery experiments

To examine whether the spatial organization of fMRI activity contributes to downstream performance,
we compare ROI time-series, 4D ROI-volume, native voxel-volume, and adaptive-patch voxel-volume
representations under controlled model capacity. The purpose of this experiment is to separate the
effect of signal content from the effect of geometry: ROI time-series preserve regional temporal
signals but remove spatial layout, 4D ROI volumes restore coarse atlas geometry, and native voxel
volumes preserve fine-grained spatial variation.

4D ROI-volume processing. For volumetric fMRI inputs, we construct ROI-restricted 4D volumes
from the preprocessed resting-state fMRI scans. Each scan is aligned to the common template
space used by the dataset, and the target ROI mask is resampled to the same spatial resolution using
nearest-neighbor interpolation. Given a 4D fMRI volume X; € RT*H*XWXD for subject i, voxel
signals within each ROI are first averaged to obtain an ROI-level time series. We then map the
ROI-level signal back to the atlas-defined 4D volume, so that all voxels belonging to the same ROI
share the corresponding ROI-mean time series. Voxels outside the selected ROI mask are set to
zero. This produces a 4D ROI-volume representation that preserves the 4D input format and coarse
anatomical geometry, while removing fine-grained within-ROI spatial variation.

To ensure a consistent input length, we sample a fixed sequence of 40 frames from each scan and use
the resulting ROI-volume input
XROI c R4O><H><W><D
K]

as the subject-level representation.
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Native voxel-volume processing. For the voxel-volume setting, we use the same preprocessed
4D fMRI scans and the same 40-frame sampling strategy, but preserve the native voxel-wise signals
instead of replacing them with ROI means. Voxels outside the selected brain or ROI mask are set
to zero, and temporal z-score normalization is applied voxel-wise. This setting keeps fine-grained
voxel-level spatial variation and serves as a stronger geometry-preserving volumetric reference.

Patch budget and adaptive patching. All 4D ROI-volume and voxel-volume models use the same
ViT-Small backbone. For the standard 4D ROI and voxel settings, we use a fixed patch size of 8
and adjust the effective input crop so that each sample contains approximately 1,000 spatiotemporal
patches. This keeps the token budget comparable across ROI-volume and voxel-volume inputs despite
differences in spatial extent.

We also evaluate a patch-adaptive voxel setting following the adaptive patching strategy of Omni-
fMRI [3]. In this variant, the base patch size is set to 12, and the patch allocation is adapted
according to local signal properties so that informative regions can be represented at finer effective
resolution while maintaining an overall token budget close to 1,000 patches. This experiment tests
whether allocating more spatial detail to signal-relevant regions further improves geometry-preserving
volumetric modeling.

40-frame ROI time-series processing. For the ROI time-series setting, we convert each 4D resting-
state scan into a region-level temporal representation using the same ROI definition. At each time
point, voxel signals within each ROI are averaged to obtain a regional activity vector. For subject i,
this produces a time series

K
Ry =[ri1,riz, ... ,rir], rig € RT,

where K is the number of ROIs. The regional signals are temporally z-scored within each ROI, and
the same 40-frame sampling strategy is applied to obtain

40 40x K
R;"eR .

This representation removes within-ROI spatial geometry and keeps only region-level temporal
dynamics. We feed the 40-frame ROI sequence to a lightweight temporal model with the same
train/validation/test splits as the flatmap and ROI-volume settings.

All experiments are performed at the subject level. Frames from the same subject are never split
across train, validation, and test sets, preventing frame-level leakage.

21



755

756

757
758

759

761

762

763
764

766
767

768
769

770
771
772
773
774
775
776
777
778
779

780
781
782
783
784
785
786
787
788
789
790
791
792

794
795

797
798

800
801
802

803

804
805

806

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 main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.

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

. Limitations

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

Justification: Limitations have been discussed in the paper.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

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

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

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

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

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

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

3. Theory assumptions and proofs

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

Answer: [N/A]
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Justification: The paper does not include theoretical results.

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.

4. Experimental result reproducibility

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

Answer: [Yes]

Justification: The details of experiments are provided.

Guidelines:

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

If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

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

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

nature of the contribution. For example

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

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

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

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

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?
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Answer: [Yes]
Justification: Code is provided in supplementary.
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: Details are provided.
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: Statistical significance is calculated and provided.
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.
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8.

10.

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% CIL, if the hypothesis
of Normality of errors is not verified.

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

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

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

Answer: [Yes]
Justification: Details of compute resources are provided.
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: yes.
Guidelines:

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

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

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

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

Answer: [N/A]
Justification: It’s a general model research.
Guidelines:

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

* 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.
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12.

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

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

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

Safeguards

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

Answer: [N/A]
Justification: The paper poses no such risks.
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]
Justification: All datasets used in this project is licensed.
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.

 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.
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* 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: Code and documents are provided.
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:
Guidelines: The paper does not involve crowdsourcing.
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

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

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

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

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

Answer: [N/A]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
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 LLLM usage
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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: [N/A]
Justification: LLM is used only for writing, editing.
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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