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1 Cross-dataset generalization on CHCP31

We further assess our model’s cross-dataset generalization by applying the Swin-UNETR en-32

coder—pretrained on the HCP dataset—to individual atlas generation on the other independent33

dataset (Fig. 1 and Table 1). The Chinese Human Connectome Project (CHCP) dataset comprises34

high-resolution multimodal MRI—including structural, diffusion, and resting-state fMRI—from35

healthy Chinese adults, and uses the same acquisition parameters and HCP preprocessing pipeline [1].36

Our results demonstrate that, without any additional fine-tuning, DCA produces coherent, spatially37

contiguous parcellations on CHCP dataset that surpass other atlases in both metric, underscoring the38

robustness of the learned voxel embeddings.39

Yeo7 Yeo17 Brodmann DCASchaeferAAL1 AAL2 AAL3 MMP
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Figure 1: Homogeneity and Silhouette coefficients measured over 100 CHCP subjects at varying
numbers of parcels.

Table 1: Evaluation of similarity metrics against DCA and other atlases on the CHCP dataset

Metrics
Atlas Yeo Brodmann Schaefer DCA AAL

7 17 41 100 100 116 120

Homogeneity ↑ 0.0413
±0.0171

0.0500
±0.0179

0.0324
±0.0127

0.6560
±0.0188

0.1162
± 0.0205

0.0407
±0.0136

0.0409
±0.0136

Silhouette ↑ 0.0255
±0.0069

0.0303
±0.0072

0.0169
±0.0038

0.0371
±0.0071

0.0382
± 0.0071

0.0213
±0.0038

0.0215
±0.0037

Metrics
Atlas AAL Schaefer DCA Schaefer MMP DCA Schaefer

166 200 200 300 360 360 400

Homogeneity ↑ 0.0418
±0.0136

0.0784
±0.0195

0.1300
± 0.0211

0.0873
±0.0199

0.0848
±0.0187

0.1451
±0.0214

0.0948
±0.0201

Silhouette ↑ 0.0224
±0.0037

0.0435
±0.0069

0.0506
± 0.0082

0.0492
±0.0071

0.0501
±0.0064

0.0643
±0.009

0.0542
±0.0072
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2 Atlas of the subcortex and white matter40

Because our method learns voxel-level embeddings across the entire brain, it is applicable to any41

arbitrary brain structure. Given a region-of-interest (ROI) mask, our framework can generate par-42

cellations at a specified resolution. Here, we demonstrate two applications: atlas construction43

for the subcortex and white matter (Fig. 2). The corresponding ROI masks are extracted from44

FreeSurfer’s aparc+aseg.mgz [2] and transformed into MNI152 space. We evaluate parcellations with45

{10, 20, 40, 50} clusters for the subcortex and {50, 100, 200, 400} clusters for the white matter. In46

future work, incorporating additional structural information, such as white matter fiber orientations,47

could further improve the quality of the parcellations.48

20 40 5010

100 200 40050
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White Matter

Figure 2: Voxel-wise parcellations of subcortical and white matter regions under varying granularity
levels.

3



3 Group atlas generation49

To facilitate downstream use and fair comparison, we developed a streamlined procedure to construct50

a group-level atlas from individual parcellations (Algorithm 1) . Given N subject-specific atlases with51

a common label system of K parcels, we generate a spatially contiguous group-level atlas through52

three steps:53

Step 1: Template label selection. We first identify a set of reliable voxels Vcore that are absent54

in at most α · N subjects (we use α = 0.2). For each voxel v ∈ Vcore, we form a label vector55

zv = [A(1)(v), A(2)(v), . . . , A(N)(v)], where A(i)(v) denotes the label assigned to voxel v in subject56

i. We sort all such vectors by frequency of occurrence, and select the top K vectors that have pairwise57

Hamming distance less than β ·N (we use β = 0.2) as the template label vectors {t1, . . . , tK}.58

Step 2: Voxel-to-template assignment. We then identify Vassign, the set of voxels absent in at59

most γ ·N subjects (with γ = 0.8), and assign each v ∈ Vassign to the template k that maximizes the60

agreement:61

L(v) = argmax
k

N∑
i=1

I[A(i)(v) = t
(i)
k ]

This results in a K-label volumetric map L that is not necessarily spatially contiguous.62

Step 3: Spatial contiguity enforcement. For each parcel k, we retain only its largest 6-connected63

component, and mark all other voxels in k as unlabeled. We then iteratively reassign these dropped64

voxels as follows: for each unlabeled voxel v with at least one labeled 6-connected neighbor, we65

compute the Hamming distance between zv and the label vectors {zu} of its labeled neighbors66

u ∈ N6(v). The voxel v is then assigned the same label as the neighbor u∗ with the smallest distance,67

i.e., L(v) = L(u∗). This process repeats until all voxels are labeled, resulting in a group-level atlas68

with K spatially contiguous and functionally consistent regions.69

Algorithm 1 Group-level atlas generation from individual parcellations

Require: Subject-wise atlases {A(1),A(2), . . . ,A(N)}, number of parcels K, thresholds α, β, γ
Ensure: Group-level atlas L

1: Identify Vcore ← {v : voxel absent in ≤ αN subjects}
2: For each v ∈ Vcore, construct label vector zv = [A(1)(v), . . . , A(N)(v)]
3: Count frequency of each zv; sort descending
4: Select top K vectors {t1, . . . , tK} with pairwise Hamming distance ≤ βN
5: Identify Vassign ← {v : voxel absent in ≤ γN subjects}
6: for all v ∈ Vassign do
7: Assign L(v)← argmaxk

∑N
i=1 I[A(i)(v) = t

(i)
k ]

8: end for
9: for all label k = 1 to K do

10: Keep largest 6-connected component of label k
11: Mark all other voxels in k as unlabeled
12: end for
13: while any voxel is unlabeled do
14: for all unlabeled voxel v do
15: if v has at least one labeled 6-neighbor then
16: Find u∗ = argminu∈N6(v), labeled Hamming(zv, zu)
17: Assign L(v)← L(u∗)
18: end if
19: end for
20: end while
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4 AtlaScore: atlas evaluation platform70

Due to space constraints, we have omitted the full set of results from the main text. In the Supple-71

mentary Material, we present detailed experimental designs and complete outcomes for 3 similarity72

evaluations and 12 downstream tasks (Table 6).73

Table 2: Experiment index, name, and description.

# Name Description
1 Similarity–Homogeneity Measure mean intra-cluster correlation
2 Similarity–Silhouette Compute silhouette coefficient over voxels
3 Similarity–DCBC 4.1 Evaluating brain parcellations using the distance-

controlled boundary coefficient [3]

4 Downstream–Gender classification 4.2 Predict biological sex using FC
5 Downstream–Fluid Intelligence 4.3 Predict fluid intelligence level using FC
6 Downstream-Cognitive task (7-way) 4.4 Classify 7 cognitive tasks using FC
7 Downstream-Cognitive task (24-way) 4.4 Classify 24 cognitive tasks using FC
8 Downstream-Autism diagnosis 4.5 Classify autism vs. healthy controls using FC
9 Downstream-AD diagnosis 4.6 Classify AD / MCI / CN using FC

10 Downstream-FC stability 4.7 Within-subject FC similarity
11 Downstream-Fingerprinting 4.8 Subject identification via FC matching
12 Downstream-Age group classification 4.9 Predict age group labels
13 Downstream-Crystallized intelligence 4.3 Predict crystallized intelligence level using FC
14 Downstream-General intelligence 4.3 Predict overall cognitive ability level using FC
15 Downstream-Autism cross-site 4.5 Cross-site classification of autism vs. healthy con-

trols using FC

4.1 Distance-controlled boundary coefficient (DCBC)74

In the main text, we have introduced Homogeneity and Silhouette in Section 3. Such conventional75

metrics overlook the intrinsic spatial smoothness of brain signals, often overestimating parcellation76

quality by conflating spatial proximity with functional similarity, especially in high-resolution77

cortical data, where false boundaries may emerge due to smoothness rather than genuine functional78

distinctions [3]. To mitigate this bias, DCBC groups vertex pairs based on their spatial separation and79

evaluates functional similarity differences between within- and between-parcel pairs at each distance80

level. The DCBC metric is formally defined as follows:81

DCBC =

N∑
i=1

widi, (1)

where per-bin correlation difference di = corrwithin(i) and corrbetween(i) are the mean functional82

correlations of within-parcel and between-parcel vertex pairs in the i-th spatial distance bin, respec-83

tively; The variance var(di) reflects how vertex pair counts (nw,i, nb,i) affect the reliability of di84

in each spatial bin, while the precision weights wi subsequently compensate for this uncertainty by85

assigning higher influence to bins with lower variance during DCBC computation. var(di) and wi86

take the following forms:87

var(di) =
nw,i + nb,i

nw,inb,i
, wi =

nw,i nb,i

nw,i + nb,i

N∑
j=1

nw,j nb,j

nw,j + nb,j

. (2)

By controlling for spatial distance in this way, DCBC disentangles true functional boundaries from88

artifacts of spatial smoothness, providing a more reliable parcellation assessment. In our evaluation89

process, all parameters followed the settings specified in [3]. However, we note that DCBC was90

mainly developed for surface-based parcellations and becomes computationally prohibitive at the fine91
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voxel resolution employed by DCA. Therefore, we computed DCBC scores by projecting volumetric92

atlases onto the cortical surface (fsLR 32k template) [4], analyzing only data from the left hemisphere.93

This surface-based approach exceeds the scope of our native volumetric framework.94

4.2 Gender classification95

We evaluated the ability of each atlas to support gender classification based on resting-state functional96

connectivity (FC). We used data from 100 unrelated subjects in the Human Connectome Project (HCP)97

[5], each contributing multiple FC samples constructed from 300 consecutive TRs of resting-state98

fMRI. For each atlas, FC matrices were computed and their upper-triangular entries were used as99

features.100

To ensure subject-level generalization, we performed 10-fold cross-validation across subjects: in101

each fold, 90 subjects were used for training and 10 for testing. A linear support vector classifier102

(SVC) was trained on the training set. If the FC dimensionality exceeded 100, we applied principal103

component analysis (PCA) to reduce dimensionality: features were projected onto the top 100104

principal components computed from the training data, and test samples were projected into the same105

subspace. Classification accuracy on the test subjects was recorded for each fold and averaged to106

obtain final performance.107

4.3 Fluid, crystallized, and general intelligence level prediction108

We evaluated whether atlas-based FC features can predict individual differences in fluid, crystallized,109

and general intelligence. We used the corresponding HCP behavioral score (CogFluidComp_AgeAdj,110

CogCrystalComp_AgeAdj, and CogTotalComp_AgeAdj) to define three classes: low (<85), medium111

(85–115), and high (>115) intelligence. Each subject contributed multiple FC samples from resting-112

state fMRI (300 TRs per sample). 10-fold cross-validation was performed across subjects, using a113

linear SVC. When the number of FC features exceeded 100, PCA was applied to project the data114

onto the top 100 principal components computed from the training set.115

4.4 Cognitive task classification116

We assessed whether atlas-based FC can distinguish different cognitive states using task-fMRI data117

from 100 HCP subjects. For the 7-class classification, each subject completed seven tasks—working118

memory, gambling, motor, language, social, relational, and emotional—each contributing one FC119

matrix. For the 24-class classification, we further segmented each task into its constituent conditions120

(e.g., 0-back faces, math, fear), resulting in 24 fine-grained task labels. Each subject contributed one121

FC matrix per task condition.122

We trained a linear SVC to predict the task label from FC features using 10-fold cross-validation123

across subjects. When the number of FC features exceeded 100, PCA was applied to project the data124

onto the top 100 principal components computed from the training set.125

4.5 Autism diagnosis and cross-site generalization126

We evaluated whether FC features can distinguish individuals with autism spectrum disorder (ASD)127

from healthy controls using resting-state fMRI data from the ABIDE dataset (n = 871) [6]. For128

each subject, an FC matrix was computed and used to train a linear SVC for binary classification.129

We considered two evaluation settings. In the first, we performed 10-fold cross-validation at the130

subject level to assess within-dataset classification performance. In the second, we tested cross-site131

generalization by holding out one acquisition site for testing while training on subjects from all other132

sites, repeating this procedure across all sites. When the number of FC features exceeded 100, PCA133

was applied to project the data onto the top 100 principal components computed from the training set.134

4.6 AD diagnosis135

We evaluated the ability of FC features to classify individuals into Alzheimer’s disease (AD), mild136

cognitive impairment (MCI), or cognitively normal (CN) groups. We used resting-state fMRI data137

from 267 subjects in the ADNI dataset [7], each labeled as AD, MCI, or CN. FC matrices were138
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computed for each subject and used to train a linear SVC for 3-class classification. 10-fold cross-139

validation was performed across subjects. When the number of FC features exceeded 100, PCA was140

applied to project the data onto the top 100 principal components computed from the training set.141

4.7 FC stability142

We evaluated the within-subject stability of FC to assess how consistently an atlas captures individual143

functional architecture [8]. We used resting-state fMRI data from 100 HCP subjects. Each fMRI144

scan was segmented into multiple non-overlapping windows of 300 TRs, and an FC matrix was145

computed per window. For each subject, we calculated the Pearson correlation between the vectorized146

upper triangles of all FC matrix pairs and averaged the resulting values to obtain a single stability147

score. These scores were then aggregated across all subjects to evaluate the group-level FC stability148

supported by each atlas.149

4.8 Fingerprinting150

To evaluate how well an atlas captures individual-specific features in FC, we conducted a subject151

identification (fingerprinting) task [9]. We used resting-state fMRI data from 100 subjects, each152

providing multiple FC matrices. For each subject, one FC was randomly selected as the reference.153

The remaining FCs were matched to all reference FCs by computing the Pearson correlation between154

the vectorized upper triangle of each pair. A prediction was considered correct if the most highly155

correlated reference FC belonged to the same subject as the query FC. Each subject’s identification156

accuracy was computed, and group-level performance was obtained by averaging across subjects.157

4.9 Age group classification158

We evaluated whether atlas-based FC features can predict individual differences in age group. We159

used the HCP-provided Age variable to assign subjects into three age groups: 21–25, 26–30, and160

31 years or older. Each subject contributed multiple FC samples from resting-state fMRI (300 TRs161

per sample). 10-fold cross-validation was performed across subjects, using a linear SVC. When the162

number of FC features exceeded 100, PCA was applied to project the data onto the top 100 principal163

components computed from the training set.164
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5 Complete DCA performance on AtlaScore165

5.1 Evaluation on different smoothing level166

In the main text, we evaluated similarity-related metrics using data smoothed with a 3mm FWHM167

kernel. Here, we additionally report the results obtained with unsmoothed data and data smoothed168

with a 6mm FWHM kernel. The overall conclusions remain consistent across different smoothing169

levels (Fig. 3, Table 3, and Table 4).170
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Figure 3: Homogeneity and silhouette measured over 100 HCP subjects on different smoothing
level.

Table 3: Evaluation on no smoothing data.

Metrics
Atlas Yeo Brodmann Schaefer DCA AAL Schaefer DCA Schaefer

7 17 41 100 100 116 120 166 200 200 300

Homogeneity ↑ 0.0110
±0.0058

0.0133
±0.0063

-
-

0.0172
±0.0068

0.0669
±0.0091

0.0100
±0.0043

0.0101
±0.0043

0.0103
±0.0043

0.0206
±0.0073

0.0717
±0.0095

0.0231
±0.0076

Silhouette ↑ 0.0067
±0.0023

0.0080
±0.0025

-
-

0.0099
±0.0025

0.0105
±0.0026

0.0057
±0.0014

0.0058
±0.0014

0.0062
±0.0014

0.0122
±0.0026

0.0148
±0.0032

0.0143
±0.0029

Metrics
Atlas MMP DCA Schaefer DCA Schaefer DCA Schaefer

360 360 400 500 500 600 700 800 800 900 1000

Homogeneity ↑ 0.0231
±0.0074

0.0774
±0.0099

0.0253
±0.0079

0.0270
±0.0081

0.0815
±0.0099

0.0285
±0.0083

0.0301
±0.0085

0.0314
±0.0086

0.0890
±0.0103

0.0327
±0.0088

0.0340
±0.0089

Silhouette ↑ 0.0158
±0.0028

0.0200
±0.0037

0.0163
±0.0031

0.0182
±0.0032

0.0242
±0.0041

0.0200
±0.0034

0.0218
±0.0035

0.0235
±0.0037

0.0340
±0.0063

0.0253
±0.0039

0.0268
±0.0041

Table 4: Evaluation on 6mm FWHM smoothed data.

Metrics
Atlas Yeo Brodmann Schaefer DCA AAL Schaefer DCA Schaefer

7 17 41 100 100 116 120 166 200 200 300

Homogeneity ↑ 0.1239
±0.0500

0.1472
±0.0512

0.1102
±0.0389

0.2102
±0.0537

0.2475
±0.0504

0.1434
±0.0413

0.1441
±0.0413

0.1476
±0.0411

0.2502
±0.0526

0.2909
±0.0503

0.2784
±0.0515

Silhouette ↑ 0.0727
±0.0171

0.0870
±0.0180

0.0560
±0.0109

0.1204
±0.0177

0.1203
±0.0159

0.0766
±0.0109

0.0773
±0.0108

0.0803
±0.0106

0.1439
±0.0159

0.1615
±0.0168

0.1639
±0.0155

Metrics
Atlas MMP DCA Schaefer DCA Schaefer DCA Schaefer

360 360 400 500 500 600 700 800 800 900 1000

Homogeneity ↑ 0.2682
±0.0491

0.3368
±0.0490

0.3016
±0.0504

0.3198
±0.0494

0.3671
±0.0472

0.3332
±0.0484

0.3473
±0.0476

0.3587
±0.0467

0.4159
±0.0441

0.3705
±0.0460

0.3809
±0.0451

Silhouette ↑ 0.1608
±0.0132

0.2041
±0.0155

0.1808
±0.0149

0.1956
±0.0143

0.2350
±0.0168

0.2054
±0.0135

0.2169
±0.0130

0.2265
±0.0126

0.2990
±0.0238

0.2361
±0.0122

0.2437
±0.0117
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5.2 DCBC performance across Atlases171

DCBC was mainly developed for surface-based parcellations and becomes computationally pro-172

hibitive at the fine voxel resolution employed by DCA. Therefore, we computed DCBC scores by173

projecting volumetric atlases onto the cortical surface (fsLR 32k template [4]), analyzing only data174

from the left hemisphere. This surface-based approach exceeds the scope of our native volumetric175

framework (Fig. 4 and Table 5 ).176

Yeo7 Yeo17 Brodmann DCASchaeferAAL1 AAL2 AAL3 MMP

Figure 4: DCBC measured over 100 HCP subjects at varying numbers of parcels.

Table 5: DCBC values and standard deviations for various atlases.

Atlas nParcels Value ValueStd

Yeo7 7 0.0234 0.0127
Yeo17 17 0.0172 0.0116
Brodmann 41 -0.0019 0.0050
Schaefer 100 0.0073 0.0051
DCA 100 0.0030 0.0055
AAL1 116 0.0051 0.0043
AAL2 120 0.0054 0.0043
AAL3 166 0.0057 0.0045
Schaefer 200 0.0045 0.0050
DCA 200 0.0023 0.0042
Schaefer 300 -0.0000 0.0049
MMP 360 0.0127 0.0095
DCA 360 0.0039 0.0049
Schaefer 400 -0.0021 0.0042
Schaefer 500 -0.0024 0.0051
DCA 500 0.0052 0.0046
Schaefer 600 -0.0018 0.0044
Schaefer 700 -0.0038 0.0057
Schaefer 800 -0.0046 0.0073
DCA 800 0.0075 0.0041
Schaefer 900 -0.0064 0.0069
Schaefer 1000 -0.0044 0.0065

5.3 Downstream task performance across atlases177

In the main paper, we visualized the performance of 16 atlases on 6 downstream tasks using radar178

plots. However, the results for the 24-way cognitive task classification may have underestimated the179

differences between atlases and failed to highlight the strengths of certain methods. Here, we refine180

our evaluation and provide an updated visualization in Fig. 5. As shown, our proposed DCA atlas181

achieves consistently strong performance across all resolution levels, while traditional atlases often182

underperform by comparison.183
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Figure 5: Performance of DCA and baseline atlases across different spatial resolutions on six
downstream tasks: (1) gender classification from resting-state FC (HCP), (2) fluid intelligence level
prediction from resting-state FC (HCP), (3) classification of 7 cognitive tasks from task-based FC
(HCP), (4) classification of 24 cognitive tasks from task-based FC (HCP), (5) autism diagnosis
from resting-state FC (ABIDE), (6) AD diagnosis from resting-state FC (ADNI). DCA achieves
competitive or superior performance at each resolution level. Values are linearly scaled per task with
0 and 1 corresponding to the lowest and highest performing atlases, respectively.

Due to space constraints, only a subset of results was included in the main text. Here, we provide184

the complete evaluation on all 12 downstream tasks across 16 atlases (Table 6). Results are reported185

as mean ± standard deviation, averaged over 10-fold cross-validation or subject-level evaluation.186

Within each resolution group, the best-performing atlas for each task is highlighted in bold.187
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6 Main task ablation188

6.1 Effect of DCA framework189

In the main text, we report ablation results on 20 subjects. Here, we extend the same analysis to the190

full cohort of 100 subjects used in our primary experiments, and find that the conclusions remain191

fully consistent with those presented earlier.192

First, we applied (1) K-Means clustering and (2) the same graph construction and graph-cut pipeline193

from our method directly to the raw fMRI time series. This baseline highlights the necessity of our194

pretrained encoder for extracting informative features. Second, we ran both (3) K-Means and (4)195

the same graph cut pipeline on the encoded embeddings without the KL-guided joint optimization196

of encoder parameters and centroids, isolating the impact of our graph-guided deep clustering197

mechanism. In both ablations, all similarity metrics (homogeneity and silhouette) drop noticeably198

below those of (5) the full DCA model (Fig. 6 and Table 7). Moreover, K-Means fails to produce199

spatially contiguous parcels. And graph-cut improves continuity, but it still yields isolated regions. In200

contrast, DCA’s iterative KL-driven refinement—which alternates updating graph weights, encoder201

parameters, and cluster centers—produces brain atlases that are highly homogeneous. Across five202

experimental settings, we measured the average number of connected components per parcel as203

follows: (1) yielded 447.90 components, (2) yielded 8.92, (3) yielded 322.32, (4) yielded 4.94, and204

(5) our DCA method yielded just 1.0052 components per parcel. These results demonstrate that DCA205

produces nearly fully contiguous parcels in contrast to the highly fragmented outputs of the baselines206

(Fig. 6). The few residual disconnections occur primarily along deep cortical sulci and could be207

readily eliminated via lightweight post-processing or by enforcing connectivity in the group-atlas208

construction.209

Silhouette coefficientHomogeneity

KMeans 

on fMRI
Graph cut 

on fMRI

KMeans on 

embeddings

Graph cut on 

embeddings
Ours

Figure 6: Directly apply-
ing K-means or graph-
cut method to the raw
fMRI time-series or em-
beddings produces parcel-
lations with substantially
lower homogeneity and sil-
houette scores than our it-
eratively optimized method.
Moreover, K-means on the
unprocessed signals can-
not guarantee spatially con-
tiguous regions, and while
graph-cut method can par-
tially enforce contiguity, it
still fails to produce fully
continuous parcels. Our
method yields brain atlases
that are both highly ho-
mogeneous and spatially
contiguous.

Table 7: Evaluation for fMRI and Embedding-based Clustering with KMeans, Graph Cut, and DCA.

Homogeneity Silhouette connected components per parcel

fMRI KMeans 0.0740±0.0186 0.0061±0.0045 447.90
Graph Cut 0.0860±0.0201 0.0179±0.0053 8.92

Embedding KMeans 0.0790±0.0203 0.0154±0.0073 322.32
Graph Cut 0.0897±0.0210 0.0208±0.0061 4.94

DCA 0.1004±0.0216 0.0304±0.0068 1.0052
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6.2 Regularization and reconstruction loss210

We investigated whether incorporating an orthogonality regularizer or a reconstruction loss would211

further improve parcellation quality (Table 8). Applying these augmented objectives to the same 100212

subjects used in our main experiments yielded no statistically significant gains in homogeneity or213

silhouette coefficient for 100 parcels, indicating that the core KL-based clustering loss is sufficient to214

drive optimal voxel-level atlas generation.215

orthogonal loss The orthogonality regularizer is defined on the centroid matrix D ∈ RK×d (with216

unit-norm rows) as follows. Let217

G = DD⊤ (∈ RK×K)

be the Gram matrix of pairwise inner products. We zero out the diagonal to isolate off-diagonal218

similarities:219

Goff = G− IK .

The orthogonality loss then penalizes the mean absolute off-diagonal entry via220

R⊥(D) =

√
1

K(K − 1)

∑
i ̸=j

(
Goff

)
ij
.

MinimizingR⊥ encourages the rows of D to remain mutually orthogonal.221

masked reconstructed loss We only consider the reconstruction of non-background voxels.222

Lmasked_MSE =


∑N

i=1(1−mi)
(
x̂i − xi

)2∑N
i=1(1−mi)

, if
∑N

i=1(1−mi) > 0,

0, otherwise,

where x̂i and xi are the predicted and target values at voxel i, respectively, and mi ∈ {0, 1} is the223

binary mask indicating background (mi = 1) or foreground (mi = 0).224

Table 8: Ablation study on orthogonality and masked reconstruction loss components.

Loss Homogeneity SilhouetteKL Orthogonality Reconstruction

✓ 0.1002±0.0214 0.0301±0.0066
✓ ✓ 0.0890±0.0091 0.0267±0.0045
✓ ✓ 0.1004±0.0215 0.0304±0.0067
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6.3 Clustering on different smoothing level225

To improve signal quality and spatial coherence, we applied spatial smoothing using AFNI’s226

3dBlurToFWHM [10], targeting a 3 mm full width at half maximum (FWHM). The preprocessed227

volumetric images were resampled to 2 mm isotropic resolution. This follows the common practice228

of setting the smoothing kernel to approximately 1.5 times the image resolution. For comparison, we229

also present results under two additional conditions: no smoothing and 6 mm FWHM smoothing.230

And there is no significant difference (Table 9).231

Table 9: Evaluation of similarity metrics across smoothing levels and parcel resolutions.

Metrics
Raw 100 200 360 500 800

Homogeneity ↑ 0.1004
± 0.0216

0.1127
± 0.0225

0.1266
± 0.0229

0.1363
± 0.0228

0.1535
± 0.0226

Silhouette ↑ 0.0305
± 0.0068

0.0422
± 0.0094

0.0554
± 0.0085

0.0647
± 0.0090

0.0883
± 0.0114

Metrics
FWHM 3mm 100 200 360 500 800

Homogeneity ↑ 0.1004
± 0.0216

0.1127
± 0.0225

0.1266
± 0.0230

0.1364
± 0.0229

0.1536
± 0.0227

Silhouette ↑ 0.0304
± 0.0068

0.0417
± 0.0078

0.0545
± 0.0080

0.0644
± 0.0086

0.0866
± 0.0114

Metrics
FWHM 6mm 100 200 360 500 800

Homogeneity ↑ 0.1005
± 0.0217

0.1128
± 0.0225

0.1267
± 0.0229

0.1364
± 0.0229

0.1536
± 0.0227

Silhouette ↑ 0.0306
± 0.0069

0.0419
± 0.0078

0.0546
± 0.0081

0.0642
± 0.0083

0.0868
± 0.0102

6.4 Choice of graph cut method232

In addition to spectral clustering, we evaluated several graph-cut algorithms (Fig. 7 and Table 10).233

However, most failed to guarantee that each resulting parcel forms a single connected subgraph,234

leading to fragmented regions. Here, we use a breadth-first search (BFS) based algorithm. The235

weighted BFS–connected clustering algorithm begins by converting the input edge list and weights236

into an undirected adjacency list, then randomly seeds k initial clusters by assigning one unique node237

to each cluster. Each cluster maintains a max-heap of its unassigned neighboring nodes, prioritized by238

edge weight. Clusters then grow in parallel: at each step, a cluster pops the highest-weight neighbor239

from its heap, claims that node (if unassigned), and pushes all of its unassigned neighbors onto the240

heap. To enforce roughly equal cluster sizes, each cluster stops growing once it reaches ⌈N/k⌉. If241

any nodes remain unassigned after this frontier-driven expansion, they are absorbed into the smallest242

adjacent cluster. By always selecting the strongest edges first and only adding connected nodes, this243

method produces contiguous clusters that respect the underlying graph’s weighted connectivity.244

6.5 Choice of gray matter mask245

In the main text, the corresponding ROI masks are extracted from FreeSurfer’s aparc+aseg.mgz [2].246

Here, we show the result (Table 11) by defining the ROI with the same mask to MMP [11]and Schaefer247

al [12]. DCA still shows higer homogeneity and silhouette coefficients compared to corresponding248

atlas.249
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Yeo7 Yeo17 Brodmann DCASchaeferAAL1 AAL2 AAL3 MMP BFS

Silhouette coefficient

Homogeneity

Figure 7: Homogeneity and Silhouette coefficients for weighted BFS–connected clustering and
baselines, measured over 100 HCP subjects at varying numbers of parcels.

Table 10: Evaluation of similarity metrics across graph cut methods and parcel resolutions.

Metrics
graph 100 200 360 500 800

Homogeneity ↑ 0.1004
± 0.0216

0.1127
± 0.0225

0.1266
± 0.0230

0.1364
± 0.0229

0.1536
± 0.0227

Silhouette ↑ 0.0304
± 0.0068

0.0417
± 0.0078

0.0545
± 0.0080

0.0644
± 0.0086

0.0866
± 0.0114

Metrics
mst 100 200 360 500 800

Homogeneity ↑ 0.0930
± 0.0204

0.1026
± 0.0210

0.1134
± 0.0215

0.1210
± 0.0219

0.1341
± 0.0222

Silhouette ↑ 0.0223
± 0.0052

0.0308
± 0.0061

0.0407
± 0.0065

0.0479
± 0.0069

0.0607
± 0.0072

Table 11: Evaluation of Similarity Metrics on Schaefer, DCA, MMP, and DCA360 with Gray Matter
Masks

Schaefer100 DCA100 MMP DCA360
Homogeneity 0.0885±0.0212 0.1004±0.0216 0.1212±0.0211 0.1266±0.0230

Silhouette 0.0191±0.0076 0.0304±0.0068 0.0470±0.0066 0.0545±0.0080
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8 Spatiotemporal masking strategy259

To ensure that masked regions form contiguous blocks in the high-resolution volume, we first spatially260

downsample the original 96 × 96 × 96 grid by a factor of 16 along each axis, yielding a coarse261

6× 6× 6 volume (time dimension T unchanged). We then sample two independent binary masks on262

this downsampled grid: a spatial mask with fraction xs of voxels set to zero, and a temporal mask263

with fraction xt of frames set to zero. We choose xs and xt so that the overall masking ratio satisfies264

(1− xs) (1− xt) = 1− r, (3)

where r is the desired fraction of masked spatiotemporal volume (e.g. r = 0.8 for 80% masking [13]).265

Finally, we upsample these binary masks back to the original resolution by expanding each down-266

sampled voxel mask to a 163 block in space and each temporal mask entry to the corresponding267

contiguous frames. Applying the resulting mask to the full-resolution data yields large, continuous268

spatiotemporal occlusions, encouraging the encoder to reconstruct missing patches using both local269

and long-range context.270

t = 0 t = 1 t = 2 t = nS
p
a
ti
a
l 
m

a
s
k
 r

a
te

 x
s

Spatial mask rate xt
fMRI masked

Figure 8: Illustration of the spatiotemporal masking scheme. We first select a fixed subset comprising
xs of spatial voxels and mask them to zero across all time steps; additionally, we mask all voxels at a
fraction xt of temporal frames to zero.
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9 Data organization271

There are two parts in our repository, DCA and ATlaScore. Pleas follow https://anonymous.272

4open.science/r/DCA-03B1 for details.273

9.1 DCA274

The codes for pretraining and personalized clustering. One example subject is provided.275

DCA/
data/

fmri/
mask/
sub_test.txt
swin_model_epoch_30.pth

results/
demo/

ablation_fmri.py
main.py
utils.py
swin_unetr.py

9.2 AtlaScore276

The codes for evaluating atlases. The volumetric Homogeneity and Silhouette evaluations, as well277

as the surface-based DCBC evaluation, are provided. All 12 downstream tasks are implemented in278

downstream/, with FC features for DCA100 provided as an example.279

AtlaScore/
similarity/

compute_adj.py
eva.py
eva_DCBC.py

downstream/
docs/
fc_data/
nii_data/
downstream.py
demo.ipynb
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