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Abstract. Constructing a four-dimensional (4D) infant cerebellum at-
las is critical for modeling spatiotemporal brain development and iden-
tifying early cerebellar abnormalities. However, this task is particularly
challenging due to extremely complex folia folding patterns, dynamic
growth, rapid myelination, and pronounced variations in MR image ap-
pearance across developmental stages. These factors compromise popula-
tion‑level anatomical correspondences and introduce longitudinal incon-
sistencies, causing existing atlas construction methods to produce blurred
tissue boundaries and fail to preserve fine‑grained cerebellar structures.
To address these challenges, we propose a structure-preserving and cycle-
consistent atlas learning (SCALE) framework for 4D infant cerebellum
atlas construction. SCALE jointly optimizes atlas generation and de-
formable registration through a dual-network architecture. Specifically,
it incorporates a Hessian-based enhanced structural representation that
effectively captures the accordion‑like laminar sheets of cerebellar folia,
enabling more accurate alignment. To promote longitudinal consistency,
SCALE introduces a cross-temporal cycle-consistency constraint that
forms closed deformation loops. This constraint enforces agreement be-
tween direct within-subject longitudinal transformation paths and atlas-
mediated transformation paths, thereby regularizing atlas evolution to
be consistent with individual growth trajectories. Extensive experiments
on the UNC/UMN Baby Connectome Project dataset demonstrate that
SCALE generates a high‑fidelity 4D infant cerebellum atlas with sharper
structural details, more stable population‑level alignment, and greater
longitudinal consistency across development. These improvements may
facilitate early detection of atypical developmental deviations of the cere-
bellum.
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1 Introduction

The cerebellum, also known as the“little brain”, plays a crucial role in senso-
rimotor coordination, cognitive development, and the emergence of higher-order
functions [16,26]. Accurately modeling its spatiotemporal developmental tra-
jectories during infancy is essential for understanding early brain organization
and identifying deviations associated with neurodevelopmental disorders [20,9].
A four-dimensional (4D) infant cerebellum atlas provides a powerful represen-
tation for capturing population-level commonality, variability, and longitudinal
changes [24]. However, the cerebellum exhibits extremely fine-grained and highly
folded folia structures, whose rapid growth, dynamic myelination, and substan-
tial variations in MR imaging appearance make the estimation of anatomical
correspondences and the maintenance of longitudinal consistency particularly
challenging [11,8,18].

To address the structural complexity and appearance variations, many stud-
ies have explored the use of auxiliary anatomical priors. For example, tissue
segmentation maps have been incorporated to guide atlas building [19,22]. How-
ever, such priors alone are insufficient for the cerebellum, as tissue segmentation
maps provide only limited representation of the fine-grained geometry of cere-
bellar folia, which form thin, accordion-like laminar sheets with complex folding
and branching patterns that vary substantially across subjects [23]. Given the
uniquely folded structure of the cerebellum, a Hessian-based enhanced structural
representation, which inherently captures the accordion‑like laminar sheets of
cerebellar folia, offers a more direct descriptor of cerebellar geometry. Instead
of being treated as independent output channels during atlas construction, Hes-
sian‑based features should be derived from the atlas intensity itself to provide
meaningful geometric supervision. Beyond structural priors, longitudinal con-
sistency has not been adequately explored. Existing efforts have largely been
limited to cross-temporal atlas alignment [8] and do not exploit the fact that
within-subject longitudinal registration is inherently more accurate and reliable
than atlas-to-subject alignment, particularly given the highly folded and subject-
specific patterns of cerebellar folia. To this end, we leverage direct within-subject
longitudinal transformation to supervise atlas-mediated transformation paths,
thereby encouraging atlas evolution to remain consistent with individual devel-
opmental trajectories.

Overall, we propose a structure-preserving and cycle-consistent atlas learning
(SCALE) framework for constructing a longitudinally consistent infant cerebel-
lum atlas. The main contributions of this work are as follows:

1. We integrate a Hessian-based enhanced structural representation derived
directly from the atlas intensity volume to preserve cerebellar folia geometry,
enabling robust population-level alignment despite the highly intricate and
rapidly evolving folia patterns in infancy.

2. We introduce a cross‑temporal cycle‑consistency constraint that constructs
closed deformation loops. By enforcing agreement between within‑subject
longitudinal registration and atlas‑mediated transformation paths, this con-
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straint effectively guides and regularizes atlas evolution, yielding a sharper,
longitudinally more consistent, and anatomically more meaningful atlas.

3. Extensive experiments on the UNC/UMN Baby Connectome Project dataset
demonstrate that SCALE produces a high-fidelity 4D infant cerebellar atlas
with sharper structures, clearer folia delineation, and more stable population-
level alignment and longitudinal consistency across development.

2 Method

Fig. 1. Overview of the proposed SCALE framework. For a subject s, xs
i and xs

j denote
scans acquired at two different time points. The atlas-generation network predicts an
Agei-conditioned residual to refine a rough atlas, and a Hessian-based map is derived
from the generated intensity for structural guidance. In the cycle-registration network,
the purple, blue, and red paths represent atlas-to-xs

i , atlas-to-xs
j , and xs

i -to-xs
j regis-

trations, respectively, while the green path forms a cycle that enforces cross-temporal
cycle-consistency.

2.1 Network Overview

Fig. 1 illustrates the architecture of our structure-preserving and cycle-consistent
atlas learning (SCALE) framework. SCALE utilizes a dual-network architec-
ture consisting of an atlas generation network (AG-Net) and a cycle-registration
network (CR-Net), which are jointly optimized. The model takes as inputs
xs
i = (Is

i ,S
s
i ,H

s
i ) together with the associated age Agei, and optionally a

paired longitudinal scan xs
j at time j. Here, Is

i ,S
s
i , and Hs

i denote the in-
tensity volume, tissue segmentation map, and Hessian eigenvalue map, respec-
tively. SCALE consists of an atlas-generation module Ai = fθA

(Agei) and a
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registration module hθϕ
(·, ·). The atlas generator synthesizes the age-specific at-

las Ai = (IAi
,SAi

,HAi
), while the Hessian eigenvalue map HAi

is computed
from the intensity volume IAi . The registration module is a single UNet-like net-
work invoked three times with shared parameters to estimate the deformation
fields required for atlas-to-subject and within-subject longitudinal registration.
For example, hθϕ

(Ai,x
s
i ) predicts the stationary velocity field ϕi that warps

the atlas to the subject scan xs
i . The remaining registration steps used for cycle

construction are described in the following subsections.

2.2 Atlas-generation Network (AG-Net)

AG-Net follows the conditional atlas-generation design used in AtlasMorph [19],
where the atlas is synthesized from an age-conditioned latent representation.
Given the input age Agei, the network generates multi-channel atlas outputs,
including the intensity volume and the tissue segmentation map.

To further preserve fine-scale cerebellar folia geometry, AG-Net additionally
incorporates a Hessian-based enhanced structural representation that is ana-
lytically derived from the generated intensity volume. Specifically, the voxel-
wise Hessian matrix is computed from the second-order spatial derivatives of
the Gaussian-smoothed intensity volume at multiple scales. Following eigen-
decomposition, at each voxel and scale, we select the eigenvalue with the largest
absolute magnitude while retaining its sign, thereby capturing strong second-
order responses associated with thin and highly folded cerebellar structures.
The responses across scales are subsequently fused by selecting, at each voxel,
the signed response with the largest absolute magnitude, yielding the final Hes-
sian representation HAi

[12]. This Hessian-based representation provides robust
geometric cues for downstream losses, enabling sharper folia delineation and im-
proved anatomical consistency between the atlas and the subject.

2.3 Cycle-registration Network (CR-Net)

The registration component, CR-Net, is a UNet-based convolutional network
following the VoxelMorph architecture [7]. Given a pair of 3D volumes, CR-
Net predicts a stationary velocity field, which is integrated via the scaling-and-
squaring method [2] to obtain forward and inverse deformation fields.

As shown in Fig. 1, CR‑Net is invoked three times with shared parameters
θϕ to estimate the deformation fields required for cycle‑consistent learning. The
purple and blue paths compute the atlas‑to‑subject fields ϕi and ϕj , mapping Ai

to xs
i and xs

j , respectively. The red path yields the within‑subject deformation
field ϕij , directly registering the two time points of the same subject. These
fields are coupled through the green path to form a closed deformation loop.
When longitudinal pairs are unavailable, only the purple path is used.

Due to subject-specific cerebellar folding, direct registration between two
time points of the same subject is typically more reliable than aligning the atlas
to a subject. We therefore use ϕij as a supervisory signal to regularize the at-
las‑mediated fields ϕi and ϕj , enforcing consistency between direct longitudinal
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transformations and atlas‑based deformation paths to improve atlas sharpness.
By jointly aligning the atlas to longitudinal scans at different ages, this con-
straint guides and stabilizes atlas evolution across developmental stages and
yields a more longitudinally consistent atlas.

2.4 Loss Functions

We jointly optimize atlas-to-subject and within-subject longitudinal registrations
by maximizing multi-channel alignment while enforcing smooth and unbiased
deformations. Specifically, we encourage agreement between each subject and
the warped atlas across the intensity volume, tissue segmentation map, and
Hessian eigenvalue map, while simultaneously maximizing alignment between
subject pairs to provide more reliable cross-temporal correspondences that guide
atlas-mediated transformations.

The overall loss is defined as

L = Lsim + λ1Lreg + λ2Lcen + λ3Lcyc. (1)

The similarity term measures multi-channel agreement for both atlas-to-
subject and within‑subject registrations. Since the inputs are multi-channel, we
adopt channel-specific similarity metrics: normalized cross-correlation [3] for in-
tensity volume, Dice loss [5] for tissue segmentation map, and mean squared
error [17] for Hessian eigenvalue map. For example, the similarity between the
atlas Ai and subject scan xs

i is Lsim = −Llncc(IAi
◦ ϕi, I

s
i ) − γ1Ldice(SAi

◦
ϕi,S

s
i ) + γ2Lmse(HAi

◦ ϕi,H
s
i ), where I, S, and H denote the intensity vol-

ume, tissue segmentation map, and Hessian eigenvalue map, respectively, and
ϕi warps the atlas into the space of subject xs

i . The full similarity loss sums
analogous terms over all atlas-to-subject and within‑subject registrations.

To ensure physically plausible transformations, we penalize spatial gradients
of the displacement fields [6,10], Lreg = ||∇ui||22 + ||∇uj ||22 + ||∇uij ||22, where
u = ϕ− Id is the displacement field and Id denotes the identity transform.

To maintain an unbiased atlas located near the geometric center of the popu-
lation, we use the scaling-and-squaring method [2] to obtain inverse deformation
fields in the atlas space and encourage the average inverse displacement to be
close to zero [19]: Lcen = || 1K

∑K
k=1 u

−1
i,k ||22, where u−1

i = ϕ−1
i − Id. The K

deformation fields correspond to subjects from adjacent developmental stages,
preventing the atlas from drifting toward any single subject.

To enforce agreement between direct within‑subject registration and atlas-
mediated deformation paths, we introduce a cycle-consistency loss:

Lcyc = Lmse(ϕij ,ϕ
−1
i ◦ ϕj), (2)

where ϕij denotes the direct deformation from subject scan xs
i to xs

j , while
ϕ−1

i ◦ ϕj represents the composite transformation through the atlas. Leverag-
ing reliable within‑subject longitudinal registration, this constraint promotes
consistent mapping and regularizes atlas evolution, yielding sharper and more
longitudinally consistent atlases.
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3 Experiments
3.1 Dataset and Preprocessing
Our 4D infant cerebellum atlas is constructed from MRI scans provided by
the publicly available UNC/UMN Baby Connectome Project (BCP) [14]. The
dataset contains 519 T1‑weighted images from 255 infants, including 145 infants
(56.9%) with longitudinal follow‑up scans. All scans were acquired at an isotropic
resolution of 0.8 × 0.8 × 0.8mm3 and preprocessed using iBEAT V2.0 [25,21].
Each volume was then affinely aligned to the averaged 24‑month image space
using ANTs [4]. A rough initial atlas was obtained by voxel‑wise averaging across
all training scans. For quantitative evaluation, the dataset was split into training
and testing sets in a 9:1 ratio at the subject level, with no infant appearing in
both sets to prevent longitudinal data leakage.

3.2 Experimental Settings
Training Details. We optimized the model using the Adam [15] optimizer with
a learning rate of 0.0001 and trained it for 1,000 epochs until convergence. Loss-
weight hyperparameters were selected via grid search, yielding λ1 = 1, λ2 = 0.1,
λ3 = 0.1, γ1 = 0.5, and γ2 = 0.8. The cycle‑consistency loss is applied only when
longitudinal scans are available, and longitudinal pairs with sufficiently large
anatomical differences are selected to avoid degenerated identity mappings. To
prevent conditional atlases from being biased, we follow prior work [19] and com-
pute the centering loss only within local temporal neighborhoods. With a batch
size of 8, the centering term is evaluated within each mini-batch. Additional
implementation details will be provided in the publicly released code.

Comparison Methods. We compare SCALE with several state-of-the-art at-
las construction frameworks: (1) ANTs [4]: a widely used symmetric groupwise
normalization (SyGN) framework implemented in the ANTs package. (2) Atlas-
Morph [19]: a conditional atlas construction method that introduces a temporal
neighborhood-based centrality loss to improve atlas centrality. (3) DACN [8]:
an atlas-building framework that integrates longitudinal deformable registration
to produce anatomically plausible atlas. (4) MultiMorph [1]: a fast feedforward
framework that generates population-specific anatomical atlas in a single pass.
To ensure fairness, all comparison methods use the same multi-channel inputs
as our approach.

Evaluation. To quantitatively assess atlas quality, we performed a segmentation-
transfer experiment, in which atlas labels were warped to each subject image us-
ing a separately trained VoxelMorph model. Anatomical alignment was evaluated
using Dice scores [5] and the average symmetric surface distance (ASSD) [13].
Field regularity and topological correctness were assessed by computing the Ja-
cobian determinant, |Jϕ|, of the deformation field ϕ , where voxels with |Jϕ| ≤ 0
indicate local folding errors. We further quantified atlas centrality by measuring
the mean squared displacement magnitude of the mean displacement field ∥u∥22.
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Table 1. Comparison of registration accuracy using different atlases.

Methods Dice ↑ ASSD (mm) ↓ Folds ↓ Centrality ↓

ANTs 0.730 ± 0.024 0.616 ± 0.064 1.015 ± 0.171 0.102 ± 0.035
AtlasMorph 0.773 ± 0.018 0.544 ± 0.055 68.422 ± 31.114 0.087 ± 0.021

DACN 0.780 ± 0.020 0.424 ± 0.053 6.640 ± 1.935 0.091 ± 0.037
MultiMorph 0.781 ± 0.018 0.403 ± 0.050 1.241 ± 0.153 0.050 ± 0.008

SCALE 0.803 ± 0.019 0.232 ± 0.046 1.141 ±0.213 0.048 ± 0.009

3.3 Results

Fig. 2. Visual comparison of atlases, tissue segmentation maps, and the 24‑month (24
M) white‑matter surface (rightmost column) generated by different methods.

Table 1 summarizes the quantitative results on the BCP dataset [14]. Atlases
with clearer anatomical structures generally yield higher registration accuracy.
Although all competing methods use the same multi-channel inputs, our ap-
proach achieves the best Dice scores and ASSD performance, while maintaining
deformation-field plausibility comparable to other state-of-the-art methods. In
terms of atlas centrality, our method surpasses ANTs and performs comparably
to AtlasMorph and MultiMorph. Fig. 2 shows the atlases produced by different
methods. The atlas generated by our model exhibits sharper and more coherent
anatomical structures.

By leveraging longitudinal registration as a reliable supervisory signal, the
cycle-consistency term regularizes atlas evolution and helps produce clearer and
more developmentally consistent atlases. As shown in Fig. 3, registering subjects
to their age‑matched atlases reveals a clear upward trend in Dice scores with in-
creasing age. This indicates that the atlases generated by our method become
progressively sharper and more structurally coherent over developmental stages.
A similar trend can be observed in DACN, although our method consistently
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Table 2. Quantitative ablation results of the proposed components.

Methods Dice ↑ ASSD (mm) ↓ Folds ↓ Centrality ↓

Baseline 0.773 ± 0.018 0.544 ± 0.055 68.422 ± 31.114 0.087 ± 0.021
w/ H-Direct 0.781 ± 0.021 0.446 ± 0.049 1.045 ± 0.203 0.055 ± 0.010

w/ H-Derived 0.796 ± 0.018 0.236 ± 0.041 0.912 ± 0.210 0.057 ± 0.009
w/ Cycle 0.786 ± 0.019 0.336 ± 0.049 1.432 ± 0.203 0.047 ± 0.005

SCALE 0.803 ± 0.019 0.232 ± 0.046 1.141 ±0.213 0.048 ± 0.009

achieves higher accuracy across all ages. In contrast, MultiMorph, AtlasMorph,
and ANTs exhibit a noticeable decline in Dice scores around 12–18 months. This
degradation suggests that the atlases produced by these methods become less
anatomically reliable at certain stages, likely due to subgroup‑induced struc-
tural inconsistencies that blur fine-grained folia patterns. To further evaluate
robustness and generalizability, we perform external validation on a cohort of
40 atypical infant scans without tissue segmentation. After aligning each scan
to its age-matched atlas, we compute the Pearson correlation coefficient be-
tween each pair of warped images. Our method achieves 0.953± 0.006, which is
significantly higher than MultiMorph (0.949±0.007), DACN (0.950±0.008), At-
lasMorph (0.946±0.010), and ANTs (0.944±0.010) (p<0.05), indicating sharper
structural detail and more reliable population‑level alignment across atypical
subjects.

Fig. 3. Dice trajectories across five ages for different methods.

Table 2 reports the ablation results for each model component. Using the Hes-
sian eigenvalue map as an additional output channel (w/ H-Direct, row 2) yields
only marginal improvement. In contrast, constraining learning with a Hessian
eigenvalue map derived from the generated atlas intensity volume (w/ H-Derived,
row 3) leads to a clear performance gain, indicating more effective supervision.
We attribute this to the fact that deriving the Hessian map from the inten-
sity volume allows gradients to propagate more directly to the T1w generation
branch. Rows 3 and 4 correspond to the two configurations of our method, each
contributing to sharper and more anatomically coherent atlases.
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4 Conclusion

In this study, we introduce a structure-preserving and cycle-consistent frame-
work for 4D infant cerebellum atlas construction, leveraging unique anatomi-
cal and geometric characteristics of the cerebellum and informative longitudi-
nal scans. By integrating a Hessian-based enhanced structural representation
and cross-temporal cycle-consistency, our method produces atlases with sharper
anatomical structures and markedly improved longitudinal consistency. Experi-
ments on the BCP dataset show that SCALE achieves higher registration accu-
racy than competing approaches while maintaining plausible deformations and
strong atlas centrality.
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