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Abstract

We present MultiMorph, a fast and efficient method for con-
structing anatomical atlases on the fly. Atlases capture the
canonical structure of a collection of images and are es-
sential for quantifying anatomical variability across popu-
lations. However, current atlas construction methods often
require days to weeks of computation, thereby discouraging
rapid experimentation. As a result, many scientific studies
rely on suboptimal, precomputed atlases from mismatched
populations, negatively impacting downstream analyses.
MultiMorph addresses these challenges with a feedfor-
ward model that rapidly produces high-quality, population-
specific atlases in a single forward pass for any 3D brain
dataset, without any fine-tuning or optimization. Multi-
Morph is based on a linear group-interaction layer that ag-
gregates and shares features within the group of input im-
ages. Further, by leveraging auxiliary synthetic data, Mul-
tiMorph generalizes to new imaging modalities and popu-
lation groups at test-time. Experimentally, MultiMorph out-
performs state-of-the-art optimization-based and learning-
based atlas construction methods in both small and large
population settings, with a 100-fold reduction in time. This
makes MultiMorph an accessible framework for biomedical
researchers without machine learning expertise, enabling
rapid, high-quality atlas generation for diverse studies.

1. Introduction

We present MultiMorph, a rapid and flexible method for
constructing anatomical atlases. An atlas, or deformable
template, is a reference image that represents the typical
structure within a collection of related images. In biomed-
ical imaging studies, atlases facilitate studying anatomical
variability within and across population groups by serving
as as a common coordinate system for key image analy-
sis tasks such as segmentation [5, 26, 30, 82], shape analy-
sis [1, 25, 52, 62], and longitudinal modeling [36, 66, 67].

Traditional unbiased atlas construction for a population
involves solving a computationally intensive iterative opti-

mization problem that often requires several days or weeks
of computation. The optimization alternates between align-
ing (registering) all images to the estimated atlas and updat-
ing the atlas in both shape and appearance by averaging the
images mapped to the intermediate atlas space [7, 48]. Re-
cent learning-based methods employ a target dataset to ex-
plicitly learn an atlas jointly with a registration model [18,
22], yet still require days of training. This necessitates
computational infrastructure and machine learning exper-
tise that is unavailable to many biomedical researchers.

Regardless of strategy, an atlas produced from one popu-
lation of images may not be appropriate for populations that
differ from the group used to build the atlas. Re-estimating
the atlas is often required for each new experiment. These
computational challenges are further compounded by the
need to construct atlases for specific image types as many
biomedical studies acquire several imaging modalities to
highlight different biomedical properties of interest. The
repeated, prohibitive computational cost of producing a
new atlas leads most scientists to use existing atlases that
might not be appropriate for their population group or
modality, thereby negatively impacting the analyses in
these studies [56].

To meet these challenges, we introduce MultiMorph, a
machine learning model that constructs atlases in a sin-
gle forward pass, requiring only seconds to minutes of
computation on a CPU, and no machine learning exper-
tise to use. MultiMorph efficiently generates population-
and subgroup-specific atlases, enabling accurate and fine-
grained anatomical analyses. We employ a convolutional
architecture that processes an arbitrary number of images
and computes a set of regularized deformation fields that
align the group of images to an atlas space central to that
group. The proposed method uses a nonparametric convo-
lutional operation that interacts the intermediate represen-
tations of the input images with each other, summarizing
and aggregating shared features. Further, by training on
diverse imaging modalities alongside supplementary syn-
thetic neuroimaging volumes [28], MultiMorph generalizes
to arbitrary imaging modalities at test time. We also intro-
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duce a centrality layer that ensures that the estimated atlases
are unbiased [48]. As a result, MultiMorph rapidly pro-
duces high quality atlases for new populations and imaging
modalities unseen during training. It further yields more ac-
curate segmentation transfer across population groups than
both the most widely used optimization-based approach [7]
and recent machine learning approaches [18, 24]. To sum-
marize our contributions:
• We frame atlas construction as a learning-based group

registration problem to a central space.
• We present a novel neural network architecture that en-

ables communication between the intermediate represen-
tations of a group of images, and show how this can be
used to construct accurate group-specific atlases.

• We develop a centrality layer that encourages predicted
deformations and atlases to be central and unbiased.

• Experimentally, MultiMorph produces atlases that are as
good, and often better, than those produced by other
methods–and it does it up to 100 times faster.

• We demonstrate the generalizability of the proposed
method by constructing atlases for unseen imaging
modalities and population groups. These atlases condi-
tioned on age and disease state capture population trends
within the data, enabling cross-group analyses.

Our model weights and code are available at https://
github.com/mabulnaga/multimorph.

2. Related work

Deformable Registration. Deformable registration esti-
mates a dense spatial mapping between image pairs. Tradi-
tional methods [4, 6, 47, 60, 69, 71, 75] solve an optimiza-
tion problem balancing image-similarity and regularization
terms to ensure smooth, invertible deformations.

Learning-based methods improve test-time efficiency by
training models to directly predict transformations between
image pairs, generally enabling faster predictions on new
image pairs as compared to traditional methods. Supervised
approaches [68, 78, 86, 87] are trained to regress simulated
deformations or the outputs of registration solvers, whereas
unsupervised methods [9, 15, 19, 21, 29, 32, 37, 38, 40,
54, 59, 61, 65, 80, 84, 89] optimize an unsupervised
image-similarity loss and a regularization term in training.

Synthetic Data in Neuroimage Analysis. Recent machine
learning-based neuroimage analysis methods have benefited
from synthetic training data that extend far beyond real-
world variations [10–12, 28, 35, 37, 38, 40, 41, 43, 49, 74].
This domain-randomization strategy trains neural networks
on simulated intensity images, synthesized on the fly from
a training set of anatomical segmentation maps. As part of
the generative model, the images undergo corruption steps
simulating common acquisition-related artifacts like distor-
tion [2], low-frequency intensity modulation [77], global

intensity exponentiation [42], resolution reduction, partial
voluming [83], among many others. The large variety of
data yields shape-biased networks agnostic to the imaging
modality. As a result, these models generalize to arbitrary
medical images that have the same anatomy as the synthetic
training data – largely eliminating the need for retraining to
maintain peak performance [23, 39].

Atlas Construction. Deformable atlas construction seeks
to find an image that optimally represents a given popula-
tion, for example, to facilitate atlas-based brain segmenta-
tion [5, 26, 30, 82] or to initialize longitudinal morphomet-
ric analyses in an unbiased fashion [36, 66, 67].

Iterative atlas construction alternates between registering
each image of the population to a current estimate of the at-
las and updating the atlas with the average of the moved
images until convergence [7, 48, 57, 64, 72]. Another ap-
proach computes a spanning tree of pair-wise transforms
between subjects to estimate an atlas [44, 73]. Iterative
methods on 3D data incur prohibitively long runtimes due to
the cost of optimization. Therefore, many studies have used
publicly available atlases [27], although these are often not
representative of the population being studied.

Recent learning-based atlas construction techniques
jointly learn an atlas and a registration network that maps
images from the training population to the atlas [16, 18,
20, 22, 24, 31, 76, 79]. These approaches naturally extend
to constructing conditional atlases, for example condition-
ing on age [18, 22, 79], or incorporating tasks like segmen-
tation [76]. However, obtaining an atlas for a new popula-
tion requires machine learning expertise and computational
resources for re-training from scratch or fine-tuning a net-
work.

Test-time adaptation for groupwise registration
(TAG) [33, 34] maps a group of images to a latent
space using a VAE, computes an average of latent vectors,
then decodes to estimate an atlas. While this rapidly
produces atlases at inference, linearly averaging vec-
tors in a VAE latent space most often does not yield
a representation that can be decoded into an unbiased
deformable atlas. Further, this model must still be retrained
for new imaging modalities or populations. In contrast,
MultiMorph directly constructs group-specific atlases
from warped images, ensuring fidelity to the data without
distortions introduced by latent space aggregation. A single
MultiMorph model can generate atlases for a wide variety
of imaging modalities and population groups.

Flexible-size Inputs. Recent methods have employed a va-
riety of mechanisms that are flexible to input size, in other
applications. For example, in-context learning methods use
a flexible-sized input set of input-output example pairs to
guide a new image-processing task at inference [14, 17].
Other methods use attention mechanisms across different
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inputs to aggregate information among volume slices [85]
or tabular data [53]. While cross-attention and variants have
been effective for many tasks in vision, they have quadratic
memory complexity. At each iteration, our model requires
a large set of 3D volumes. Using cross-attention would lead
to infeasible memory requirements. In contrast, we propose
a flexible feature sharing mechanism with linear complexity
to produce central atlases for large groups of 3D images.

3. Methods

3.1. Background

Given two images x1,x2 → Rd, deformable registration
seeks a nonlinear mapping ω : x1 ↑ x2 that warps one
image into the space of the other. The deformation ω at-
tempts to align the underlying anatomy captured by the im-
ages while maintaining a well-behaved map, and it is tradi-
tionally computed by optimization:

argmin
ω

Lsim (x2,x1 ↓ ω) + εLreg (ω) , (1)

where Lsim (x2,x1 ↓ ω) measures similarity between im-
age x2 and the warped image x1 ↓ ω, Lreg(·) regularizes
the map ω, and ε is a hyperparameter that balances the two.

Many population-based studies involve groupwise anal-
yses. Group registration aligns a collection of m images
Xm = {xi}mi=1 to an explicit image template t,

argmin
ω1,...,ωm

m∑

i=1

Lsim (t,xi ↓ ωi) + εLreg (ωi) . (2)

In many scenarios, an explicit template is not available. One
can be constructed by iterating a template estimation step,
t̄ = 1

m

∑
xi ↓ ωi, and the groupwise optimization (2) until

convergence. However, this is computationally expensive
and does not scale well to large populations.

Machine learning approaches for pairwise registration
use a neural network to predict ω as a function of the in-
put images: fε(x1,x2) = ω, where f is a neural network
parameterized by ϑ. Pairwise registration is rapidly com-
puted by a single forward pass of a trained network. Recent
methods [18, 22, 24, 76] also estimate a common template
t together with parameters ϑ in a network, fε(t,x) = ω.

In this work, we develop a model to directly predict a
group-specific set of deformation fields to a central template
space. We formulate template construction as a group reg-
istration problem given a variable number of inputs.

3.2. Flexible Group Registration

Given a set Xm of m images from a dataset X = {xi}ni=1,
we seek to map the images to a space central to Xm. The set
Xm could be an entire population or a subgroup of patients
representing an underlying demographic or condition.

Let ωi : Rd ↑ Rd represent the map from xi

to a central latent image space. We model a function
fε({x1, . . . ,xm}) = {ω1, . . . ,ωm} using a convolutional
neural network with learnable parameters ϑ. The number of
parameters of ϑ is independent of the group size m.

To achieve desirable group registration, we construct f
to satisfy the following desiderata:

• Flexible to group size: f takes as input a variable num-
ber of m images, and computes m maps ω to a group-
specific central space.

• Fast: Computation of {ωi}mi=1 can be done in a single
forward pass of an efficient network.

• Generalizable: generalize to unseen datasets Ym.
• Unbiased: the images in Xm map to a space central to

that set: mean({ωi}mi=1) = 0.
• Aligned: Images {xi ↓ ωi}mi=1 mapped to the template

space are anatomically aligned.
Satisfying the desiderata leads to a model that can produce
flexible templates for user-defined groups on demand. We
introduce new methods to achieve these properties below.

3.3. Model

Figure 1 gives an overview of the network architecture of
MultiMorph. The network takes a group of a variable num-
ber of images and predicts diffeomorphic transformations
to a central template space specific to the group. At each
network layer, we share features across the inputs using the
proposed GroupBlock layer. The network outputs sta-
tionary velocity fields, which are then adjusted by a central-
ity layer to produce an unbiased atlas.

Convolution Layer for Variable Group Size. We propose
GroupBlock, a convolutional layer that combines image
features across a group. As group registration seeks to align
images to a central space, feature communication is helpful
to produce a subgroup alignment.

We use a summary statistic to aggregate group features,
and communicate the statistic back to each individual group
element. Let c(l)i represent the feature map for input image
i at network layer l. The GroupBlock layer aggregates
information as follows:

c̄(l) = s({c(l)1 , . . . , c(l)m })

c(l+1)
i = Conv

([
c(l)i

∥∥c̄(l)
]
; ϑ(l)

)
,

where s(·) is the summary statistic across the group dimen-
sion, [·↔·] is the concatenation operation along the channel
dimension, and Conv is a convolutional layer with parame-
ters ϑ(l). We use the mean as our summary statistic.

Network. We modify the popular UNet architecture [70],
employing a multi-scale structure with residual connec-
tions. We replace the standard Conv layers with the pro-
posed GroupBlock feature sharing layer (§3.3). The net-
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Figure 1. MultiMorph architecture diagram. The model takes in a variable group of m images and constructs an atlas specific to that
group. At each layer of the UNet, the proposed GroupBlock mechanism replaces standard convolution kernels. Specifically, it computes
the elementwise mean of the intermediate features across the group, and concatenates the resulting features with the individual features.
The mechanism enables group interaction by sharing summarized input features across the group. The network outputs m velocity fields
mapping images to the group-specific template space. A centrality layer removes any global bias in the average velocity field, before
integration and warping the images. The output is a central template representing the shared anatomy of the input group.

work takes as input a group of m images and outputs m
d-dimensional stationary velocity fields (SVF).

We use the standard SVF representation of a diffeomor-
phism [4, 18]. The deformation field is defined through the
ordinary differential equation: ϑω(t)

v
ϑt = v ↓ ω(t)

v , where v
is the velocity field. The field is defined for t ↗ [0, 1]

with ω(0)
v = Id, the identity map. The deformation field

is obtained by integrating v using the scaling and squaring
method [4, 19].

Centrality Layer. Constructing an atlas central to the pop-
ulation group is key to performing unbiased downstream
analyses, such as in quantifying anatomical shape differ-
ences without bias to any particular structure or subject. A
central atlas is one that is “close” to the target population.
Many learning approaches use a regularization term to min-
imize the mean displacement field [18, 22].

We construct a layer that produces a group-specific cen-
tral template by construction. We subtract the groupwise
mean from the output velocity fields: vi = v(L)

i ↘ v̄(L),
where v(L)

i is the final output velocity field for image i, and
v̄(L) is the group mean. This centers the velocity fields in
the zero-mean Lie subspace.

Template Construction. Given a trained network fε, we
can construct a template t by aggregating the warped im-
ages of the group Xm: t = g (x1 ↓ ω1, . . . ,xm ↓ ωm). We
use the mean operation for g.

To apply the map to the group of images, we integrate the
SVF to obtain a diffeomorphic displacement field [4, 19].
We then use a spatial transformation function [46] to warp

the images to the central space. The spatial transformer per-
forms a pullback operation with linear interpolation.

3.4. Auxiliary Structural Information

The use of anatomical labelmaps during training of
learning-based registration often improves substructure
alignment [9]. When segmentation maps are available for
some of the images in a set, we use this information to form
an atlas segmentation map. Let seg[xi] indicate the proba-
bilistic segmentation labelmap of the K structures for image
xi. We construct the labelmap of the template, seg[t], by
taking the set-wise average of the warped probability maps
seg[t] = meanm{seg[x1] ↓ ω1, . . . , seg[xm] ↓ ωm}.

3.5. Synthetic Training

To aid generalization to unseen modalities, we also train on
images synthesized from brain tissue segmentations. For
each synthetic training group, we sample K random val-
ues uniformly corresponding to K structures. We then use
a domain randomization procedure [28] to randomly sam-
ple intensity values for each structure, along with a variety
of noise patterns and artifacts. This yields groups of syn-
thetic images, where each group exhibits random intensity
distributions and tissue contrasts. Supplementary Fig. 11
presents a representative set of example synthetic images.

3.6. Loss

We maximize alignment between the images and anatom-
ical structures of the group and the constructed template,
while maintaining a smooth map. For a single image, the
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loss is computed as:

L (ωi) =Lsim (t,xi ↓ ωi) + εLreg (ωi)

+ ϖLstruc (seg [t] , seg [xi] ↓ ωi) . (3)

The first term Lsim measures pairwise similarity between
image xi and the template t. We use the normalized cross-
correlation objective. The second term regularizes the de-
formation field to be smooth, Lreg(ωi) = ↔≃ωi↔2. When
label maps are available during training, we use the third
(auxiliary) loss term to align the structures of the training
set with the constructed template, using soft-Dice.

Our complete group loss is L(ω1, . . . ,ωm) =
1
m

∑
{i:xi→Xm} L(ωi). Since the template t is constructed

by averaging warped images of the group, the loss is depen-
dent on all images of the group.

4. Experiments

We evaluate MultiMorph using 3D brain MRI brain scans, a
common setting for atlas construction. We compare Multi-
Morph against iterative and learning-based approaches in
terms of speed, centrality, and accuracy. We also test
whether MultiMorph generalizes to new datasets, imaging
modalities, and populations that are unseen during training.

4.1. Experimental Setup

Data. We use four public 3D brain MRI datasets. Three
datasets—OASIS-1, OASIS-3, and MBB—are used for
training, validation, and testing, while IXI serves as an un-
seen test set. OASIS-1 [58] includes T1-weighted (T1-w)
scans of 416 subjects aged 18-96. A hundred OASIS-1 sub-
jects of ages 60 years and older were diagnosed with mild
to moderate Alzheimer’s disease (AD), which is correlated
with brain atrophy. OASIS-3 [55] contains T1-w and T2-w
MRI scans of subjects aged 42-95 years old. We use a sub-
set of 1043 subjects, with 210 diagnosed with mild to severe
cognitive dementia. The Mind Brain Body dataset [8] in-
cludes T2-w and T2-FLAIR scans of 226 healthy subjects.
For each training dataset, we randomly hold out 20% of the
subjects for testing, and split the rest into 85% for training
and 15% for validation. Each split includes an equal mix of
healthy and abnormal subjects of all age ranges. We use the
same model for all experiments.

Lastly, to evaluate generalization, we hold out the IXI
dataset [45]. We arbitrarily select the Guys Hospital site
within IXI and retrieve T1-w, T2-w, and PD-w MRI scans
of 319 adult subjects. Importantly, the PD-w MRI modality
is not included in any of the training datasets used by our
model. These datasets span a large age range and include
a mix of disease states and imaging modalities, simulating
real-world population studies.

Implementation details. During training, all images within
a sampled group have the same acquisition modality. We

apply augmentations, including random exponential scal-
ing, intensity inhomogeneities, and per-voxel Gaussian
noise. Additionally, 50% of the sampled training groups
contain synthetic images instead of real acquisitions. For
preprocessing, using ANTs [81], we affinely align each 3D
scan to a common 1-mm isotropic affine reference used
in [37, 39]. We extract brain tissue signal using Synth-
Strip [41] and generate segmentation maps of 30 unique
anatomical brain structures using SynthSeg [11].

We train using the Adam optimizer [51] with a learning
rate of 10↑4. The field regularization hyperparameter is set
to ε = 1.0 and the segmentation-loss weight is ϖ = 0.5,
both chosen via grid search (see Supplemental Sec. 7). At
each training iteration, we randomly sample m = [2, 12]
images to form a group and train for 80, 000 iterations,
using the final saved model. All models are trained on a
single RTX8000 GPU. All runtime evaluation results were
done on an Intel(R) Xeon(R) Gold 5218 CPU.

Baselines. We evaluate SyGN [7], a widely-used iterative
atlas construction method from the ANTs library [81].
Additionally, we compare against AtlasMorph, a learning-
based atlas constructor [18] that explicitly learns an atlas
to best fit the training data. For AtlasMorph, we set the
deformation field regularization hyperparmeter to ε = 0.1,
as determined via cross-validation. Both MultiMorph and
AtlasMorph use the same core registration network.

We also evaluate Aladdin [24], a learning-based method
that constructs an average reference atlas during training by
learning pairwise registrations. At test time, this atlas serves
as the registration target, enabling the generation of new at-
lases for different population groups. Since Aladdin con-
structs modality-specific atlases, we train a separate model
(with the same capacity as our network) for each modality
in our dataset using an optimal regularization loss weight
of 10,000, a similarity loss weight of 10, and an image pair
loss weight of 0.2, all determined using a grid search. Both
AtlasMorph and Aladdin models are trained for 50,000 it-
erations, followed by 1,500 finetuning iterations per popu-
lation subgroup to estimate a group atlas at test-time.

Evaluation. We assess the effectiveness of atlas construc-
tion techniques in rapidly generating central atlases for new
populations. To evaluate registration quality, we compute
the Dice score to assess how well the atlas aligns with
warped subject scans. We assess field regularity and topol-
ogy by computing the determinant of the Jacobian of the
map, det Jω(p) = det (≃ω (p)) at each voxel p. Locations
where det Jω(p) < 0 represent folded regions breaking lo-
cal injectivity. Additionally, we measure atlas centrality by
reporting the mean displacement field ↔ū↔2. Statistical sig-
nificance is determined using a paired t-test with p < 0.01.

Segmentation transfer. As atlases are commonly used
for segmentation by warping atlas labels to new target
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Table 1. Atlas construction evaluation on 319 brain volumes from IXI. While all baselines were trained or optimized on the full dataset,
MultiMorph was not, demonstrating its ability to generalize to entirely new datasets. MultiMorph also generalizes to the PD-w modality
not seen during training, demonstrating its capabilities on unseen imaging modalities. → indicates statistical significance (p < 0.01).

Modality Method Construction time (min.) (→) Dice (↑) Folds (→) Centrality ↓10↑2 (→)

T1-w

ANTs[7] 4345.20 0.863± 0.075 524.2± 580.04 10.4± 30.67
AtlasMorph[18] 1141.50 0.894± 0.015 47.9± 29.22 7.8± 19.09
Aladdin[24] 325.20 0.885± 0.01 0.0± 0.0→ 106.8± 97.6
Ours 10.50 0.913± 0.006→ 1.1± 1.55 1.4± 4.32→

T2-w

ANTs[7] 4380.60 0.862± 0.071 522.6± 476.86 18.6± 44.286
AtlasMorph[18] 831.60 0.882± 0.018 57.5± 31.935 7.8± 19.34
Aladdin[24] 261.00 0.875± 0.012 0.0± 0.125→ 771.5± 744.309
Ours 10.40 0.906± 0.007→ 2.0± 2.49 1.5± 4.683→

PD-w

ANTs[7] 4320.20 0.856± 0.069 313.1± 359.9 12.4± 32.805
AtlasMorph[18] 959.00 0.884± 0.018 40.5± 26.10 7.4± 19.483
Aladdin[24] 163.80 0.849± 0.029 0.0± 0.0→ 1175.7± 1731.773
Ours 7.80 0.900± 0.009→ 1.601± 0.205 0.9± 3.02→

images, we evaluate each method’s segmentation perfor-
mance. Each atlas is estimated using half the subgroup
(m2 images). We randomly sample m

2 segmentation label
maps to generate the atlas segmentation mask, which is then
transferred to the remaining m

2 images. Segmentation qual-
ity is assessed using the Dice score.

4.2. Results

4.2.1 Generalizing to Unseen Datasets and Modalities

Table 1 presents results for all methods on the IXI dataset,
which was entirely held-out for MultiMorph’s training and
validation. MultiMorph produces atlases over a 100⇐ faster
than ANTs and AtlasMorph, and 30⇐ faster than Aladdin.
It consistently achieves the highest Dice score, indicating
better anatomical alignment even when constructed on un-
seen data at test time in a single forward pass. Additionally,
MultiMorph yields regular deformation fields with negligi-
ble folding and significantly lower bias in the displacement
fields, indicating that the constructed atlases are central.

Fig. 2 visualizes sample registration predictions for each
modality in IXI and Fig. 3 illustrates example atlases for IXI
T1-w and PD-w. Despite never having been trained on this
dataset nor having seen the PD-w imaging modality during
training, MultiMorph estimates atlases that yield high group
alignment in only minutes, demonstrating its potential for

Table 2. Sub-group atlas construction results. Reported scores
are averaged across atlases constructed using subgroups of
[5, 10, 20, . . . , 60]. → indicates statistical significance (p < 0.01).

Method
Run time

(min.) (↓)
Dice

Transfer
(↔) Folds (↓)

Centrality

↗10→2 (↓)

ANTs [7] 436 ± 0.4 0.875 ± 0.009 447 ± 110 8.7 ± 0.1
AtlasMorph [18] 17 ± 1.4 0.893 ± 0.005 50.0 ± 8.7 9.7 ± 0.1
Aladdin [24] 12 ± 0.1 0.877 ± 0.004 0.0 ± 0.0↑ 173 ± 3.7
Ours 1.5 ± 0.0 0.904 ± 0.002↑ 1.3 ± 0.4 1.4 ± 0.04↑

scientific studies requiring specific atlases. We provide ad-
ditional examples in Supplemental Fig. 10.

4.2.2 Standard Atlas Construction

We now evaluate the ability of MultiMorph to construct
population atlases across different age groups and disease
states. Specifically, we construct an atlas on the OASIS-
3 T1-w test dataset. All baseline models were trained and
validated on the test set. Table 3 shows that MultiMorph
achieves the highest Dice score while producing atlases
30↘ 400 times faster than the baseline methods.

4.2.3 Subgroup Atlas Construction

MultiMorph enables the rapid construction of subgroup at-
lases for granular population analyses. We evaluate atlases

Main paper figure (copy from 
previous)

AtlasMoving image WarpMoved image

T1
-w

T2
-w

PD
-w

Figure 2. Example images and warps to the constructed atlas on
the IXI dataset. Three subjects and three modalities are shown.
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ANTs Aladdin AtlasMorph Ours ANTs Aladdin AtlasMorph Ours

Figure 3. Atlases constructed on the IXI T1-w (left) and IXI PD-w (right) image modality. All baseline methods used the dataset for
training or optimization, while our method was never trained on the IXI data. Further, our method was never trained on PD-w images, yet
generalizes to this modality.

conditioned on age, age and disease state, as well as random
subgroupings of the population.

Random Subgroup Analysis. We quantify the effect of
subgroup size on atlas quality using the held-out IXI T1-w
dataset. Subgroups of [5, 10, 20, . . . , 60] images are ran-
domly sampled, with half used to construct the atlas seg-
mentation and the other half used for evaluation. As in Sec-
tion 4.2.1, the baselines were trained or optimized on this
dataset, whereas MultiMorph was not exposed to any IXI
T1-w data during training or validation.

Fig. 4 shows that MultiMorph consistently outperforms
baselines, with performance improving as the subgroup

Figure 4. Segmentation transfer performance when varying the
number of images used to construct an atlas. Data is taken from the
IXI T1-w dataset, which our model did not have access to during
training. Our method consistently outperforms the baselines.

size increases. Table 2 reports mean performance across
subgroups, with MultiMorph showing better segmentation
transfer while maintaining well-behaved deformation fields.
Importantly, MultiMorph only requires 1.5 minutes of infer-
ence time on a CPU, whereas baselines require fine-tuning
or re-optimization, which is both time consuming and re-
quires tens or hundreds of minutes.

Age. We first demonstrate MultiMorph’s ability to create
appropriate atlases for user-defined subgroups by grouping
healthy OASIS-1 subjects into age bins. We take normal
subjects in the validation and test set, and bin them into age
ranges [0↘ 19, 20↘ 29, . . . , 80↘ 89]. Fig. 5 presents qual-
itative results, showing anatomical changes consistent with
normal aging, such as ventricular enlargement due to brain
atrophy [3]. All atlases were generated in under a minute
without any fine-tuning.

Diagnosis. Lastly, we examine the effect of dementia
on brain aging in the OASIS-3 (T1-w) dataset. We con-

Table 3. Atlas estimation results on 212 subjects from the OASIS-
3 T1-w test set. → indicates statistical significance (p < 0.01).

Method
Run time

(min.) (↓)
Dice

Transfer
(↔) Folds (↓)

Centrality

↗10→2 (↓)

ANTs [7] 2858 0.886 ± 0.017 765 ± 877 9.5 ± 25.6
AtlasMorph [18] 688 0.881 ± 0.024 50.2 ± 31.9 8.0 ± 0.2
Aladdin [24] 277 0.878 ± 0.016 0.0 ± 0.07↑ 175.9 ± 1.8
Ours 5.9 0.910 ± 0.014↑ 1.2 ± 2.3 1.5 ± 0.05↑
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Figure 5. Atlases conditioned on age for healthy subjects in OASIS-1. Ventricle enlargement (red boxes) is observed across time, consistent
with neurodegeneration with aging.

struct age-conditioned atlases separately for normal and
dementia-diagnosed subjects. Fig. 6 compares brain atro-
phy across matched age groups. We observe substantial
enlargement of the ventricles (outlined in red boxes) and
deterioration of the white matter in the dementia group
as compared to the controls, consistent with the litera-
ture [3, 50, 63, 88].

4.3. Ablation studies

We quantify the effect of several key model components, in-
cluding the centrality layer (CL), the Group Block (GB)
mechanism with varying summary statistics (mean, vari-
ance, max), and training without the Dice Loss. Using the
OASIS-1 dataset [58], we train our model for 50, 000 itera-
tions and assess performance on the test set.

Table 4 summarizes the results. The CL significantly
reduced the centrality measure by 1000⇐, ensuring un-
biased atlas construction, though it came along with a 1
point decrease in Dice. The GB mechanism improved Dice
by 1.4 points with negligible degradation of field regular-
ity. We observe no significant performance variation across
the various summary statistics tested. Finally, the Dice
loss improved performance by over 2 Dice points. Taken
holistically, each component strongly contributed to Multi-
Morph’s performance. We further quantify the impact on
subgroup atlas construction in Supplemental Section 6.2
and observe similar trends. Additionally, we assess the im-
pact of training with synthetic data in Supplemental Sec-
tion 6.1, which improved IXI dataset performance by up to

Oasis 3 3d
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en
tia

60-69 80-8975-7970-74

Figure 6. Atlases conditioned on age for normal subjects (top)
and subjects with dementia (bottom) from OASIS-3. Visual differ-
ences indicate considerable enlargement of ventricles (red boxes)
and atrophy of white matter when compared to normal subjects.

1.8 Dice points while maintaining field regularity, demon-
strating better generalization.

5. Discussion

Limitations and future work. MultiMorph has several
avenues for extensions. For example, as it assumes dif-
feomorphic transformations, MultiMorph cannot accurately
construct atlases for neuroimages with topology-changing
pathologies. However, this can be addressed by using
pathology masks when calculating losses in training [13].
Additionally, MultiMorph is currently only trained for neu-
roimages, but can be trained on anatomy-agnostic synthetic
data [23, 37] to estimate atlases for arbitrary applications.
Lastly, our implementation stores all activations in mem-
ory at inference, potentially limiting higher group sizes with
large 3D volumes in memory-constrained settings.

Conclusion. We presented MultiMorph, a test-time atlas
construction framework that works with unseen imaging
modalities and any number of input images–without retrain-
ing. At its core, MultiMorph leverages a novel convolu-
tional layer for groups of images, independent of the num-
ber of input samples, enabling efficient and scalable atlas
generation. MultiMorph produces unbiased atlases for ar-
bitrary inputs with comparable (and often better) perfor-
mance, while also being over 100 times faster than previ-
ous approaches that require either solving an optimization
problem or retraining a model. By making high-quality at-
las construction fast, accessible, and adaptable, MultiMorph
potentially unlocks new avenues for biomedical research,
enabling computational anatomy studies that were previ-
ously impractical due to computational constraints.

Table 4. Model ablations on the Centrality Layer, Group Block
mechanism, and Dice loss on the OASIS-1 test set. All proposed
components improved atlas construction performance.

Ablation
Dice

Transfer (↔) Folds (↓)
Centrality

↗10→3 (↓)

no CL, GB(mean) 0.892 ± 0.018 0.0 ± 0.0 16125 ± 11494
CL, no GB 0.870 ± 0.021 0.1 ± 0.3 9.9 ± 27.4
CL, GB(var) 0.883 ± 0.020 1.5 ± 2.8 12.8 ± 59.27
CL, GB(max) 0.880 ± 0.019 1.5 ± 2.7 12.6 ± 46.69
CL, GB(mean) 0.884 ± 0.020 1.1 ± 1.9 12.0 ± 39.48
CL, GB(mean), Dice 0.919 ± 0.011 5.4 ± 7.5 18.6 ± 61.31
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