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A B S T R A C T

Surface-based cortical registration is an important topic in medical image analysis and facilitates many
downstream applications. Current approaches for cortical registration are mainly driven by geometric features,
such as sulcal depth and curvature, and often assume that registration of folding patterns leads to alignment of
brain function. However, functional variability of anatomically corresponding areas across subjects has been
widely reported, particularly in higher-order cognitive areas. In this work, we present JOSA, a novel cortical
registration framework that jointly models the mismatch between geometry and function while simultaneously
learning an unbiased population-specific atlas. Using a semi-supervised training strategy, JOSA achieves
superior registration performance in both geometry and function to the state-of-the-art methods but without
requiring functional data at inference. This learning framework can be extended to any auxiliary data to guide
spherical registration that is available during training but is difficult or impossible to obtain during inference,
such as parcellations, architectonic identity, transcriptomic information, and molecular profiles. By recognizing
the mismatch between geometry and function, JOSA provides new insights into the future development of
registration methods using joint analysis of brain structure and function.

1. Introduction

Image registration is a key research topic in medical image anal-
ysis. Deformable image registration establishes spatial correspondence
between a pair of images via a nonlinear spatial transformation. This
transformation is often obtained through an optimization procedure
that maximizes a similarity measure. Approaches for registration of
the brain are either directly based on 3D images from scans of the
brain (volume-based), or based on features resampled onto the brain
surface (surface-based) (Maintz and Viergever, 1998), or a combina-
tion of these (Postelnicu et al., 2009; Joshi et al., 2009). Surface-
based registration of the human cerebral cortex, often referred to as
cortical registration, extracts a variety of representative information
from the brain images and solves the registration problem based on
a surface-matching framework.
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Cortical registration methods align the complex folding patterns of
the cerebral cortex by matching the geometric features of the brain (Da-
vatzikos and Bryan, 1996; Fischl et al., 1999b). Inter-subject cortical
registration can improve not only the statistical power of functional
group analyses (van Atteveldt et al., 2004; Frost and Goebel, 2012),
but also the predictability of cytoarchitecture of the brain (Yeo et al.,
2010b; Fischl et al., 2008). However, cortical registration is a challeng-
ing task because of the geometric complexity of the cortex and the large
variability among individuals. Inter-subject surface alignment is com-
monly driven by geometric features that describe measures of cortical
folding patterns, such as sulcal depth and mean curvature (Fischl et al.,
1999b; Yeo et al., 2010a; Conroy et al., 2013). It is often assumed that
an accurate registration of folding patterns will also successfully align
brain function (Toga and Thompson, 2001). However, the functional
variability of anatomically corresponding areas across subjects has
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been widely reported, particularly in regions implicated in higher-
order cognition (Fischl et al., 2008; Frost and Goebel, 2012). This
variability implies that regions with different functional specializations
may not be optimally aligned with a perfect anatomical registration.
There may exist many equally good solutions for geometric registration
with substantially different performance in registration of function.
Another possible cause is the ‘‘mismatch’’ between geometry and func-
tion within each subject, i.e., different individuals may use a slightly
different region to process the same function.

Traditional model-based deformable registration has been exten-
sively studied (Fischl et al., 1999b; Yeo et al., 2010a; Sabuncu et al.,
2010; Guntupalli et al., 2016; Robinson et al., 2014; Vercauteren et al.,
2009; Nenning et al., 2017; Avants et al., 2008; Beg et al., 2005;
Christensen et al., 1997; Van Essen et al., 1998; Joshi et al., 2007; Lyu
et al., 2013, 2019). Typical strategies employ an iterative approach that
seeks an optimal deformation field to warp a moving image to a fixed
image. Methods usually involve optimization of a similarity measure
between two feature maps, e.g., minimizing mean squared error (MSE)
or maximizing normalized cross correlation, while regularizing the
deformation field to have some desired property, such as smoothness
and/or diffeomorphism. Widely used techniques for cortical surface
registration map the surface onto the unit sphere and establish corre-
spondence between feature maps in the spherical space (Fischl et al.,
1999a). Conventional approaches, such as FreeSurfer (Fischl et al.,
1999b), register an individual subject to a probabilistic population atlas
by minimizing the geometry MSE weighted by the inverse variance
of the atlas convexity, in a maximum a posteriori formulation. These
anatomical registration methods have been adapted to functional reg-
istration by minimizing MSE on functional connectivity computed from
functional magnetic resonance imaging (fMRI) data (Sabuncu et al.,
2010). Spatial correspondence can also be maximized by finding local
orthogonal transforms that linearly combine features around each local
neighborhood (Guntupalli et al., 2016, 2018).

Discrete optimization approaches iteratively align local features
using spherical meshes from low-resolution to high-resolution (Robin-
son et al., 2014, 2018). Similar hierarchical approaches use features
projected to the spherical harmonics bases (Lyu et al., 2019). Instead
of whole-brain geometric features, landmarks, such as sulcal curves,
have also been used to drive the registration (Van Essen, 2005; Lyu
et al., 2013). To encourage invertibility of the deformation field and
preserve anatomical topology, diffeomorphic registration uses an expo-
nentiated Lie algebra, most often assuming a stationary velocity field
(SVF) (Ashburner, 2007; Vercauteren et al., 2009). These strategies
were extended to the sphere by regularizing the deformation using
spherical thin plate spline interpolation (Yeo et al., 2010a). Several
methods align functional regions, for example, using Laplacian eigen
embeddings computed from fMRI data (Nenning et al., 2017). These
methods are successful but solve an optimization problem for each
image pair, resulting in a high computational cost.

Increasingly popular learning-based registration methods can be
categorized into supervised (Krebs et al., 2017; Sokooti et al., 2017;
Yang et al., 2016; Cao et al., 2017) and unsupervised (Dalca et al.,
2018a; Balakrishnan et al., 2019; Cheng et al., 2020a; Niethammer
et al., 2019; Krebs et al., 2019; de Vos et al., 2019) registration.
Supervised registration evaluates the performance of a registration
network by comparing the predicted deformation with a ‘‘ground truth’’
deformation. However, due to the lack of the ‘‘ground truth’’, defor-
mation generated by iterative methods or simulation is often used as
the target, which fundamentally limits the performance of supervised
approaches (Sokooti et al., 2017; Yang et al., 2016; Cao et al., 2017).
Further, the iterative registration methods are relatively slow which
makes it impractical to generate large numbers of samples for super-
vised training, often resulting in overfitting. In contrast, unsupervised
registration methods predict a deformation field that is used to warp
the moving image to the fixed image. The core idea of these methods
is to employ a classical loss in the image space, thus forming an

end-to-end training pipeline (de Vos et al., 2019; Balakrishnan et al.,
2019; Hoffmann et al., 2022; Mok and Chung, 2020). Semi-supervised
methods employ additional information, such as segmentation or par-
cellation maps, to guide registration without requiring them during
inference (Balakrishnan et al., 2019; Blendowski et al., 2021). Recent
methods extend this strategy to the spherical domain by parameterizing
the brain surfaces in a 2D grid that accounts for distortions (Cheng
et al., 2020a) or directly on the sphere using spherical kernels (Zhao
et al., 2021b,a). These learning-based registration methods substan-
tially improved registration speed by orders of magnitude at inference
while achieving a superior or comparable registration accuracy relative
to the iterative methods. However, these methods do not directly model
structure-function mismatches within a subject.

In this work, we present a diffeomorphic cortical registration frame-
work that

• explicitly uses functional data to drive the geometric registration
to optimally align function,
• simultaneously learns multi-modal population-specific atlases dur-
ing training,
• employs a semi-supervised training strategy that uses task fMRI
data to improve functional registration but without requiring task
fMRI data during inference.

Specifically, we build on recent unsupervised spherical registration
strategies (Balakrishnan et al., 2019; Cheng et al., 2020a) and use a
joint deformation field shared by geometry and function to capture the
relatively large differences among subjects. We introduce deformation
fields that describe relatively small variations between geometry and
function within each subject. The learned atlases avoid the biases
towards the initial subject used for template construction in iterative
approaches. In contrast to the term ‘‘unsupervised’’ commonly used
in the literature (Balakrishnan et al., 2019; Cheng et al., 2020a),
here we borrow the term ‘‘semi-supervised’’ to highlight the strategy
where auxiliary information, such as functional data, can be incor-
porated during training but are not required during inference. This
semi-supervised training framework can also be easily extended to any
auxiliary data that could be helpful to guide spherical registration
but is difficult or impossible to obtain or undesirable to use during
inference, such as parcellations, architectonic identity, transcriptomic
information, and molecular profiles. In many cases, even functional
MRI data are often not available. For instance, many clinical scans
only have a T1-weighted image, however, estimation of functional
properties of the patients’ brain is still highly desired. More impor-
tantly, to study the functional properties of the human brain, we
need an unbiased way to perform inter-subject registration that does
not involve functional data. At inference, JOSA registration is solely
based on the geometry of the subject surface, avoiding the potential
circularity issue in any subsequent functional analyses, which would
preclude unbiased group statistics otherwise. We demonstrate that the
proposed framework yields improved registration performance in both
anatomical and functional domains.

We presented a preliminary version of this method at the Medical
Imaging with Deep Learning 2023 conference (Li et al., 2024). The
current paper provides a more detailed description of the method, new
and substantially expended experimental results with a comparison to
an extensive list of state-of-the-art methods, as well as detailed ablation
studies.

2. Methods

We describe Joint Spherical registration and Atlas building (JOSA),
a method for surface-based cortical registration with simultaneous
atlas construction that explicitly models the cross-subject variation in
the relationship between anatomy and functional properties in each
subject.



Medical Image Analysis 98 (2024) 103292

3

J. Li et al.

Fig. 1. Graphical representation of the generative model. Circles are random
variables. Rounded squares indicate parameters. Shaded quantities are observations.
The big plate represents replication. 𝑨 represents the global atlas, 𝑰 the input image,
𝝓 deformation field. The subscript 𝑗, 𝑔, and 𝑓 stand for joint, geometry, and function,
respectively.

2.1. Generative model

Fig. 1 shows the graphical representation for the proposed genera-

tive model. Let 𝑨 be an unknown population atlas with all geometric

and functional cortical features of interest. We propose a generative

model that describes the formation of the subject geometric 𝑰𝑔 and

functional 𝑰𝑓 features by first warping the atlas 𝑨 by a subject deforma-

tion field 𝝓𝑗 . This model characterizes the differences between subjects

and results in a joint multi-feature image 𝑰 𝑗 . Geometric feature 𝑰𝑔 is

formed given an additional field 𝝓𝑔 that deforms the geometric features

in 𝑰 𝑗 , and similarly for 𝑰𝑓 and 𝝓𝑓 . The separation of 𝝓𝑔 from 𝝓𝑓 enables

us to explicitly model structure-function variability across subjects. This

is of critical importance from a neuroscientific perspective because

some functional areas are better predicted by folding patterns than

others (Fischl et al., 2008).

2.1.1. Deformation priors

Let 𝝓𝑖
𝑗
,𝝓𝑖

𝑔
,𝝓𝑖

𝑓
be the joint, geometric, and functional deformation

fields for each subject 𝑖, respectively. All variables in the model are

subject-specific, except for the global atlas 𝑨, and we omit 𝑖 for our

derivation. We impose the deformation priors
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(1)

where 𝒖𝑗 is the spatial displacement for 𝝓𝑗 = 𝐼𝑑 + 𝒖𝑗 , ∇𝒖𝑗 is its spatial

gradient, and 𝒖̄𝑗 = 1∕𝑁
∑

𝑖 𝒖
𝑖
𝑗
,𝑁 is the number of subjects, and similarly

for 𝒖𝑔 and 𝒖𝑓 . The gradient term encourages smooth deformations,

while the mean term encourages an unbiased atlas 𝑨 by penalizing the

average deformation over the entire dataset and hence favoring atlases

that are ‘‘close’’ to every subject in the training (Dalca et al., 2019).

2.1.2. Data likelihood

We treat the latent joint image 𝑰 𝑗 as a noisy warped atlas,

𝑝(𝑰 𝑗 |𝝓𝑗 ;𝑨) =  (𝑰 𝑗 ;𝝓𝑗◦𝑨, 𝜎2I) (2)

where  (⋅;𝝁,𝜮) is the multivariate Gaussian distribution with mean

𝝁 and covariance 𝜮, ◦ represents spatial transformation, 𝜎 represents

additive noise, and I is the identity matrix. The geometric feature image

𝑰𝑔 is then a noisy observation of a further-moved joint image 𝑰 𝑗 :

𝑝(𝑰𝑔|𝝓𝑔 , 𝑰 𝑗 ) =  (𝑰𝑔 ;𝝓𝑔◦𝑰 𝑗 , 𝜎
2
I). (3)

Therefore, the complete geometric image likelihood is given by:
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(4)

where in ∗ we used an identity of the product of two Gaussian dis-
tributions, and 𝝁𝑐 ,𝜮𝑐 are constants. We use a similar model for the
functional image 𝑰𝑓 .

2.1.3. Learning

Let 𝜱 = {𝝓𝑗 ,𝝓𝑔 ,𝝓𝑓 } and 𝑰 = {𝑰𝑔 , 𝑰𝑓 }. We estimate 𝜱 by minimiz-
ing the negative log likelihood
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(5)

The first two terms are data fidelity in the subject and atlas space
respectively. The remaining four terms regularize the gradient and
mean of the spatial displacement, encouraging smooth and unbiased
deformation fields.

2.2. Neural network and semi-supervised training strategy

We use a neural network to approximate the function ℎ𝜃,𝑨(𝑰) = 𝜱,
where 𝜃 and 𝑨 are network parameters. Fig. 2 shows the proposed
network architecture. To work with surface-based data, the cortical
surface of each subject is inflated into a sphere and then rigidly reg-
istered to an average space using FreeSurfer (Fischl, 2012). Geometric
and functional features are parameterized onto a 2D grid using a stan-
dard conversion from Cartesian coordinates to spherical coordinates,
resulting in a 2D image for each input (Cheng et al., 2020a). We use
rigid rotation as one of the preprocessing steps to ensure the zero
latitude and longitude of the spheres are reasonably well aligned across
subjects.

The network takes such a parameterized geometric image as in-
put and outputs three deformation fields in the parameterized coor-
dinates. The joint deformation 𝝓𝑗 , which models the relatively large
inter-subject variance, is shared among and composed with individual
deformations 𝝓𝑔 and 𝝓𝑓 .

We learn network parameters and use task fMRI data in a semi-
supervised manner. As shown in the green block in Fig. 2, the task
fMRI data and the corresponding functional atlas are not input into the
neural network. Rather they are used only for evaluating the functional
terms in the loss function (5). This obviates the need for functional data
during inference, as the deformation fields can be inferred using only
geometric features. The proposed framework is flexible in the sense that
auxiliary data, perhaps from different modalities, can be integrated into
the framework for simultaneous multi-modality registration.
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Fig. 2. Network architecture and preprocessing pipeline. The network takes the geometric features from the subject and outputs one joint and two separate deformation fields.
The joint and geometric deformation are composted for registration of folding patterns, and likewise for function. Task fMRI data were used for evaluating the functional loss only
in a semi-supervised manner, hence, functional task data are not required during inference. The losses 𝑔𝑒𝑜𝑚 and 𝑓𝑢𝑛𝑐 represent the geometric part and the functional part of the
data fidelity terms in Eq. (5). They are evaluated in the atlas and subject space, which also helps avoid atlas drift (Aganj et al., 2017) during atlas construction. 𝑟𝑒𝑔 represents
the regularization and centrality terms which encourages smooth deformations and an unbiased estimation of the atlas.

2.3. Implementation

We implemented a Unet-like (Ronneberger et al., 2015) network
based on the core architecture in VoxelMorph (https://voxelmorph.
net) (Balakrishnan et al., 2019; Dalca et al., 2019). We used a 5-
layer encoder with [128, 256, 384, 512, 640] filters and a symmetric
decoder followed by 2 more convolutional layers with [64, 32] fil-
ters. Each layer involves convolution, max-pooling/down-sampling,
and LeakyReLU activation. The spherical parameterization leads to
denser sampling grids for regions at higher latitudes. We used an L2 loss
for geometric features and a correlation loss for functional features. To
account for the difference in sampling density, we performed prior and
distortion corrections to the losses described in SphereMorph (Cheng
et al., 2020a). In short, weights proportional to sin(𝜃), where 𝜃 is
the elevation, were used to correct the distortion. Recent work also
found that varying the locations of the poles in the projections did
not meaningfully impact the registration (Cheng et al., 2020a). The
parameterized images were standardized identically but separately for
structural and functional features, where the median was subtracted for
each feature image followed by a division by the standard deviation. To
account for the discontinuity across the boundaries of the parameter-
ized map, we implemented a padding strategy, consisting of a reflection
padding after a 180-degree circular shift on the top and bottom of the
image (north pole and south pole) and a circular padding on the left and
right. This enables information to flow continuously across the borders,
just as it does on spheres.

During training, we randomly sampled the training data into mini-
batches with a batch size of 8. For each batch, we augmented the data
by adding Gaussian random deformations with a maximum 𝜎 = 8 and
a proper spherical topology and distortion correction at each spatial
location. We further augmented the data by adding Gaussian noise with
𝜎 = 1 for geometric features and 𝜎 = 6 for functional features. We used
the Adam optimizer (Kingma and Ba, 2014) with an initial learning
rate of 10−3. The learning rate was scheduled to decrease linearly to
10−4 within the first 500 epochs and then reduced by a factor of 0.9
if the validation loss does not decrease after every 100 epochs. The
relative weights between functional loss and geometric loss were set

to 0.7:0.3, and the relative weights among different geometric features
(sulc, curv, inflated.H) were set to be 1:1:0.1 to emphasize more
on the detailed features. We set the regularization hyperparameter 𝜆𝑗
in Eq. (5) for the joint (large) deformation to be 0.05 and 𝜆𝑔 and 𝜆𝑓 for
the individual (small) deformations to be 0.1. These hyperparameters
were chosen empirically based on the performance on the validation
set, which is independent from the test set.

The atlases, as part of the network parameters, were initialized
using Gaussian random noise and automatically learned during train-
ing. We exploited a three-stage training strategy to further avoid atlas
expansion or drift (Aganj et al., 2017): (1) we performed a training run
using a single deformation with geometric features only, so that the
network learned a geometric atlas; (2) we used and fixed the geometric
atlas obtained in step one and trained a JOSA network to learn the
functional atlas; and (3) we fixed both the geometric and the functional
atlas from the previous two steps and performed a final training for the
composite deformation fields.

We used TensorFlow (Abadi et al., 2016) with Keras front-end (Chol-
let, 2018) and the Neurite package (Dalca et al., 2018b), and all
experiments were conducted in a Dell Workstation with dual Intel Xeon
Silver 6226R CPUs and an Nvidia RTX6000 GPU. The source code
and the trained model of JOSA will be released to the public at https:
//voxelmorph.net as well as integrated as part of FreeSurfer (Fischl,
2012) package.

3. Experiments

3.1. Language task fMRI data

In this work, we used language task fMRI localizer maps. Rich
literature characterizes the language network through individual- and
group-level analyses (e.g., Fedorenko et al. (2010), Mahowald and
Fedorenko (2016), Lipkin et al. (2022), Lee et al. (2024), Tuckute
et al. (2024)). We used data from a large-scale language mapping
study (Lipkin et al., 2022) (𝑁 = 800), where the language network
was functionally localized using a task that contrasts reading/listening
of sentences versus a perceptually matched control (such as strings

https://voxelmorph.net
https://voxelmorph.net
https://voxelmorph.net
https://voxelmorph.net
https://voxelmorph.net
https://voxelmorph.net
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of nonwords or degraded speech), collected using a standard blocked
design. Ten different versions of the language localizer task were used
(Table 2 in Lipkin et al. (2022)), with the vast majority of subjects
(∼77%) completing a version that contrasted reading of sentences with
nonwords strings. In this localizer version, each stimulus was presented
one word/nonword at a time at the rate of 450 ms per word/nonwords
(12 words/nonwords per stimulus). Each stimulus was preceded by a
100 ms blank screen and followed by a 400 ms screen showing a picture
of a finger pressing a button, and a blank screen for another 100 ms, for
a total trial duration of 6 s. Experimental blocks lasted 18 s, and fixation
blocks lasted 14 s Each run (consisting of 5 fixation blocks and 16
experimental blocks) lasted 358 s. Subjects completed 2 runs. Subjects
were instructed to read attentively and press a button whenever they
saw the finger-pressing picture on the screen. Structural and functional
data were collected on a 3T Siemens Trio scanner with a 12-channel
(G1: 𝑁 = 6, G2: 𝑁 = 12) or a 32-channel (G3: 𝑁 = 782) head coil,
at the Athinoula A. Martinos Imaging Center at the McGovern Institute
for Brain Research at MIT. T1-weighted images were collected in 176
sagittal slices with 1 mm isotropic voxels. Functional data (BOLD) were
acquired using an EPI sequence with the following parameters: 33 (G1)
or 31 (G2, G3) 4 mm thick near-axial slices, 3.0 mm × 3.0 mm (G1)
or 2.1 mm × 2.1 mm (G2, G3) in-plane resolution, FoV in the phase
encoding (A ≪ P) direction 192 mm (G1) or 200 mm (G2, G3), matrix
size 64 × 64 (G1) or 96 × 96 (G2, G3), TR = 2000 ms, and TE = 30
ms.

We preprocessed the data using FreeSurfer v6.0.0 as described
in Lipkin et al. (2022). We sampled data onto the FreeSurfer average
space (fsaverage), motion corrected, registered using the middle time
point of each run, and spatially smoothed with a 4 mm FWHM Gaussian
filter. We reconstructed the subjects’ surfaces from the T1 images
(default recon-all parameters). A ‘‘sentences vs. control’’ contrast t-map
was originally generated for each subject using first-level GLM analysis
based on the blocked design in the fsaverage space (Lipkin et al.,
2022). We resampled the t-maps back onto the individual surfaces using
FreeSurfer’s ‘mri_surf2surf’ utility as functional features for registration
in this work. We randomly split the data into a training set with 600
subjects, a validation set with 100 subjects, and a test set with the
remaining 100 subjects.

3.2. Baseline

We compared the registration performance of JOSA to FreeSurfer
(Fischl et al., 1999b), Spherical Demons (SD) (Yeo et al., 2010a), Mul-
timodel Surface Matching (MSM) (Robinson et al., 2014), the improved
version of MSM with higher-order constraint (MSM-HOC) (Robinson
et al., 2018), and SphereMorph (Cheng et al., 2020a) as surface regis-
tration baselines. For all baseline methods, we used three geometric
features that quantify the folding patterns of the cortex to drive
the registration, namely the mean curvature of the inflated surface
(?h.inflated.H), the sulcal depth map (?h.sulc) and the mean
curvature (?h.curv) of the non-inflated white matter surface, all
available as part of the FreeSurfer standard outputs. For FreeSurfer reg-
istration, we ran mris_register (https://surfer.nmr.mgh.harvard.
edu/fswiki/mris_register) for each test subject to register them to the
fsaverage. For SD, we ran the pre-compiled MATLAB scripts pro-
vided by the authors (https://sites.google.com/view/yeolab/software/
sphericaldemonsrelease) to register subjects to fsaverage using their
default settings. For MSM and MSM-HOC, we ran the authors’ pre-built
msm executable (https://github.com/ecr05/MSM_HOC) to register each
subject to fsaverage with the configurations used in their 2014 and
2018 papers, respectively. For a fair comparison, both versions of MSM
were executed in a hierarchical manner such that ?h.inflated.H
was used for initial coarse alignment, then refined by ?h.sulc and
?h.curv, consecutively. For SphereMorph (https://voxelmorph.net),
we used fsaverage as the registration target and trained the network to
predict a single deformation field purely based on the three geometric

features. We then used the predicted deformation to warp each subject’s
functional data to the fsaverage space at the inference time. All baseline
methods used fsaverage as their registration target (for MSM-based
method it is FS_LR164k, which is a left–right symmetric version of
fsaverage). Therefore, the hyperparameters provided by the authors of
each method have been optimized for the atlas.

3.3. Evaluation

Qualitatively, we computed the group mean images for the geo-
metric features in the test set for each registration method. For the
functional data, we adopted the ‘‘top X%’’ approach commonly used
in group task fMRI studies (Lipkin et al., 2022). The functional data
for each subject were first thresholded at the top 10% of the 𝑡-value
map, resulting in a binary map (task-active or inactive) at the individual
level. At the group level, for each vertex, we computed the number
of task-active subjects over the total number of subjects, yielding a
percentage map, which represents the proportion of the 800 subjects
for whom that vertex falls in the 10% of vertices across the brain with
the highest t-values for sentences > control contrast. This top 10%
approach accounts for inter-subject variability in the overall strength of
the BOLD signal responses due to trait or state factors, thus eliminating
the impact of magnitude of the responses, i.e., a sharper/stronger
response will not necessarily yield a higher percentage map. We also
computed this percentage map using the test set for each registration
method. We visualized the results by superimposing the functional
percentage map with the curvature group mean map.

We quantified the geometric registration accuracy using the correla-
tion between the registered individual data and the group mean (Cheng
et al., 2020a). Specifically, we computed the Pearson correlation 𝑐𝑘 =

𝑐𝑜𝑟𝑟(𝑰𝑘, 𝑰̄) between the individual image 𝑰𝑘 to the group mean image
𝑰̄ = 1∕𝑁

∑
𝑘 𝑰𝑘 for subject 𝑘, where 𝑁 is the number of subjects. We

quantified the functional registration performance using the size of the
overlapping regions between the suprathreshold individual functional
maps at the top 10% of the t-values and suprathreshold percentage map
at the group level. We expect a better registration will have a larger
overlap with the group map for a reasonably conservative threshold.
This also helps avoid a potential evaluation bias when a single-task
contrast is used where only a fraction of the surface area is active
during tasks. Specifically, we computed 𝑠𝑘 = |𝑰 𝑡𝑜𝑝10

𝑘

⋂
𝑰̂
𝑡ℎ|, where 𝑰 𝑡𝑜𝑝10

𝑘

is the top 10% suprathreshold individual image for subject 𝑘, 𝑰̂
𝑡ℎ
is the

suprathreshold percentage map at the group level at the threshold 𝑡ℎ,
and | ⋅ | is the measure of cardinality. We used an empirical threshold
𝑡ℎ = 0.75 for thresholding the group percentage map in this evaluation
based on the t-values in the language active regions.

To evaluate the consistency in registration improvement across
subjects, we assessed the pair-wise geometric correlation difference
𝑐𝑘
𝑀𝑒𝑡ℎ𝑜𝑑

− 𝑐𝑘
𝑅𝑖𝑔𝑖𝑑

between each of FreeSurfer, SD, MSM, MSM-HOC,
SphereMorph, and JOSA and the rigid alignment (i.e., the correlation
difference for the same subject after registration in comparison to the
rigidly aligned version). We similarly assessed the pair-wise functional
difference 𝑠𝑘

𝑀𝑒𝑡ℎ𝑜𝑑
− 𝑠𝑘

𝑅𝑖𝑔𝑖𝑑
. We statistically tested the median difference

between JOSA and the baseline methods using the Wilcoxon Signed
Rank test as they are paired measures.

In the quantitative analysis of the functional data, there are two
thresholds used for evaluations: one is the top X% and the other is the 𝑡ℎ
for the group thresholding (agreement among subjects). To investigate
the impact of the two thresholds to the robustness of the registration
performance, we varied one threshold while fixing the other. Specifi-
cally, we computed the total number of task-active vertices that agreed
among at least 75% of the subjects as a function of the top X% for
𝑋 ∈ {5,… , 15}. We also computed the total number of task-active
vertices that have a 𝑡-value within the top 10% of each individual
subject as a function of the agreement threshold 𝑡ℎ ∈ {0.6,… , 0.9}.

https://surfer.nmr.mgh.harvard.edu/fswiki/mris_register
https://surfer.nmr.mgh.harvard.edu/fswiki/mris_register
https://surfer.nmr.mgh.harvard.edu/fswiki/mris_register
https://sites.google.com/view/yeolab/software/sphericaldemonsrelease
https://sites.google.com/view/yeolab/software/sphericaldemonsrelease
https://sites.google.com/view/yeolab/software/sphericaldemonsrelease
https://github.com/ecr05/MSM_HOC
https://voxelmorph.net
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To demonstrate the impact of the regularization hyperparameters
to the registration performance, we ran additional JOSA experiments
identical in all aspects except for the regularization weights.

To further illustrate the benefit of JOSA framework, we conducted
two additional experiments. We first used the MindBoggle101 dataset
(Klein and Tourville, 2012) to demonstrate registration of parcellation.
For each subject in the MindBoggle101 dataset, we warped its Desikan-
Killiany-Tourville (DKT)-based manual labels to the atlas space using
the geometric deformation predicted by the model trained on the
language dataset. All subjects from this MindBoggle101 dataset were
used for test purpose only (i.e., none of them was included in the
training). We evaluated the performance using the Dice score between
all pairs of subjects after registration in the atlas space. Second, we
tested how well an individual language map from an unseen subject
could be ‘‘predicted’’ by the trained registration model. To do so,
specifically, for each registration method, we ‘‘trained’’ the model by
averaging over the training subjects after registration to the common
space (learned atlas for JOSA and fsaverage for all others). We ‘‘pre-
dicted’’ individual language response by warping the trained average
back to the individual space for each testing subject. We evaluated the
performance by computing the overlap between the predicted response
and the actual 𝑡-value maps for the testing subjects using the same top
10% approach as described above. We statistically tested the difference
between JOSA and the baseline methods using the Wilcoxon Signed
Rank test.

3.4. Computational efficiency

We compared the computational efficiency of the registration meth-
ods by measuring the run time of the registration procedure for each
of the test subjects. Iterative methods (FreeSurfer, SD, MSM, and MSM-
HOC) were run on a single CPU thread, while the learning-based
methods (SphereMorph and JOSA) were evaluated using both a CPU
and a single GPU.

3.5. Stability of atlas construction

Atlas initialization can substantially bias the result (Fischl et al.,
1999b; Dickie et al., 2017; Cheng et al., 2020b). To investigate the
stability and the potential bias of atlas construction using JOSA, we
repeated the geometric atlas learning procedure 6 times, each time
with randomly selected batches of subjects and their orders through
the training process. We qualitatively visualized the difference between
each run to the average of all runs. To quantitatively measure the
stability of the learned atlases, for each pair of the learned atlases with
the 6 trials (hence 15 pairs in total), we computed Pearson correlation
between the pairs of atlases.

3.6. Ablation studies

We conducted the following two ablation studies: (1) To illus-
trate benefit of learning the population-specific and unbiased atlas,
we trained two JOSA networks with the only difference being in
the registration target, where we used rigid average and FreeSurfer
average for comparison to our learned atlas; (2) To assess the effect
of modeling the difference between geometry and function, we trained
two additional JOSA networks, one with a single (joint) deformation
field that was used to align both geometry and function, and the other
with two individual deformation fields separately for geometry and
function but without the joint deformation. Statistical testing were
conducted between JOSA and ablated experiments using the Wilcoxon
Signed Rank test, for geometry and function separately.

Fig. 3. Group average curvature map of 100 test subjects overlaid with the
functional percentage map of language activation. (a) Rigid; (b) SD; (c) FreeSurfer;
(d) MSM; (e) MSM-HOC; (f) SphereMorph; (g) JOSA. The language activation map
is defined based on the contrast between well-formed sentences and a perceptually
matched control stimulus. In the curvature maps, dark gray indicates sulci and light
gray indicates gyri. The color bar for functional data (agreement percentage among
subjects) is shown on the bottom right. White arrows highlight the key regions in
functional alignment where large functional variability across subjects is often observed.
JOSA achieved a substantially better alignment in both folding patterns and function
with larger functional agreement among subjects.

4. Results

4.1. Qualitative comparison

Fig. 3 shows the group mean curvature maps (one of the geo-
metric features) of the 100 test subjects overlaid with the functional
percentage maps of language activation for each of the registration
methods. A better registration leads to a larger and higher percentage
of agreement across subjects. FreeSurfer, SD, MSM, MSM-HOC, and
SphereMorph significantly improved the registration of the folding pat-
terns compared to the rigid alignment, albeit with some noticeable but
minor differences in the average curvature patterns. However, all these
methods only yield marginal improvement of the functional alignment.
In contrast, JOSA achieved a substantially better alignment in both
folding patterns and function. In particular, the predominant language
region in the superior temporal gyrus shows a substantially higher
and larger agreement across subjects. We also find additional/higher
agreement of language-responsive regions in the frontal eye field, the
area in the inferior frontal gyrus (BA 44/45 near the classic Broca’s
area), as well as the posterior section of the inferior parietal lobule
as indicated by the blue arrows, all consistent with the probabilistic
language atlas in earlier work (Lipkin et al., 2022).

4.2. Quantitative evaluation

Quantitatively, Fig. 4(a) shows the pair-wise geometric correlation
difference between each of the registration methods to the rigid align-
ment, and Fig. 4(b) shows the pair-wise functional suprathreshold over-
lap difference. Values higher than zero indicate consistent registration
improvement over rigid alignment. Fig. S.1 in the supplementary mate-
rial shows the original correlation/overlap values without taking pair-
wise differences. Iterative methods such as FreeSurfer, SD, and MSM
substantially improved geometric correlations over rigid alignment (by
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Fig. 4. Violin plot of pairwise difference between each registration method to
rigid alignment. (a) Geometric difference measured by correlation; (b) Functional
difference measured by the suprathreshold (top 10%, 𝑡ℎ = 0.75) functional overlaps.
JOSA yielded substantially higher correlation/larger overlap against rigid alignment
compared to the baseline methods and the improvement is consistent across subjects,
as shown by the pairwise difference measures. The registration performance of JOSA
is significantly better than all baseline methods for both geometry and function with
a 𝑝-value < 1e−30 except for SphereMorph in geometric alignment.

∼0.3). Learning-based methods achieved a further significant improve-
ment (by ∼0.43) and were comparable between SphereMorph and
JOSA. In contrast, only JOSA substantially improved functional regis-
tration, while all other methods did not improve or only marginally
improved functional registration compared to rigid alignment. The
geometric performance difference is statistically significant between
JOSA and FS, SD, MSM, MSM-HOC with all 𝑝-values < 1e−30 and
not significant between JOSA and SphereMorph with a 𝑝-value of 0.2.
The functional performance difference between JOSA and all baseline
methods are statistically significant with 𝑝-values < 1e−30.

Fig. 5 shows how the two thresholds used in quantitative evaluation
impact the registration performance. Fig. 5(a) shows the number of
task-active vertices agreed among at least 75% of the subjects (i.e., 𝑡ℎ
is fixed at 0.75) as a function of the top X%. Fig. 5(b) shows the
counterpart where top X% is fixed at 0.1 and 𝑡ℎ varies from 0.6 to
0.9. All geometry-based registration methods yielded similar functional
overlap to that using only rigid alignment. In contrast, JOSA produces
substantially higher functional overlap. This significant difference be-
tween JOSA and the baseline methods is consistent regardless of the
choice of the thresholds.

For geometric features such as sulcal depth, curvature, a sharper
average by itself does not necessarily imply a better alignment without
considering the regularization of the deformation fields. As the blue
curve in Fig. 6 shows, the geometric registration performance improves
as the regularization weight is lowered. However, this is not the case
for functional data. Further reducing regularization of the deformation
field will often result in overfitting given the noisy nature of the func-
tional data, hence detrimental to the functional alignment performance.
As shown by the red curve in Fig. 6, there a peak point for the
functional registration performance over the range of the regularization
hyperparameters and the performance in terms of functional alignment
decreases as the regularization is further reduced. This observation is
also consistent with studies in the literature (Fischl et al., 2008; Robin-
son et al., 2018). For example, in the MSM-HOC method (Robinson
et al., 2018), the performance of functional alignment was improved
in comparison to the their original MSM method when a stronger
regularization is used (as the method name ‘‘higher-order constraint
[HOC]’’ suggested).

Fig. 5. Impact of the thresholds on functional registration performance. (a)
Number of task-active vertices agreed among at least 75% of the subjects as a function
of the top X% that defines ‘‘task-active’’. (b) Number of task-active vertices that have
a 𝑡-value within the top 10% of each subject’ task map as a function of the agreement
percentage. The functional registration performance of JOSA is substantially higher
than that using baseline methods regardless of the choice of the thresholds.

Fig. 6. Impact of the regularization hyperparameters on the registration perfor-
mance. The blue curve shows the geometric performance measured as correlation (left
y-axis) and the red curve shows the functional performance measured as the number
of task suprathreshold vertices (right y-axis).
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Table 1
Comparison of the run time for individual subject registration. Time is measured
in minutes for all methods. For SphereMorph and JOSA, we also show the results in
seconds below their corresponding rows for intuitive comparison.

Method CPU run time
total

GPU run time
total

GPU run time
inference only

FreeSurfer 8.82 ± 2.47 – –

SD 0.64 ± 0.01 – –

MSM 21.05 ± 1.87 – –

MSM-HOC 57.09 ± 8.86 – –

SphereMorph 0.097 ± 0.008 0.095 ± 0.008 0.003 ± 0.004

SphereMorph (s) 5.81 ± 0.49 5.68 ± 0.51 0.18 ± 0.26

JOSA 𝟎.𝟎𝟗𝟕 ± 𝟎.𝟎𝟎𝟗 𝟎.𝟎𝟗𝟒 ± 𝟎.𝟎𝟎𝟖 𝟎.𝟎𝟎𝟑 ± 𝟎.𝟎𝟎𝟑

JOSA (s) 𝟓.𝟖𝟑 ± 𝟎.𝟓𝟑 𝟓.𝟔𝟕 ± 𝟎.𝟒𝟗 𝟎.𝟏𝟕 ± 𝟎.𝟎𝟗

When using geometric deformation to align parcellation, as shown
in the supplementary Fig. S.2(a), there is a clear advantage of the
learning-based methods over traditional methods as with the registra-
tion of geometric features. This is expected as the DKT parcellation
was labeled based on geometric landmarks. JOSA yields a superior
performance in alignment of parcellation measured by the Dice score
over all baseline methods with 𝑝-values ≈ 0, although JOSA is not
trained/optimized for any parcellation tasks. Similarly, a higher corre-
lation is observed when predicting individual language responses using
JOSA than that using the baseline methods with 𝑝-values < 1e−6,
Fig. S.2(b), although the effect size is not as large as the group result
due to the noisy nature of the fMRI data.

4.3. Run time

Table 1 summarizes the run time for each registration method.
For a single subject, all methods started with the spherical cortical
surface, and the output is the warped spherical surface. The default
FreeSurfer takes approximately 9 min to complete the spherical reg-
istration procedure. SD takes approximately 0.6 min to do the same
job. MSM and MSM-HOC operated directly on the sphere without
parameterization but took significantly longer to execute. In contrast,
the learning-based methods take, on average, only 0.097 min (≈ 5.8

s!), providing a speed up by two orders of magnitude compared to
the iterative methods. The registration speed can be further accelerated
by ∼ 0.15 s per subject with a GPU implementation. This 0.15 s CPU-
to-GPU improvement is significant because, in both SphereMorph and
JOSA, the parameterization and resampling back to sphere take most
of the time during registration, and the actual inference time through
the convolutional neural network is ∼ 0.17 s using GPU (last column).
That means if the parameterization and resampling can be parallelized
and precomputed on a computer cluster, registering 1000 subjects can
be done in under 3 min.

4.4. Atlas stability

Fig. 7 shows the geometric atlases learned from the 6 repeated
training runs, learned identically in all respects except that the subjects
and their orders are randomly selected as the input to the training.
Fig. 7(a) shows the mean averaged over the 6 runs and (b) - (g) shows
the absolute difference between each run and the mean. These atlases
are highly consistent across runs with all major folds nearly identical
to each other and subtle differences in the prefrontal, inferior parietal,
and middle temporal regions as reflected in the difference images.
This strong consistency is quantitatively confirmed by the Pearson
correlations 0.94±0.01 among all 15 possible pairs of these atlases. The

Fig. 7. Learned geometric atlases from 6 repeated training with randomly
selected subjects. (a) The mean atlas averaged over the 6 runs. (b) - (g) The absolute
difference between each run and the mean. Red indicates sulci and blue indicates
gyri. The learned atlases are highly consistent across runs with all major folds nearly
identical to each other and subtle differences in prefrontal, inferior parietal, and middle
temporal areas.

results support that the atlas construction and its learning procedure
in our proposed JOSA method are stable and not biased towards any
specific subject.

4.5. Ablation studies

Fig. 8 shows the pair-wise differences from each registration method
to the rigid result in the ablation study. The first and the second column
shows the result using separate deformations for geometry and function
as with JOSA but varying the atlas used as the registration target. The
third column shows the result using a single deformation for both geom-
etry and function but the same learned atlas as with JOSA. The fourth
column shows the result using two individual deformations separate
for geometry and function but without the joint deformation. The last
column shows the full JOSA result for easy reference. The substantial
improvement in geometry is mainly attributable to a better atlas (𝑝-
values < 1e−30 between JOSA and all ablated experiments), whereas
the improvement in the registration of function is primarily due to the
separate modeling of deformation between geometry and function (𝑝-
values < 1e−9). We highlight the importance of this separate modeling
of deformations. The third column suggests that the registration per-
formance is sub-optimal for both geometry and function if they share
the same deformation, which is commonly assumed (anatomy predicts
function).
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Fig. 8. Violin plot of pair-wise difference between each registration method to
rigid alignment for ablation studies. (a) Geometric difference measured by correla-
tion; (b) Functional difference measured by the suprathreshold overlaps. Geometric
improvement is mainly attributable to a better atlas (𝑝-values < 1e−30) whereas
functional improvement is primarily due to the separate modeling of the deformation
fields (𝑝-values < 1e−9).

5. Conclusion and discussion

In this work, we presented JOSA, a novel registration framework
that jointly models the relationship between folding patterns and cor-
tical function. In the early 1900s, the correspondence between the
two was discovered in primary motor and sensory regions where a
cortical homunculus was drawn to illustrate the distorted mapping of
human body parts to sensorimotor functions (Penfield and Boldrey,
1937). Similarly, the functional properties of primary visual cortex
have been well studied, where the central and peripheral visual fields
are located in the posterior and anterior part of the calcarine sulcus,
respectively (Dougherty et al., 2003; Sereno et al., 1995; Tootell et al.,
1998; Engel, 1997; Wandell et al., 2007; Engel et al., 1994), and the
topographic mapping of the visual field to the visual cortex follows
the complex-logarithm rule (Schwartz, 1980; Polimeni et al., 2010).
However, the anatomo-functional mapping in higher-order functional
areas, e.g., language, emotion, etc., is highly variable among individ-
uals compared with the primary regions (Steinmetz and Seitz, 1991;
Fischl et al., 2008; Frost and Goebel, 2012; Robinson et al., 2014).
This variability is mainly attributable to the non-unique optimal so-
lutions for geometric registration, where, without the guidance from
functional data, their performance can be sub-optimal in registration
of function. For example, there are several secondary folds around the
active language region near the frontal eye field. Aligning any of them
may yield equally good geometric registration, but only one of them
may be optimal for functional registration. This is not obvious with-
out access and visualization of the functional data of each individual
subject.

By using a semi-supervised training strategy with functional data
as the guidance, JOSA is able to choose one appropriate deformation
from many valid geometric solutions that produces optimal functional
registration. Fig. 4 suggests that both JOSA and SphereMorph (no func-
tional data) achieved comparable performance in geometric alignment,
but only JOSA substantially improved functional registration. More-
over, a structure-function mismatch may exist and be different across
individuals, i.e., different subjects may use slightly different regions to
process similar function. By allowing small deviations of the functional
alignment from geometric alignment, JOSA yields superior perfor-
mance in registration of both folding patterns and functional properties

Fig. 9. Comparison of atlases. (a) Rigid atlas; (b) FreeSurfer atlas; (c) JOSA atlas. The
learned atlas from JOSA provides more anatomical definition than rigid or FreeSurfer
atlas, thus supporting registration with higher resolution and finer details.

relative to other traditional or learning-based methods. Fig. 8, the 3rd
column showed that both the geometric and functional registration are
sub-optimal when a single (shared between geometry and function)
deformation is used.

In contrast to many other learning-based methods, JOSA also es-
timates a population-specific atlas as the registration target during
training. Fig. 9 shows the learned atlas in (c) compared to atlases con-
structed by averaging over rigidly registered training subjects (a) and
averaged FreeSurfer-registered training subjects in (b). We find that the
JOSA atlas provides more anatomical definition, supporting registration
with higher resolution and finer details, which also contributes to the
improved performance of JOSA (particularly in geometric registration).

Atlas or template construction has been widely studied in classical
iterative approaches (Collins et al., 1995; Fischl et al., 1999b; Desikan
et al., 2006; Destrieux et al., 2010; Joshi et al., 2022; Lyttelton et al.,
2007; Van Essen, 2005). These methods build atlases by repeatedly
registering subjects to an estimated atlas, and estimating a new atlas by
averaging the registered subjects (Dickie et al., 2017). Their registration
is commonly driven by whole-brain geometric features (e.g., sulcal
depth, curvature) (Fischl et al., 1999b) or landmarks derived from ge-
ometry (Van Essen, 2005). The registration can be also performed in a
hierarchical manner from lower resolution to higher resolution (Lyttel-
ton et al., 2007). However, inherited from these iterative construction
approaches, a bias towards the initial subject may be introduced to
the atlas. JOSA, as one of the very recent learning-based methods, not
only facilitates faster atlas construction, but also potentially avoids the
bias to any individual subject by random selection of subjects as inputs
during training (Cheng et al., 2020b), as illustrated in Fig. 7. In this
work, JOSA learned an atlas specific to the population that was used for
training (Lipkin et al., 2022). It is, however, straightforward to extend
this framework to learn any population-specific atlases, optionally con-
ditioned on clinical attributes if desired (Dalca et al., 2019; Dey et al.,
2021; Ding and Niethammer, 2022).

Using a semi-supervised training strategy, the deformation fields can
be solely determined from geometric features, which can be derived
from a single T1-weighted MR scan. Therefore, JOSA not only lifts the
burden of acquiring functional data during inference, but also provides
capacity for extension to other comprehensive data modalities that are
related to geometry but difficult or even impossible to acquire, such
as architectonics, transcriptomics, or proteomics. This geometry-only-
based registration model further avoids the circularity issue in any
subsequent analyses of functional or any other auxiliary data. In other
words, if the functional data is used as one of the inputs to drive the
registration, then any evaluation or analysis of the functional data after
registration will be potentially biased as the network has observed the
data before.

Although JOSA achieved a superior functional registration perfor-
mance over geometry-focused approaches at the group level, prediction
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of language response by registering the atlas back to individuals only
marginally outperforms other approaches. This is mainly due to the
fact that there is a large variation in language response (or, in general,
human brain function) across individuals even in anatomically corre-
sponding areas (Fischl et al., 2008) (see Fedorenko and Blank (2020)
for discussion within the domain of language). Moreover, fMRI signal
is subject to noise, which may come from multiple sources associated
with the recording device or physiology (e.g., system instabilities, head
motion). Therefore, prediction (localization) of individual functional
responses based on the group result (atlas) remains challenging yet
promising direction for the future.

The current approach for better registration of brain function is
limited by the use of a single localizer task, the language localizer, used
in this study. The partial coverage of the brain by the language-active
regions may not provide useful registration guidance for functions
that use different parts of the cerebral cortex. We therefore plan to
extend JOSA to training with multi-modal datasets, enabling accu-
rate registration of an array of brain functional responses. Although
the language dataset used in this study (Lipkin et al., 2022) is one
of the largest task fMRI datasets publicly available, another caveat
in the training of the registration network is the limited number of
samples (subjects). Because the functional data were used only in loss
evaluation through the semi-supervised block (i.e., they were not seen
by the convolutional layers directly), it poses a significant challenge
for the network to learn the anatomo-functional relationships, hence
often resulting in an overfitting issue when the sample size is small.
We also acknowledge the difficulty in data acquisition. One potential
solution in the future is to use a pooled dataset from different task
contrasts or even resting-state fMRI data, where subjects may have
different functional data available, and the network can be trained dy-
namically using the corresponding available features, atlases, and loss
functions.

Nevertheless, the superior performance of JOSA is mainly attributable
to the modeling of the deviation between geometric and functional
deformations. We hope this work elucidates the potential mismatch
between brain geometry and function that might have been overlooked
in the past and provides some new insights into the development of
registration methods using joint analysis of brain structure and function
in the future.
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Appendix. Supplementary material

See Figs. S.1 and S.2.
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Fig. S.1. Violin plot of the original quantitative measures without taking
pair-wise difference. (a) Geometric correlations; (b) Functional overlaps.

Fig. S.2. Violin plot of pair-wise difference between each registration method to
rigid alignment for additional experiments. (a) The parcellation Dice score between
all pairs of subjects in the atlas space. The median Dice score is significantly higher
in JOSA than baseline methods with 𝑝-values ≈ 0. (b) The Dice score between the
predicted and the individual suprathreshold task maps in the subject space. The median
Dice score is significantly higher in JOSA than the baseline methods with 𝑝-values
< 1e−6.
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