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Abstract

Acquisition differences across sites, scanners, and protocols in dMRI introduce variability
in structural connectome analysis. This motivates the need for deep learning models that
can represent downstream, high-dimensional structural connectomes in a low-dimensional
space while explicitly separating acquisition-related effects from underlying biological vari-
ation. Conventional statistical and deep learning approaches for dimensionality reduction
typically model all sources of variance as continuous, making it difficult to separate discrete
effects, e.g., acquisition- or site-related, from continuous biological variation. As a result,
acquisition-related effects often become absorbed into a continuous latent space. Recent
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advances in deep learning have explored hybrid latent space modeling, where discrete and
continuous components jointly represent structured variability. However, existing hybrid
approaches generally rely on manual capacity tuning to ensure that the discrete component
captures desired variability (e.g., acquisition). Here, we introduce a principled unsuper-
vised framework that removes the need for such manual capacity tuning by architecturally
annealing the encoder outputs before decoding, allowing the model to adaptively balance
the contributions of discrete and continuous latent variables during training. To investigate
this joint latent space modeling, we curated a large dataset (N = 7, 416; 60% female) of
structural connectomes derived from dMRI scans of participants. Our dataset spans an
age range of 2 to 102 years and encompasses 13 different studies with 25 unique acquisition
parameter combinations. Among these, 5,900 are cognitively unimpaired/neurotypical,
877 are diagnosed with mild cognitive impairment (MCI), and 639 are diagnosed with
Alzheimer’s disease (AD). We compare our approach with a standard VAE, PCA followed
by k-means clustering, and hybrid models that impose annealing only through the loss func-
tion, showing that the architectural annealing results in stronger site learning (ARI=0.53,
p < 0.05) as compared to the other methods. These results demonstrate that the pro-
posed hybrid continuous–discrete latent space provides a useful unsupervised mechanism
for capturing acquisition-related variability in diffusion MRI; by jointly modeling smooth
and categorical structure, the Joint-VAE recovers meaningful clusters aligned with scanner
and protocol differences.

Keywords: Unsupervised representation learning, structural connectomes, harmonization

1. Introduction

White-matter connectivity and microstructural integrity are central to understanding neu-
rodegenerative diseases (Kamagata et al., 2021), cognitive decline (Vogt et al., 2020), and
aging (Kantarci et al., 2014). Diffusion MRI (dMRI) is well suited for these investigations
because water molecule diffusion is constrained by axonal membranes and myelin, providing
indirect signatures of microstructural organization (Jones, 2010). By modeling diffusion-
weighted signals, dMRI enables the estimation of quantitative metrics such as fractional
anisotropy (FA), mean diffusivity (MD), and more advanced compartment-based measures
that reflect axonal integrity and tissue composition (Mori and Tournier, 2013). These sig-
nals can also be used to perform tractography and construct structural connectomes that
characterize large-scale network organization for downstream statistical or machine-learning
analyses (Shamir and Assaf, 2025).

Despite its importance, dMRI is heavily impacted by heterogeneity in acquisition, which
complicates the ability to draw generalizable conclusions across studies or cohorts. Diffusion-
derived metrics have been shown to vary significantly with echo time (TE), repetition
time (TR), magnetic field strength, and diffusion weighting (Hui et al., 2010; Yao et al.,
2023). Higher b-values reduce signal-to-noise ratio, and both Hui et al. (2010) and Yao
et al. (2023) demonstrated that FA, MD, and related quantities differ substantially when
computed from data acquired at different b-values, reflecting a combination of noise-floor
effects and underlying tissue-compartment differences. Multi-shell acquisitions introduce
additional complexity: while they enable more expressive modeling of crossing fibers and
multi-compartment microstructure—supporting models such as NODDI (Zhang et al., 2012;
Jelescu and Budde, 2017)—they also produce connectomes that differ meaningfully from
those derived from single-shell data, with Yao et al. (2023) showing improved sensitivity for
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predicting Parkinson’s disease when using multi-shell–derived connectomes. Although such
acquisition differences are often intentionally leveraged to optimize sensitivity to particular
microstructural properties or brain regions (Caiazzo et al., 2016), they become problematic
when integrating data across scanners or protocols: even subtle variations alter the diffu-
sion signal and propagate to microstructural estimates, tractography, and ultimately the
connectomes themselves. Consequently, connectomes generated from the same individual
under different acquisition protocols can exhibit substantial discrepancies (Prčkovska et al.,
2016; Villalon-Reina et al., 2016), making it difficult to distinguish biological effects from
acquisition-driven variability in multi-site analyses.

This variability has motivated the development of harmonization techniques aimed at
reducing acquisition-related differences before group analyses or machine-learning tasks.
Statistical approaches such as ComBat(Fortin et al., 2017) have been applied to remove
protocol effects from scalar brain connectivity metrics, and recent deep-learning methods
have sought to learn latent representations of structural connectomes that are invariant to
acquisition domains. Autoencoders (Zheng et al., 2025), graph neural networks (Noman
et al., 2024), and conditional variational autoencoders (CVAEs) (Newlin et al., 2025; Zuo
et al., 2021, 2023) have all been used to enforce site invariance by conditioning on site
labels or acquisition-related variables. Adversarial graph neural network frameworks have
further incorporated site classifiers and site-conditioned decoders to suppress domain in-
formation (Patel et al., 2025). However, these approaches all depend on predefined site or
scanner labels, a significant limitation given that acquisition variability may exist within
a single dataset or metadata may be incomplete or inaccurate (Zuo et al., 2022). This
motivates the need for unsupervised models capable of disentangling acquisition-related
variation directly from the data itself.

Hybrid latent-space models that combine continuous and discrete representations of-
fer a promising path toward such unsupervised disentanglement. Following the insight
from Dupont (2018) that discrete latent variables can capture structured, categorical vari-
ation, we treat site effects (arising from combinations of acquisition parameters and pro-
tocol differences) as a discrete component superimposed on continuous biological varia-
tion. This joint representation allows the model to infer site structure without any site
labels (Rudravaram et al., 2025). Yet the original hybrid formulation relies on a heuristic
hinge-margin mechanism to balance capacity between continuous and discrete latent spaces,
providing only indirect control over information allocation. Our prior work (Rudravaram
et al., 2025) addressed this by introducing a loss-based capacity regulation strategy that
improved stability and interpretability. In this paper, we extend the framework to a substan-
tially larger and more heterogeneous multi-site dataset and introduce a staged, model-based
annealing procedure that adjusts capacity within the architecture itself. This new strategy
increases discrete-space utilization and enables recovery of more meaningful acquisition-
related clusters in a fully unsupervised manner.

2. Methods

2.1. Data and preprocessing

To evaluate hybrid continuous-discrete latent space models for structural connectomes, we
assembled a large multi-cohort dMRI dataset spanning 13 major neuroimaging studies. For
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datasets with longitudinal imaging, we selected a single scan per participant to avoid bias
from repeated measures. The final dataset comprises 955 connectomes from BLSA (Ferrucci,
2008), 57 from ADNI, 87 from the Calgary Preschool dataset (Reynolds et al., 2020), 373
from a pediatric VUMC dataset (Strike et al., 2022a), 111 from the Multisensory Lexical
Processing cohort (Booth et al., 2022), 80 from MASiVar (Cai et al., 2021b), 236 from a
longitudinal language-development study (Wang et al., 2022), 398 from QTAB(Strike et al.,
2022b), 2,486 from HABSHD (Petersen et al., 2025), 339 from WRAP (Johnson et al.,
2018), 1,006 from NACC, and 610 from a combined ROS/MAP/MARS cohort (Bennett
et al., 2005; A. Bennett et al., 2012; L. Barnes et al., 2012). Across datasets, we defined
a site as a unique scanner–protocol pairing, yielding 25 distinct sites. The aggregated
sample includes 4,490 females and 2,926 males (ages 2 ∼ 102), consisting of neurotypical
participants (n = 5, 900) as well as individuals diagnosed with mild cognitive impairment
(MCI; n = 877) and Alzheimer’s disease (AD; n = 639).

All imaging data were preprocessed following Kim et al. (2025). Diffusion MRI scans
were corrected and standardized using the PreQual pipeline (Cai et al., 2021a). Struc-
tural MRI volumes were segmented into 121 BrainColor regions using the SLANT brain
segmentaton (Huo et al., 2019). Fiber orientation distributions were estimated and whole-
brain probabilistic tractography was performed in MRtrix3 (Tournier et al., 2012), seeding
streamlines at the white matter-gray matter interface and generating 10 million streamlines
per subject. Structural connectomes were constructed by counting streamline terminations
between all SLANT-defined ROI pairs. Visual quality assurance was performed at each
processing stage, following best practices in Kim et al. (2025).

2.2. JointVAE

Traditional variational autoencoders (VAEs) consist of an encoder qϕ(·), parameter-
ized by ϕ, that maps the input data x into a low-dimensional latent representation z, and
a decoder pθ(·), parameterized by θ, that reconstructs the input as x̂. To prevent the la-
tent space from becoming arbitrarily dispersed or fragmented, the approximate posterior
qϕ(z|x) is encouraged to match a prior distribution, typically a standard normal distribu-
tion p(z) = N (0, I). Under this formulation, the traditional VAE optimization objective
becomes:

L(θ, ϕ) = Eqϕ(z|x)[log pθ(x|z)]−DKL (qϕ(z|x) ∥ p(z)) . (1)

The Joint-VAE (Dupont, 2018) extends the traditional VAE framework by augmenting
the latent space with an additional discrete component. Let zc denote the continuous
latent variable and zd denote the discrete latent variable. The encoder now estimates a
joint posterior distribution, qϕ(zc, zd|x), while the decoder reconstructs the input from both
latent components via pθ(x|zc, zd). With this formulation, the Joint-VAE objective becomes:

L(θ, ϕ) = Eqϕ(zc,zd|x)[log pθ(x|zc, zd)]−DKL (qϕ(zc, zd|x) ∥ p(zc, zd)) . (2)

Because qϕ(zc | x) and qϕ(zd | x) are produced as separate distributions from the encoder,
the posterior can be factorized as qϕ(zc, zd | x) = qϕ(zc | x) qϕ(zd | x), and with the standard
factorized prior p(zc, zd) = p(zc) p(zd) the KL divergence decomposes into two terms.

DKL(qϕ(zc, zd|x) ∥ p(zc, zd)) = DKL(qϕ(zc|x) ∥ p(zc)) +DKL(qϕ(zd|x) ∥ p(zd)) . (3)
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Thus, the final objective for the Joint-VAE training becomes:

L(θ, ϕ) = Eqϕ(zc,zd|x)[log pθ(x|zc, zd)]− βcDKL(qϕ(zc|x) ∥ p(zc))− βdDKL(qϕ(zd|x) ∥ p(zd)) ,
(4)

where βc and βd allow separate weighting of the continuous and discrete KL terms. However,
because the continuous latent space has, in principle, unbounded capacity compared to
the discrete space, optimizing this loss directly often leads the model to place almost all
information in the continuous latent zc and ignore the discrete latent zd.

To address this imbalance, the original Joint-VAE (Dupont, 2018) proposes gradually
increasing the “capacity” of each latent channel throughout training so that the continuous
and discrete parts can contribute at different rates. This is implemented by introducing
hinge parameters Cc and Cd, which specify target capacities (upper bounds) for the KL
contributions of the continuous and discrete latent spaces, respectively, and are treated as
user-defined hyperparameters. The resulting objective is

L(θ, ϕ) = Eqϕ(zc,zd|x)[log pθ(x|zc, zd)]

− β
∣∣∣DKL

(
qϕ(zc | x) ∥ p(zc)

)
− Cc

∣∣∣− β
∣∣∣DKL

(
qϕ(zd|x) ∥ p(zd)

)
− Cd

∣∣∣. (5)

In this hinge-based formulation, the loss now depends on three hyperparameters: the contin-
uous and discrete capacities Cc and Cd, and the weighting factor β. Unlike in the traditional
β-VAE setting, where increasing β can encourage disentanglement in a principled evidence
lower bound(ELBO) framework, here β primarily controls how strictly the model is forced
to match the manually specified capacities.

2.3. Improved Joint-VAE with Loss and Architecture Annealing

Loss Annealing. To address this this, in our prior work (Rudravaram et al., 2025), we
proposed a principled staged capacity-control mechanism designed specifically for hybrid
continuous-discrete latent spaces. Rather than adopting the KL-capacity formulation of
Burgess et al. (2018), we directly regulated the expressive power of the continuous latent by
annealing the encoder’s posterior parameters. Let (µ, log σ2) denote the encoder outputs for
the continuous latent zc. We defined annealed parameters µ′ = λµ and log σ′2 = λ log σ2,
where the annealing coefficient λ increases linearly from 0 to 1 over a fixed number of
iterations. Substituting (µ′, log σ′2) into the KL divergence yields an annealed continuous
KL term,

D̃KL(qϕ(zc | x) ∥ p(zc)) = 1
2

(
σ2λ + λ2µ2 − 1− λ log σ2

)
, (6)

and the corresponding objective becomes

L(θ, ϕ) = Eqϕ(zc,zd|x)[log pθ(x|zc, zd)]− β D̃KL(qϕ(zc|x) ∥ p(zc))− β DKL(qϕ(zd|x) ∥ p(zd)) .
(7)

This annealing schedule reduces the influence of the continuous latent at early iterations,
encouraging the model to encode structure in the discrete latent zd before gradually incor-
porating the continuous latent as λ increases. As λ approaches 1, the continuous channel
becomes fully expressive, enabling balanced joint use of both latent spaces. While this loss-
based annealing improved stability and reduced dependence on manual capacity tuning, it
has a key limitation: the annealing is applied only to the KL term, not to the encoder itself.
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The raw encoder outputs (µ, log σ2) remain unconstrained and can drift toward extreme
values during early epochs when the KL penalty is weak, leading to unstable dynamics or
deviations from the intended capacity schedule. Freezing or ignoring the continuous KL
term is also insufficient, as these parameters may drift into degenerate regions of parameter
space while unregularized.

Architectural Annealing. In this paper, we introduce a novel architectural anneal-
ing strategy that enforces the capacity schedule at the encoder level. Instead of annealing
only the KL divergence, we anneal the encoder outputs themselves and use µλ ⇐ λµ and
log σ2

λ ⇐ λ log σ2 for both sampling and KL computation. Because the decoder receives
latent samples drawn from this annealed posterior, it is conditioned throughout training on
representations whose capacity is directly controlled. This modification ensures that the
influence of the continuous latent is minimal at the start of training and then increases
smoothly and predictably as λ grows. By constraining the encoder outputs—and conse-
quently the decoder inputs, rather than modifying the loss alone, the model is forced to
rely on the discrete latent early in training and transitions gradually to full joint optimiza-
tion, avoiding the instability and failure modes associated with loss-based annealing.
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𝛼

𝑋

Encoder Decoder
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Figure 1: We encode each flattened connectome X into a mean, log-variance, and discrete
class probabilities. An annealing factor (ramping from 0 to 1) scales the mean
and log-variance during training to suppress the continuous pathway early on and
encourage reliance on the discrete space before transitioning to full joint optimiza-
tion. The continuous latent variable zc is sampled via the VAE reparameterization
trick, and the discrete variable zd is sampled using the Gumbel–Softmax followed
by an argmax. The concatenated latent vector [zc, zd] is then decoded to recon-
struct X̂.

2.4. Framework of Architectural Annealing Joint-VAE

Following this annealing mechanism, our Architectural Annealing Joint-VAE framework (Fig-
ure 1) models structural connectomes using both continuous and discrete latent variables.
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The encoder receives the flattened upper-triangular portion of each connectome and pro-
cesses it through four fully connected layers with ReLU activations. From the final encoder
layer, we obtain three outputs: the mean vector µ, the log-variance vector log σ2, and the
logits α that parameterize the discrete latent. The continuous latent zc is sampled using
the standard VAE reparameterization trick applied to the annealed parameters (µλ, log σ

2
λ),

while the discrete latent zd represents 25 categorical classes and is sampled via the Gumbel-
Softmax reparameterization trick. The decoder mirrors the encoder’s structure and recon-
structs the predicted connectome X̂ from the concatenated latent vector (zc, zd), allowing
the model to leverage both latent pathways throughout training. The model is trained
for 2500 epochs with a batch size of 512 and each epoch has 14 iterations. The λ value
was increased from 0 to 1 over 5, 000 iterations and for the rest of the training regime, it
remained at 1.

2.5. Experiments

In our first experiment, we evaluate whether the manual capacity-tuning strategy from
the original Joint-VAE (Eq. 5) provides stable control over how information is allocated
between the continuous and discrete latent spaces. We fix the penalty weight to β = 100 to
strongly enforce adherence to the prescribed capacities. For the discrete latent space, the
KL term is theoretically upper-bounded by logK under a uniform prior, and Dupont (2018)
recommend setting the target capacity equal to this value; accordingly, we set Cd = logK.
We then vary only the continuous capacity, training three models with Cc ∈ 50, 500, 2000
to assess how sensitive site-structure recovery is to this manual capacity specification.

Next, we compare our proposed model-based annealing strategy against the alternative
approach that applies annealing solely in the loss function (Eq. 7). We include two additional
baselines: a linear principle component analysis (PCA) and k-means pipeline and a non-
linear baseline where a standard VAE’s continuous latent space is clustered using k-means.
For all hybrid models, discrete assignments are obtained from the Gumbel–Softmax output.
To quantify how well each method recovers the underlying acquisition sites, we compute the
Adjusted Rand Index (ARI) between inferred clusters and ground-truth site labels. ARI
measures similarity between two labelings while correcting for chance agreement, ranging
from –1 (worse than random) to 1 (perfect agreement), with 0 indicating chance-level cor-
respondence. This makes ARI well suited for evaluating latent site-structure discovery. To
assess variability, we bootstrap the dataset with 1, 000 resamples and report the resulting
ARI distributions for all models. We perform a t-test on the bootstrapped ARI values at 25
classes, which is the true number of sites to demonstrate that the observed improvements
are statistically significant.

3. Results

3.1. Manual Capacity tuning on Joint-VAE

When Cc = 50, the discrete codes recover a reasonable site structure, with distinct clusters
that align well with the true site labels. However, as Cc is increased to 500 and then 2, 000,
the model increasingly relies on the continuous latent zc, and the discrete assignments lose
granularity, collapsing previously distinct site clusters (Figure 2) . This behavior highlights
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that the Joint-VAE objective is highly sensitive to manual capacity tuning and that small
changes in Cc can qualitatively alter how information is distributed between continuous and
discrete latent spaces.

True
Site

Inferred 
discrete 
class

Capacity 50 Capacity 500 Capacity 2000

Figure 2: Latent space of the Joint-VAE (colored by ground-truth sites and learned discrete
classes). As continuous capacity increases, the discrete space collapses, merging
distinct site clusters and illustrating the sensitivity of the original Joint-VAE to
manual capacity tuning, motivating the need for a principled, automatic mecha-
nism to balance continuous and discrete representations.

3.2. Site learning comparison for improved Joint-VAE with annealing

We then evaluate how well each method recovers the underlying acquisition sites by varying
the number of discrete classes from 5 to 25, where 25 corresponds to the true number of sites
in the dataset. For PCA and the fully continuous VAE baseline, we use the same number
of clusters for k-means. At low numbers of classes, PCA, the continuous VAE, and both
Joint-VAE variants perform similarly, likely because the small number of classes forces
many true sites to be merged together, effectively averaging across multiple acquisition
conditions. However, as the number of classes approaches the true value, the differences
between methods become pronounced. Beginning around 20 classes, both PCA and the
loss-annealed Joint-VAE show a marked drop in performance, whereas the model-annealed
Joint-VAE remains substantially more stable. At 25 classes, the ARI achieved by the model-
annealed Joint-VAE is significantly higher (p < 0.05) than all other methods, indicating that
model-level annealing yields far more reliable and robust site. discovery(Fig. 3A).

To better understand what the model learns, we visualize the continuous latent space
in two dimensions usint t-SNE (Fig. 4), coloring each point by the discrete assignments
inferred by the model. The assignments closely match the ground-truth site labels, which are
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defined by unique combinations of acquisition parameters. To further probe this structure,
we color the same latent space using the acquisition parameters themselves. The latent
space separates multi-shell from single-shell acquisitions clearly, and within the single-shell
group, the latent space smoothly organizes subjects according to TE, TR, and angular
resolution (number of directions). These patterns demonstrate that the model discovers a
meaningful factorization of acquisition variability: rather than being driven by any single
parameter, the structure reflects a nonlinear combination of all acquisition characteristics.
Importantly, this organization emerges in an unsupervised manner solely through the joint
continuous–discrete representation.

B) Model sensitivity to annealingA) Site learning comparison

Figure 3: A) ARI comparison across methods as the number of discrete classes varies.
Joint-VAE with model-based annealing and Joint-VAE with loss-based anneal-
ing both outperform PCA+k-means and VAE+k-means as the number of classes
approaches the true number of acquisition sites (25), with the model-annealed
Joint-VAE showing the most stable and consistently high ARI (p < 0.05; 1000
bootstrap resamples). B) Sensitivity analysis of the annealing suppression du-
ration. Both ARI and homogeneity remain stable across a wide range, with
performance degrading when suppression consumes most of training, indicating
robustness to this hyperparameter while highlighting the need for sufficient joint-
optimization time.

3.3. Sensitivity of improved Joint-VAE to annealing

To assess how sensitive the proposed method is to the annealing hyperparameter, we perform
a sweep over the number of iterations used for the linear increase of λ. Because λ always
ranges from 0 to 1, its effect is controlled entirely by the duration of the warm-up schedule.
We therefore vary the annealing length from 5, 000 iterations up to the full 35,000 training
iterations, with the latter effectively suppressing joint optimization for the entire training
regime(Fig. 3B). Across most of this range, both ARI and homogeneity remain stable,
indicating that the model is relatively robust to the choice of warm-up length. However,
when the annealing schedule is extended too far, the model’s ability to recover site structure
degrades: prolonged suppression of the continuous channel prevents the network from fully
transitioning into the joint learning objective.
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Colored by true site 
labels

Colored by discrete 
assignments

Influence of acquisition 
parameters on latent space

Figure 4: Left: Data points colored by true acquisition site and model-learned discrete as-
signments, showing strong correspondence. Right: the same space colored by
acquisition parameters using the LAB scientific color space (L = TE, A = TR, B
= #directions). Marker size indicates shell value for single-shell data, and sym-
bol type indicates shell combinations for multi-shell data. The latent structure
captures multiple acquisition characteristics simultaneously, demonstrating that
the model learns diverse sources and groupings of acquisition variability.

4. Discussion and Conclusion

Our findings demonstrate that hybrid continuous–discrete latent spaces provide a useful
mechanism for capturing acquisition-related variability in dMRI in a fully unsupervised
manner. By explicitly modeling both smooth variation and categorical structure, the Joint-
VAE is able to recover meaningful clusters corresponding to scanner and protocol differences.
The proposed model-based annealing strategy further offers a principled way to balance
the capacities of the continuous and discrete components without manual tuning, enabling
stable and reliable site discovery across a wide range of settings. The structure of the learned
latent space reinforces that no single acquisition parameter dominates dMRI variability.
Instead, the latent representation reveals that TE, TR, angular resolution, b-values, and
shell structure all contribute jointly, and the hybrid latent space naturally captures this
multi-factor dependence.

A notable limitation is that the latent space is dominated by acquisition-related varia-
tion rather than biological differences between subjects. This is expected in a fully unsu-
pervised setting given the strength of acquisition effects in large, heterogeneous datasets,
but it highlights an important direction for future work. A semi- or weakly supervised
extension—where the discrete latent variable captures acquisition structure in this unsu-
pervised way, while dedicated continuous dimensions are encouraged to encode biological
variability—could better separate these factors. Such models would support large-scale,
cross-study neuroimaging analyses that account for acquisition heterogeneity while preserv-
ing meaningful biological signal.
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