
SIGMA-VAE: Sketched Isotropic Gaussian
Multi-View Autoencoder for Normative Modeling

Mariam Zabihi1,2,3[0000−0002−7083−2318], Sicheng Dai1, Andre
Schmidt4[0000−0001−6055−8397], Katrin Preller4, Andrew

Watrous4[0000−0002−3107−3726], Klaus Bornemann4, James
Cole2[0000−0003−1908−5588], Andre Marquand3[0000−0001−5903−203X], Yanwu
Yang1,5[0000−0002−7547−4580], and Thomas Wolfers1,6,7[0000−0002−7693−0621]

1 Department of Psychiatry and Psychotherapy, University Hospital Tübingen,
Tübingen, Germany

2 Hawkes Institute, Department of Computer Science, University College London,
London, United Kingdom

3 Department of Cognitive Neuroscience, Radboud University Medical Center,
Nijmegen, the Netherlands

4 Boehringer Ingelheim Pharma GmbH and Co. KG, Biberach an der Riss, Germany
5 Max Planck Institute for Intelligent Systems, Tübingen, Germany

6 Department of Psychology, Friedrich Schiller University of Jena, Germany
m.zabihi@ucl.ac.uk

Abstract. Normative modeling characterizes heterogeneous brain pathol-
ogy by quantifying individual deviations from a healthy reference popu-
lation. Variational autoencoders (VAEs) are widely used for this purpose,
but latent-space irregularities can compromise distance-based deviation
measures and interpretability. We propose SIGMA-VAE, a Sketched Isotropic
Gaussian Multi-view Autoencoder for robust and interpretable norma-
tive modeling. SIGMA-VAE combines (i) Sketched Isotropic Gaussian
Regularization to enforce a well-formed latent geometry with more re-
liable Euclidean anomaly scores, (ii) learnable sparsity via L0 regu-
larization for compact and interpretable representations, and (iii) an
uncertainty-aware W-score that weights deviations by posterior vari-
ance to mitigate false positives due to image ambiguity and scanner con-
founds. We evaluate SIGMA-VAE on over 40,000 structural brain scans
from 328 scanners, demonstrating improved sensitivity to individual-
level anomalies, biologically meaningful deviations, and robust general-
ization to unseen scanners. In downstream discrimination tasks, SIGMA-
VAE achieves strong performance for Alzheimer’s disease, with AUCs of
0.91± 0.01 (n = 207) on a held-out test set and 0.87± 0.01 (n = 585) on
an external test set acquired from previously unseen scanners. These re-
sults show that SIGMA-VAE enables scalable, interpretable, and robust
normative modeling across views and at scale.

Keywords: Normative and Reference Class Modeling · Brain imaging · Uncer-
tainty quantification · Latent space regularization · Sketched Isotropic Gaussian
Regularization (SIGReg).
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1 Introduction

Normative modeling has emerged as a powerful framework for characterizing bi-
ological heterogeneity in neurological and psychiatric disorders [1–3]. By learning
a statistical reference of healthy brain structure and function, these models en-
able the quantification of individual-level deviations, thereby moving beyond
traditional case–control group comparisons [4–6]. To scale normative modeling
to high-dimensional neuroimaging data, recent work has increasingly relied on
deep generative models, in particular, Variational Autoencoders (VAEs) [7–9].
In this setting, VAEs learn a low-dimensional latent representation of healthy
variation and reconstruct observations from this latent space, allowing deviations
from normality to be quantified either via reconstruction error or via distances
in the latent space relative to a learned normative manifold.

Despite this conceptual appeal, the practical utility of VAE-based norma-
tive models is limited by several structural challenges. First, the standard VAE
objective based on the Kullback–Leibler divergence often fails to enforce a glob-
ally coherent latent geometry, leading to aggregate posterior mismatch [10]. This
manifests as regions of low probability density or “holes” in latent space, where
distance-based anomaly scores become unreliable [11]. Second, standard VAEs
typically learn dense and entangled latent representations in which individual di-
mensions lack clear biological interpretation, complicating the attribution of de-
tected deviations to meaningful anatomical processes [12]. Finally, demographic
factors such as age and sex, along with normative developmental and aging
trajectories, often covary nonlinearly with pathology, making it challenging to
disentangle healthy variation from disease-related effects within latent represen-
tations.

In this work, we propose the Sketched Isotropic Gaussian Multi-view Autoen-
coder (SIGMA-VAE), a unified framework for robust and interpretable multi-
view normative modeling. SIGMA-VAE directly addresses the limitations of ex-
isting VAE-based approaches through three complementary innovations. First,
Sketched Isotropic Gaussian Regularization (SIGReg) imposes a spectral con-
straint via characteristic function matching [13], yielding a compact, hole-free
latent geometry that supports valid Euclidean anomaly scoring. Second, learn-
able sparsity induced by L0 regularization [14] enables the automatic discov-
ery of a minimal and interpretable set of latent factors. Third, we introduce
an uncertainty-aware W-score that weights individual deviations by epistemic
uncertainty [15], reducing false positives caused by noisy or ambiguous observa-
tions.

The main contributions of this work are threefold: (i)Geometrically valid
latent representations via spectral regularization, enabling reliable distance-
based deviation measures. (ii)Sparse, interpretable latent structures through
the automatic selection of a minimal set of meaningful dimensions. (iii)Uncertainty-
aware deviation scoring for improved robustness and sensitivity under distri-
bution shift.
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2 Method

2.1 Overview

We formulate normative modeling as a conditional density estimation problem.
Given covariates c, we learn the distribution p(x | c) of neuroimaging features
x and quantify individual atypicality via deviations from this distribution. The
Conditional SIGMA-VAE introduces a latent variable z ∈ RK with a prior
p(z) = N (0, I) to capture individual-level deviations from the normative tra-
jectory, where z = 0 corresponds to the expected anatomy given c. Concretely,
SIGMA-VAE (i) conditions on demographic covariates, including age and sex,
to model normative developmental and aging effects; (ii) employs SIGReg [13]
to enforce a geometrically well-formed latent space; and (iii) applies L0 regular-
ization [14] to identify a minimal and interpretable subset of latent dimensions.
Fig. 1 shows the method overview.

Fig. 1. Architecture of SIGMA-VAE for normative modeling.

2.2 Conditional Generative Model

Let x(m) ∈ RDm denote the features from view m ∈ {1, . . . ,M}. Each view has
a dedicated encoder-decoder pair {E(m)

ϕ , D
(m)
θ }. Features are first modulated by

a learned attention mechanism, then concatenated with c before being encoded
into a diagonal Gaussian posterior q

(m)
ϕ (z | x(m), c) = N (µ(m), diag(σ2(m))).

Multi-View Fusion. View-specific posteriors are combined with the prior via
the Product-of-Experts (PoE) [16]:

qϕ(z | x(1:M), c) ∝ p(z)
∏

m∈M
q
(m)
ϕ (z | x(m), c), (1)

where M is the set of observed views. Since all factors are diagonal Gaussians, the
fused posterior is available in closed form with precision τ fused = 1+

∑
m σ−2(m)
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and mean µfused = τ−1
fused ⊙

∑
m σ−2(m) ⊙ µ(m). The prior shrinks the fused

posterior toward zero when encoders are uncertain, and the formulation naturally
handles missing views. Decoders reconstruct each view as pθ(x

(m) | z, c) =

N (D
(m)
θ ([z; c]), I).

2.3 Regularization

SIGReg. Standard KL regularization constrains individual posteriors but not
the aggregate q(z). We replace it with SIGReg [13], which directly enforces
q(z) ≈ N (0, I) by matching empirical and theoretical characteristic functions
via random projections. This ensures a globally isotropic latent geometry where
Euclidean distance is a valid anomaly measure. Note that replacing KL with
SIGReg means we no longer optimize a standard ELBO; instead, we minimize
reconstruction error subject to a distributional constraint on the aggregate pos-
terior. SIGReg and the PoE prior are complementary: the prior regularizes in-
dividual fusion, while SIGReg constrains population-level geometry.

L0 Sparsity. We introduce learnable gates g ∈ [0, 1]K via the Hard Concrete
distribution [14], yielding gated latents zgated = z ⊙ g. An L0 penalty on the
expected number of active gates encourages the model to discover a minimal
set of dimensions. Temperature annealing ensures gates become binary during
training; at inference, gk = 1[σ(logαk) > 0.5].

Training objective. The full objective is:

L = λrecon

M∑
m=1

1

Dm
∥x(m)− x̂(m)∥22+λSIG LSIG+λL0 LL0+λvar

(
E[log σ2]

)2 (2)

where the final term prevents posterior variance collapse. Training uses two
phases: structure discovery with active L0 and temperature annealing, followed
by fine-tuning with frozen gates and increased reconstruction weight.

2.4 Quantifying Individual Deviations

Given the encoder mean µik and variance σ2
ik for subject i and dimension k,

we define the uncertainty-aware W-score Wik = µik/
√
1 + σ2

ik, which preserves
high-confidence deviations while attenuating uncertain estimates. An overall
anomaly score is computed as Ai = ∥Wi∥2 across active dimensions. Under
SIGReg, A2

i approximately follows a χ2 distribution for healthy controls when
encoder uncertainty is low, enabling principled threshold selection. Anatom-
ical Interpretation. To map latent dimensions to brain regions, we perturb
one dimension at a time from the normative reference (z = 0) and compute
the difference in the decoded output. This captures the full non-linear decoder
response at clinically relevant magnitudes, revealing which anatomical regions
are most affected by each latent dimension.
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3 Experiments and Results

3.1 Implementation and Experimental Setup

Architecture and Training. The proposed multi-view framework, shown in
Fig. 1, was implemented to generate conditional W-scores. Each view-specific
encoder consists of a feature attention block followed by an MLP backbone with
hidden dimensions [512, 256, 128], batch normalization, ReLU activations, and
dropout (p = 0.1). Decoders mirror this structure with hidden dimensions [128,
256, 512]. The covariate vector c = [age, sex] is concatenated to the inputs of
both the encoder and decoder networks. As shown in the Shared Latent Space
(Fig. 1, center), representations are fused via a Product-of-Experts (PoE) layer,
followed by an L0 gating mechanism that identifies K∗ active dimensions from
a 32-dimensional raw latent space. Training is conducted in a two-phase regime:
(1) joint learning of the L0 gate and reconstruction parameters, and (2) fine-
tuning of the conditional decoders. The resulting anomaly scores, defined as
the L2 norm of the active W-score vector, serve as the primary discriminating
statistic for the benchmarking experiments summarized in Table 1.

Ablation study. To isolate the contributions of individual SIGMA-VAE
components, we compare four model variants that share identical architectures,
training schedules, and preprocessing pipelines: (1) KL, which replaces SIGReg
with standard KL regularization at a fixed latent dimensionality (K = 32); (2)
KL+L0, which augments the KL baseline with L0 sparsity gating; (3) SIGReg,
which applies isotropic Gaussian regularization without sparsity at K = 32; and
(4) SIGMA-VAE, the full model combining both components. Variants are
evaluated concerning latent-space calibration and clinical discriminability (AUC
on held-out cohorts). Reconstruction quality (mean squared error per structural
view) is not reported as a comparative metric, as the effective latent dimension-
ality differs substantially across variants (K∗ ∈ {5, 20, 32}). Models with a larger
number of active dimensions trivially achieve lower reconstruction error, indepen-
dent of latent-space geometry or normative validity. Consistent with this, mean
per-view reconstruction MSE rose as effective dimensionality fell (SIGReg 0.15
and KL 0.18 at K=32; KL+L0 0.20 at K∗=20; SIGMA-VAE 0.36 at K∗=5;
λrecon=10), confirming that reconstruction error tracks latent capacity rather
than normative validity. Latent-space calibration is assessed via empirical cover-
age of healthy controls at nominal χ2(K∗) thresholds {80%, 90%, 95%, 99%}; a
well-calibrated model retains the corresponding fraction of healthy subjects be-
low each threshold. We hypothesize that neither component alone is sufficient:
SIGReg without sparsity cannot maintain isotropy when all latent dimensions
are required for reconstruction, while L0 regularization without SIGReg lacks
the normative calibration necessary for standardized anomaly detection. Only
the full SIGMA-VAE model jointly yields a geometrically valid latent space and
data-driven dimensionality, producing w-scores with the conservative normative
properties required for reliable clinical inference.

Optimization. Models are trained using the Adam optimizer with an initial
learning rate of 10−3 (Phase 1, number of epochs=10,000) and 10−5 (Phase 2,
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number of epochs=2000), weight decay of 10−6, and gradient clipping at a norm
of 1.0. The learning rate is reduced by a factor of 0.5 when the validation loss
plateaus (with a patience of 15 epochs). The batch size is 128.

Hyperparameters. Loss weights are set to λrecon = 10, λSIG1 = .75,
λSIG2

= 15, λL0
= 5, λKL = 1 and λvar = 10−4. The L0 schedule consists

of a 50-epoch warmup followed by a 100-epoch ramp-up. Temperature annealing
is performed from 0.67 to 0.1 over 200 epochs. The initial latent dimensionality
is set to K = 32.

Data. Structural MRI features are derived using FreeSurfer v7.3 and include
subcortical volumes (33 regions), cortical thickness (68 parcels), and cortical sur-
face area (68 parcels). The model is trained exclusively on healthy reference data.
Evaluation is performed on two held-out datasets: (i) an in-distribution test set
with demographic characteristics and scanners overlapping the training data,
and (ii) an out-of-distribution external dataset with an older age distribution
and entirely unseen acquisition sites and scanners. The training set comprised
20,655 healthy controls (50% male; age 26.5 ± 16.7 years, range: 3–100) ac-
quired across 215 scanners from 113 datasets, including cohorts from ABIDE
I/II [17], ADHD-200 [18], the Human Connectome Project (Young Adult and
Lifespan cohorts) [19, 20], Cam-CAN [21], HBN [22], PNC [23], and 103 Open-
Neuro datasets.

In-distribution test evaluation utilized 8,341 subjects (65% male; age 22.9±
19.2 years, range: 5–94) across 81 scanners, drawn from a subset of 19 training
datasets including ABIDE [17], ADHD-200 [18], COBRE, HBN [22], and TCP.

Out-of-distribution external validation was performed on 15,419 subjects
(50.2% male; age 54.5 ± 22.3 years, range: 6–97) across 113 scanners from six
independent datasets not used during training: AIBL [24], CoRR/NKI-RS [25],
OASIS-3[26], PPMI [27], and SRPBS-TS[28].

3.2 Results

Latent Space Geometry and Normative Calibration The L0 regular-
ization automatically selected K∗ = 5 active dimensions from the initial 32-
dimensional latent space. Fig. 2A shows that W-score distributions in healthy
controls closely approximate N (0, 1) per dimension (µ ≈ 0, σ ∈ [0.83, 0.96]),
with comparable alignment in held-out and external cohorts, confirming that
SIGReg’s marginal isotropy generalizes beyond the training distribution. The
learned dimensions are largely disentangled (mean |r| = 0.035, max |r| = 0.15),
suggesting they capture independent axes of brain morphological variation. Nor-
mative calibration assessed via empirical coverage (Fig. 2B) shows that SIGMA-
VAE achieves the closest agreement with nominal χ2(5) thresholds across all co-
horts, while ablation variants deviate substantially, the KL baseline over-retains
up to 15.5% of healthy subjects at the 80% threshold, confirming that both
SIGReg and L0 are necessary for a well-calibrated normative latent space.

Diagnostic Evaluation We assessed diagnostic classification using the area
under the receiver operating characteristic curve (AUC), comparing each di-
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Fig. 2. Latent-space geometry and normative calibration of SIGMA-VAE
(healthy controls). (A) W-score Q–Q plots against N (0, 1) for the K∗ = 5 active
latent dimensions (µ ≈ 0, σ ∈ [0.83, 0.96]). (B) Empirical coverage at nominal χ2(K∗)
thresholds, averaged across training, test, and external cohorts (mean ± std).

agnostic group against healthy controls. To reduce the confounding effects of
site, age, and sex, we employed a confound-aware evaluation protocol in which
healthy controls were matched 1:1 to patients within each validation fold using
greedy nearest-neighbor matching (exact matching for site and sex, as well as a
5-year caliper for age). For disorders with sufficient site diversity (≥ 3 sites), we
employed a leave-one-site-out cross-validation scheme to explicitly assess gener-
alization to unseen acquisition environments. For the remaining disorders, strati-
fied 5-fold cross-validation was used, with folds jointly stratified by diagnosis and
site. As the discriminative statistic, we used the anomaly score defined as the
ℓ2 norm of the W-score vector across active latent dimensions, without training
an additional classifier. Model performance is reported as the mean ± standard
deviation across folds and is summarized in Table 1. Across all evaluated disor-
ders, SIGMA-VAE consistently outperformed all baseline models. Alzheimer’s
disease achieved high classification accuracy (AUC = 0.91± 0.01), cognitive im-
pairment showed strong discrimination despite the small sample size (n = 15;
AUC = 0.88± 0.01), and broader neurodegenerative conditions exhibited mod-
erate separation (AUC = 0.82± 0.07).

Importantly, performance generalizes well to external validation datasets ac-
quired at independent sites and on scanners unseen during training. Discrimina-
tive accuracy remains robust for Alzheimer’s disease (AUC = 0.87±0.01), cogni-
tive impairment (AUC = 0.82±0.02), and general neurodegenerative conditions
(AUC = 0.80±0.01), with only minor degradation relative to held-out test perfor-
mance. In contrast, baseline models exhibit substantially higher variance on ex-
ternal data for Alzheimer’s disease (standard deviation up to ±0.16), indicating
reduced stability under site shift. The consistent performance of SIGMA-VAE
across datasets suggests that its normative deviation scores capture disorder-
related brain alterations rather than site- or scanner-specific artifacts.

Anatomical Interpretation via Perturbation Analysis To characterize the
neuroanatomical patterns encoded by each latent dimension, we varied individual
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Table 1. Classification performance (AUC ± SD) for diagnostic classifica-
tion. Matching was performed on site, sex, and age using either Leave-One-Site-Out
cross-validation or stratified 5-fold cross-validation. N denotes the number of patients
(ND: neurodegenerative). The best performance is shown in bold.

Disorder Model AUC Test (N) AUC External (N)
Alzheimer’s Disease KL Baseline 0.80 ± 0.02 (207) 0.65 ± 0.16 (585)

KL + L0 0.82 ± 0.03 (207) 0.72 ± 0.14 (585)
SIGReg 0.78 ± 0.01 (207) 0.69 ± 0.15 (585)
SIGMA-VAE 0.91 ± 0.01 (207) 0.87 ± 0.01 (585)

Cognitive Impairment KL Baseline 0.79 ± 0.20 (15) 0.71 ± 0.04 (185)
KL + L0 0.82 ± 0.20 (15) 0.72 ± 0.05 (185)
SIGReg 0.78 ± 0.25 (15) 0.70 ± 0.04 (185)
SIGMA-VAE 0.88 ± 0.01 (15) 0.82 ± 0.02 (185)

ND (General) KL Baseline 0.71 ± 0.06 (41) 0.67 ± 0.04 (164)
KL + L0 0.74 ± 0.06 (41) 0.70 ± 0.02 (164)
SIGReg 0.67 ± 0.09 (41) 0.66 ± 0.05 (164)
SIGMA-VAE 0.82 ± 0.07 (41) 0.80 ± 0.01 (164)

W-scores by ±3 standard deviations while holding all others fixed and mapped
the resulting changes onto subcortical ROI volumes (Fig. 3). The L0 sparsity
constraint encourages each dimension to capture a compact, non-overlapping
anatomical subsystem. W0 encodes ventricular and CSF structures; W1 isolates
the posterior fossa, with effects concentrated in the cerebellar cortex and brain-
stem; W2 and W3 reveal thalamo-striatal patterns with opposing cerebellar con-
tributions; and W4 captures a predominantly cerebellar axis. Parallel cortical
perturbations (not shown) indicate that W3 drives cortical thickness variation
in frontal and parietal regions, while W2 governs cortical surface area in temporal
and frontal regions. Together, these results confirm that the learned latent space
recovers biologically grounded and interpretable axes of brain morphometry.

Fig. 3. Latent-Dimension-Specific Perturbation Effects on Subcortical Vol-
umes. Subcortical perturbation maps for dimensions W0–W4, obtained by varying each
latent dimension by ±3 SD for a representative 26-year-old male. Colors denote the di-
rection and magnitude of reconstructed volumetric changes (blue: negative; red/yellow:
positive).
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4 Conclusion

We presented SIGMA-VAE, a multi-view normative modeling framework that
integrates Sketched Isotropic Gaussian Regularization with L0 sparsity gating.
By training on over 40,000 scans, the model automatically discovers a low-
dimensional, disentangled latent space that recovers biologically grounded neu-
roanatomical axes. Our results show that SIGMA-VAE yields statistically well-
calibrated W-scores and achieves robust generalization to unseen scanners and
external cohorts, outperforming traditional VAE baselines in clinical discrimina-
tion. By reconciling high-dimensional feature integration with neuroanatomical
interpretability, this framework provides a principled foundation for large-scale,
individualized anomaly detection in clinical neuroimaging. Future work will ex-
tend this approach to longitudinal trajectories and multi-modal integration.
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