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Abstract. Diffusion MRI (dMRI) is an advanced imaging technique
that can characterize tissue microstructure and map white matter con-
nections in vivo. Anomaly detection of brain lesions, such as tumors,
white matter hyperintensities, and intracerebral hemorrhage, is a criti-
cal task in dMRI, supporting neurological disease diagnosis and surgical
planning. Unsupervised anomaly detection leveraging uncertainty mod-
els offers an effective approach for distinguishing diffusion measures of
abnormal tissues from those of normal structures. However, this task is
complicated by acquisition noise and cross-protocol variability, which can
obscure subtle pathological signals. In this study, we propose DDecomp,
a masked-autoencoder-based framework trained on healthy data that de-
composes predictive uncertainty and leverages the epistemic component
as an out-of-distribution cue for unsupervised anomaly detection. The
key idea is to disentangle uncertainty arising from inherent data noise
from uncertainty indicative of model mismatch to pathology, thereby gen-
erating an epistemic map that is specific to the anomaly. Once trained,
the model generalizes to detect multiple lesion types within a unified
framework. In the experiments, we evaluate our method on three diverse
clinical cohorts (tumors, white matter hyperintensities, and intracerebral
hemorrhage) acquired with different scanners and protocols. Across all
cohorts, our approach achieves robust lesion detection and consistently
outperforms state-of-the-art baselines.

Keywords: Diffusion MRI - Uncertainty Decomposition - Unsupervised
Anomaly Detection - Deep Learning.

1 Introduction

Diffusion MRI (dMRI) is an advanced imaging technique that can characterize
tissue microstructure [1] and map white matter connections in vivo [2]. dMRI
has been widely used to study and monitor many neurological disorders [3]. For
example, white matter hyperintensities (WMH), which are common in aging and
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vascular diseases; glioma, a type of brain tumor; and intracerebral hemorrhage
(ICH), which results from bleeding in the brain. Reliable lesion localization in
dMRI-derived scalar maps such as fractional anisotropy (FA) and mean diffusiv-
ity (MD) remains difficult due to the following factors [4]. dMRI is sensitive to
acquisition noise, scanner hardware, and protocol differences [4,10]. dMRI also
has lower spatial resolution than structural MRI [5,16], and voxel level lesion
labels are costly and often ambiguous [6]. Furthermore, lesion appearance can
vary across etiologies, reflecting various types of imaging signals.

Unsupervised anomaly detection (UAD) is an effective approach for distin-
guishing diffusion measures of abnormal tissues from those of normal structures
[6]. It avoids dense lesion labels and can leverage large unlabeled datasets. Specif-
ically, masked autoencoder (MAE) is a widely used approach to enable UAD to
learn latent representations by reconstructing masked patches from visible con-
text 7] and is often built on Vision Transformers (ViTs) [8]. MAE-based UAD
has been explored in medical imaging settings for lesion detection [9], which pro-
vides a promising strategy for dMRI-based anomaly detection. We apply MAE
to 3D mean diffusivity (MD) volumes by masking 3D patches and reconstructing
the missing regions to produce voxel-wise anomaly maps. However, high recon-
struction error can reflect not only the pathology but also acquisition noise or
protocol differences [10]. As a result, a high score is not necessarily specific to
the abnormal lesion regions.

Uncertainty quantification is another approach for UAD [12]. It involves two
types of uncertainty: aleatoric and epistemic. Aleatoric uncertainty captures data
noise and protocol variability, while epistemic uncertainty reflects the model’s
limited knowledge due to finite data or capacity. Bayesian deep learning distin-
guishes aleatoric and epistemic uncertainty [12]. Monte Carlo (MC) dropout is a
practical approximation [13,14] that samples random subnetworks at test time
to estimate predictive uncertainty [13].

In dMRI-related work, the recently proposed DDEvENet [11] has attempted
to leverage uncertainty quantification to assist in the identification of abnormal
lesions while performing anatomical brain parcellation. However, it does not
explicitly separate these two types of uncertainty [11,12], which can result in
uncertainty estimates influenced by both noise and cross-protocol variability [10].
In dAMRI, observation noise and cross-protocol shift can be substantial [4,10],
so MC dropout uncertainty can become a mixed signal and may be unreliable
for lesion localization. MAE reconstruction also introduces randomness through
the mask pattern [7], and lesion scores based on a single mask can be unstable.
To our knowledge, uncertainty decomposition has not been explored for dMRI
uncertainty maps.

In this study, we propose DDecomp, a masked-autoencoder-based framework
that makes uncertainty a pathology-sensitive cue for unsupervised anomaly de-
tection in dMRI. The central novelty is to explicitly disentangle uncertainty
driven by acquisition noise and cross-protocol variability (aleatoric) from uncer-
tainty caused by model mismatch to out-of-distribution tissue (epistemic), and
to leverage the epistemic component for lesion localization. To further address
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Fig. 1. DDecomp: (left) two-stage training; (right) joint MC inference over dropout
and masks.

the instability introduced by stochastic masking in MAESs, we treat the mask as a
nuisance variable and marginalize it at inference, yielding a more stable posterior
predictive estimate. Built on a ViT-MAE backbone [7,8] with heteroscedastic
modeling, DDecomp produces a calibrated voxel-wise epistemic map via uncer-
tainty decomposition, improving lesion specificity under substantial noise and
protocol shift. We additionally introduce an uncertainty signal-to-noise metric
to quantify salience in pathological regions, and demonstrate that a single trained
model generalizes across three heterogeneous clinical cohorts (glioma, WMH, and
ICH) acquired on different scanners and protocols, consistently outperforming
state-of-the-art unsupervised baselines.

2 Method

2.1 Preliminaries

Let £ € REXWXD denote a 3D dMRI-derived scalar volume. We train on a
healthy-only dataset Dy, the Human Connectome Project (HCP) [15,16] and
test on pathological cohorts Dp (e.g., glioma/hemorrhage/ WMH), with Dy N
Dp = @. We partition x into non-overlapping cubic patches of size p X p X p
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(assuming H, W, D are divisible by p). Let patchify(-) map x to a sequence of
patch tokens:

_ HWD

2 = patchify(z) € RF*P, L 3
p

., P=p (1)

Here z, € RY denotes the flattened voxel vector of patch ¢ (single-channel scalar
volume). Let unpatchify(-) denote the inverse mapping back to voxel space. A
binary mask M € {0, 1}” indicates visible and masked patch indices:

V(M) ={t| My =1},  M(M)={{]M,= 0} (2)

Given M, the MAE encoder processes only visible tokens 2y = {z¢}eev ),
while the decoder receives (i) encoded visible tokens and (ii) learned mask tokens
inserted at masked positions prior to reconstruction. We model the conditional
reconstruction distribution over masked tokens as

po(zm | 2y, M) (3)

where 6 denotes learned network parameters.

2.2 Training: Two-stage heteroscedastic likelihood learning

To explicitly model observation noise and cross-protocol variability, we equip the
decoder with two heads: a mean head pg(-) and a log-variance head sg(-):

po(zv, M) € RF*P 0 5y(zp, M) e RM*T o = exp(sg) (4)

We assume a diagonal Gaussian likelihood on the masked tokens, factorized
across masked patches and within-patch voxels:

P
poCea | 2, M) =TT [T 25t sto.s(ov M), 03 45 (20,00)) (5)
LeM(M) j=1

Stage I (mean reconstructor) We learn a strong conditional mean recon-
structor via masked MSE (standard MAE objective [7]):

Ose = arg min Eonpy Enrp,(ar) [Lyse (05, M)], (6)

1

EMSE(Q;JJ,M) = W

Z llze — po,e(2v, M)|; (7)

LEM(M)

where p,(M) is the masking distribution with mask ratio p.
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Stage II (heteroscedastic likelihood) Initialized from fysg, we fine-tune
both heads under the heteroscedastic Gaussian NLL [12]:

0 = arg mein Eynpy Enrep, (ar) [ENLL(H; T, M)], (8)

Lnpn(0;z, M) = Z Z (eXp —s0,07) (20 — Ma,ej)2 + Selj)
P jesitn =
(9)

where pg ¢; and sg; are shorthand for pg ¢j(2y, M) and sg¢;(zy, M), respec-
tively, and constants independent of 6 are omitted.

2.3 Inference: Joint MC sampling

To estimate the total uncertainty of the model, we treat network parameters
as a random variable © with posterior p(© | Dy). Exact Bayesian inference is
intractable, so we use MC Dropout [13] as a variational approximation: enabling
dropout at test time induces a distribution ¢(©) around the trained parameters
(dropout regularization follows the standard formulation [13]). Concretely, we
obtain parameter samples Ot) ~ q(O) by performing stochastic forward passes
with dropout enabled.

In addition, because MAE reconstruction is conditioned on a stochastic mask
M, we treat M as a nuisance condition and marginalize it via MC sampling. The
mask-marginalized posterior predictive over masked tokens is:

st | 2.0w) = [ 0,00 ([ plene | v 0M.0) (6| D) a6)

1 K T
o 22 2P 20 M, 00)

k=1t=1

(10)

Q

where M) ~ p (M) and ©®) ~ ¢(O) are sampled by random masks and
dropout-enabled forward passes, respectively.

Each stochastic forward pass yields a Gaussian component with mean and
variance maps:

p(ZM | ZV’M(k)v@(t)) ZN(ZM ptP), diag(o Q(t’k))) ,
PP = g (2p, MK), (11)
2P = exp(sg (2, M*M))

2.4 Uncertainty decomposition
Applying the law of total variance to the joint randomness of (6, M) yields:

Var(z | z, Dn) = Eo,m[Var(z | ©, M)] + Varg m(E[z | ©, M])

=Eo,m[0?(6, M)] + Vare m(1(0, M)) ()
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We estimate these terms from KT samples. The empirical predictive mean is:

K
e W (13

k=1t=1

The aleatoric estimator (heteroscedastic noise term) is:

K
ﬁalca = % Z Z J2(t’k) (14)

The epistemic estimator (variance of predictive means across subnetworks and
mask patterns) is:

K T
o~ 1 2
R (t,k) _ 72
Uep1—<KT > > (u) ) i (15)
A moment-matching estimate of the total predictive variance is:
fjtotal = fjalea + ﬁepi (16)

We use ﬁepi as a noise-corrected epistemic map for lesion localization: it isolates
variability of the predicted mean under changes in (©, M), while ﬁalea captures
heteroscedastic observation noise learned from healthy data. Thus, epistemic
uncertainty reflects model mismatch to the healthy training distribution, while
aleatoric uncertainty captures acquisition/protocol variability. Severe prepro-

cessing failures may still cause epistemic responses and should be excluded by
QC(Quality Control).

2.5 Why epistemic uncertainty detects anomaly?

Healthy samples concentrate near a low-dimensional manifold My. Training on
Dy makes the model confident around My, while inputs that deviate from it
(e.g., lesions) induce larger variability of the predictive mean across stochastic
subnetworks and mask patterns. Under a local linearization ug ar(u) =~ fipr(u) +
Jar(u) (6 — 0), the epistemic component approximately follows

Varg(po,ar(w)) & Jar(u) So Jar(u) T, (17)

so off-manifold regions naturally yield larger Jas(u) and hence higher epis-
temic contrast. Meanwhile, acquisition/protocol variability is captured by the
heteroscedastic head as an aleatoric term o?; separating it prevents nuisance
variance from diluting lesion salience.
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3 Experiments and Results

3.1 Experiments

Data. We trained on 960 healthy HCP subjects [15,16] and tested on three
clinical cohorts: 11 WMH patients from the Second Affiliated Hospital, Zhe-
jlang University School of Medicine (62.6 + 19.8 years; 2F/9M; 3T GE MR750;
TE/TR = 80.8/8000 ms; 30 directions); 22 glioma patients from the First Affili-
ated Hospital of Sun Yat-sen University (48.1 £ 23.1 years; 9F/13M; 3T Siemens
Prisma; TE/TR = 79.0/22000 ms; 1 b = 0, 64 directions); and 20 ICH patients
(GE Discovery MR750; TE/TR = 80.8/8750 ms; 1 b = 0, 30 directions). All
clinical dMRI scans used b = 1000 s/mm?. No HCP subjects were manually
excluded for pathologies, so rare incidental abnormalities may remain.

For each dMRI scan, we computed a diffusion tensor-derived MD map as
network input using Slicer DMRI [17-19]. The baseline image was rigidly regis-
tered to an MNI template using ANTs, and the resulting transform was applied
to MD [20,21]. The MD map was upsampled to 1 mm isotropic voxels with a
matrix size of 192 x 256 x 256.

Implementation details. We trained our model on a single NVIDIA RTX
4090 GPU. In stage one, we trained for 4000 epochs with batch size 8. We used
the Adam optimizer with a learning rate 0.0001 and a mask ratio 0.75 [23]. In
stage two, we trained for 200 epochs with batch size 8. Inference used K = 100,
T = 10, and took about 2 min per subject on RTX 4090. The implementation was
based on PyTorch [22].Code and weights will be released at https://github.
com/WHOO00OS/DDecomp.

Baselines and evaluation metrics. Prior dMRI-based studies often focus on
unsupervised lesion detection using reconstruction error, or on uncertainty out-
puts from uncertainty quantification models. We refer to both as anomaly scores.
We compared our method with the uncertainty quantification model DDEvENet
[11] and an MAE-based UAD baseline, denoted as MAE-UAD.

We threshold each anomaly map into a binary lesion mask and compute Fjg
against ground truth, with § = 3 to emphasize recall; AUROC is also reported
[24, 25]. Anomaly scores can be affected by acquisition noise, scanner hardware,
and protocol differences, and high responses can also appear near some brain
boundaries. AUROC is less sensitive to this behavior.

To reflect the strength of effective signal relative to background response, we
designed a SNR metric for comparing the salience of lesions in anomaly maps
across DDecomp, DDEvENet, and MAE-UAD. We define SNR as the sum of
anomaly values within the lesion region divided by the sum of anomaly values
within the non-lesion region:

ZUEQles a(v)

SNR = .
EvEQnon a(v)

(18)
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Table 1. Comparison of DDEvENet, MAE-UAD, and DDecomp on glioma, WMH, and
ICH. AUROC, F3, and SNR are reported. For fairness, each model uses its selected
anomaly threshold when computing F3.

Models glioma WMH ICH

AUROC  F3 SNR | AUROC  F3 SNR | AUROC  Fj3 SNR

0.86 0.36 0.04 0.89 0.21 0.02 0.87 0.36 0.04

DDEVENet +£0.07  +£0.09 =£0.02 | +£0.04 +0.06 +£0.01 | +0.10 +0.12 =+0.02
0.95 0.66 0.33 0.92 0.40 0.06 0.98 0.67 0.23

MAE-UAD +0.04 +0.16 +£0.03 | +0.04 +0.11 +0.03 | +0.02 £0.22 +0.05
DDecom 0.95 0.75 1.83 0.95 0.59  0.27 0.99 0.80 0.84
Pl 4005 +0.12 +0.16| +£0.04 +0.15 +0.07| +0.01 +0.14 +0.18

Here a(v) is the anomaly value at voxel v, 2,5 denotes lesion voxels, and (2,05
denotes non-lesion brain voxels.

3.2 Results

Table 1 reports detection performance of DDEvENet, MAE-UAD, and DDe-
comp on the glioma, WMH, and ICH datasets. Our method remains better than
the baselines on AUROC, F3 and also achieves substantially higher SNR than
DDEvENet and MAE-UAD. This pattern is consistent with more effective sepa-
ration of uncertainty components and a cleaner epistemic signal for unsupervised
lesion detection.

Figure 2 shows axial 2D slices of anomaly maps for the three datasets. Vi-
sually, DDecomp is better than MAE-UAD and DDEvENet. The epistemic un-
certainty map from DDecomp highlights the lesion region more directly, and it
is less affected by responses related to acquisition noise, scanner hardware, and
protocol differences. DDEvENet performs uncertainty estimation based on a seg-
mentation model, so it is sensitive to spatial shifts near tissue boundaries. This
observation supports MAE as a suitable backbone for uncertainty quantification
and decomposition in this setting.

4 Discussion and Conclusion

We propose DDecomp, a healthy-data-trained MAE framework for dAMRI that
decomposes predictive uncertainty by jointly marginalizing dropout and mask
sampling. By separating aleatoric noise from epistemic uncertainty, DDecomp
yields a calibrated epistemic map that is more pathology-specific. Experiments
on glioma, WMH, and ICH show consistent improvements over DDEvENet
and MAE-UAD in AUROC, F3, and SNR, with qualitative results indicating
clearer lesion salience and less sensitivity to noise and protocol differences. DDe-
comp is a general uncertainty-decomposition framework, although this work
focuses on dMRI where acquisition variability and microstructural pathology
make aleatoric/epistemic separation important. Limitations include reliance on
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glioma #

Fig. 2. Axial 2D slices of anomaly maps for the three datasets. Row 1 corresponds
to glioma, row 2 corresponds to WMH, and row 3 corresponds to ICH. Column 1
shows the original MD map. Column 2 shows DDecomp. Column 3 shows MAE-UAD.
Column 4 shows DDEvENet.

quality-controlled preprocessing, possible epistemic responses to severe artifacts,
rare incidental abnormalities in HCP, and limited baseline comparisons. Future
work will test other modalities and broader UAD methods.
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