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Abstract

Effective medical image analysis requires representations
that capture both global anatomical structure and fine-
grained tissue texture. Current self-supervised approaches
exhibit limited capacity to address both requirements simul-
taneously. Invariance-based methods learn through aug-
mentation consistency but face challenges in medical imag-
ing where common augmentations may discard diagnosti-
cally relevant intensity patterns. Masked image modeling
approaches employ high masking ratios to enforce holistic
reasoning, yet inherently limit exposure to fine-grained tex-
ture. Recent work in general-domain vision demonstrates
that generative and semantic objectives can mutually ben-
efit each other, yet this paradigm remains unexplored for
3D medical imaging. We introduce Masked-Diffusion Au-
toencoders (MDAE), a self-supervised framework that im-
poses concurrent spatial masking and diffusion corruption,
encouraging the model to learn complementary objectives:
masked region reconstruction for structural coherence and
visible region denoising for textural characteristics. This
dual corruption enables the network to learn structure-
texture representations within a unified time-conditioned
objective. Evaluated on brain MRI across tumor classifi-
cation, molecular marker detection, and dense segmenta-
tion benchmarks, MDAE consistently outperforms state-of-
the-art baselines, with improvements most pronounced in
cross-modal generalization tasks.

1. Introduction

Medical image annotation requires specialized domain ex-
pertise and is considerably more resource-intensive than
natural image labeling [27, 37, 49, 75]. Self-supervised
learning (SSL) has emerged as a promising solution and
achieved remarkable success in natural vision [0, 7, 9, 18,

, 24, 44, 74]. However, medical imaging presents unique
challenges as diagnostic information is often distributed
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continuously across spatial scales—from organ-level geom-
etry to voxel-level texture, unlike natural images that con-
tain discrete objects against backgrounds [16, 17, 36, 56,

]. Effective representation learning shall therefore encode
holistic anatomical structure and fine-grained tissue charac-
teristics simultaneously.

This dual requirement connects to a broader paradigm
shift in visual representation learning. Historically, seman-
tic encoders and generative models have operated along
separate paths, stemming from assumptions that encoders
capturing semantics are unsuited for faithful reconstruc-
tion [72]. Recent work challenges this dichotomy: Repre-
sentation Autoencoders demonstrate that semantic encoders
enable high-fidelity reconstruction while maintaining struc-
tured latent spaces [73, 82]. Furthermore, evidence demon-
strates that generative pretraining can also enhance discrim-
inative representations [12, 38, 64, 67], showing that the
two objectives can mutually benefit each other. Yet, these
advances remain confined to 2D natural images. How to
effectively incorporate generative pretraining objectives to
enhance 3D medical vision SSL representation remains an
open question as medical imaging presents distinct chal-
lenges: data scarcity [4, 62], non-object-centric nature, par-
tial volume effects that blur tissue boundaries [8, 41, 56],
and the need for simultaneous structure-texture learning
across continuous anatomical fields.

Current SSL  approaches offer partial solutions.
Invariance-based methods [6, 7, 9, 18, 23, 44, 74] learn
representations by aligning augmented views, but may face
difficulties when applied to non-object-centric medical
data [11, 13, 32]. A fundamental limitation lies in augmen-
tation design: common augmentations suitable for natural
images often fail in medical imaging—color jittering dis-
rupts diagnostic intensity relationships, Gaussian blurring
may suppress pathological features, and heavy random
cropping might risks discarding critical diagnostic regions.
Masked autoencoders (MAE) and their medical adapta-
tions [19, 20, 24, 62, 86] reconstruct masked regions using
high masking ratios [65], favoring holistic structure at the
cost of visible fine texture and relying on the assumption
that objects form spatially continuous structures. However,
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Figure 1. Comparison of corruption schemes. Left: MAE applies fixed masking corruption. Middle: DSM applies diffusion noise. Right:
MDAE combines spatial masking with diffusion noising, creating dual objectives for holistic reconstruction and fine-grained denoising.

in medical imaging, crucial regions of interest often occupy
small portions and differ markedly from neighboring
anatomy. Diffusion and score-based models excel at
capturing fine details through iterative denoising [26, 50],
yet in medical imaging they have been applied primarily
to synthesis [48, 71], reconstruction [35, , 77], and
denoising [58, 59] rather than discriminative representation
learning for 3D volumes. These limitations motivate the
need for a discriminative framework that simultaneously
addresses holistic structural reasoning and fine-grained
texture preservation for 3D medical volumes.

We introduce = Masked-Diffusion  Autoencoders
(MDAE), a unified discriminative SSL framework that
adapts the generative-semantic paradigm to 3D medical
imaging through global dual corruption. As illustrated in
Figure 1, MDAE performs spatial masking and diffusion
noising together, creating two complementary learning
objectives: masked region reconstruction enforces holis-
tic structural reasoning, while visible region denoising
preserves fine-grained textural characteristics. The dual
corruption approach enables effective learning at lower
masking ratios—having both denoising and reconstruction
objectives ensures that reconstruction remains challenging
even when more context is visible, as the added noise
prevents trivial pattern copying.  This dual-objective
design is unified through a time-conditioned framework
that adapts reconstruction based on corruption severity,
enabling the network to learn representations that capture
both anatomical structure and tissue texture beneficial
for medical diagnosis. We evaluate MDAE across 16
clinical benchmarks spanning tumor classification, molec-
ular marker detection, and dense segmentation. MDAE
achieves 73.6% average AUROC on in-distribution tasks
and 78.6% on out-of-distribution tasks. Ablation studies re-
veal synergistic benefits when combining both corruptions,
with variable masking further improving over fixed-ratio
alternatives.

2. Related Work

Three-dimensional medical vision representation learning
faces distinct challenges including data scarcity [4, 62], an-

notation complexity [37, 49, 75], and non-object-centric
continuous anatomical fields [8, 41]. Drawing inspiration
from general domain SSL, medical vision SSL approaches
can be broadly categorized into invariance-based / con-
trastive methods and masked image modeling. Invariance-
based / contrastive methods [0, 7, 9, 18, 23, 44, 74] have
achieved strong performance in natural vision by learn-
ing representations through aligning augmented views, yet
encounter challenges in medical imaging. Augmentation
strategies effective for natural images can prove problem-
atic for medical data—color transformations may alter di-
agnostically meaningful intensity patterns, blur operations
risk obscuring subtle pathological features, and aggressive
spatial cropping may remove small but critical anatomi-
cal structures [10, 13, 32]. Masked image modeling [,

, 24, 68, 85] has shown success through reconstruction-
based learning, employing high masking ratios (75% for
natural images [24], 60-95% across domains [19, 45, 57])
to prevent trivial solutions by enforcing holistic understand-
ing, yet consequently reduces the model’s exposure to fine-
grained texture information. Medical imaging presents ad-
ditional challenges, as diagnostically important regions may
be spatially localized and exhibit appearance patterns dis-
tinct from surrounding tissue [79]. Medical-specific adapta-
tions have emerged through rotation prediction [53], multi-
scale restoration [20, 25, 83, 84, 86], position-aware learn-
ing [66], and large-scale foundation models [15, 30, 31,

, 47,52, 62,69, 78, 80], yet the fundamental trade-off
between holistic structure and textural detail remains unre-
solved.

Recent work motivates rethinking of the relationship be-
tween semantic and generative objectives. Representation
Autoencoders (RAE) [82] show that semantic encoders en-
able high-fidelity reconstruction, REPA [73] aligns seman-
tic representations with diffusion generation, and STEL-
LAR [81] resolves the semantic-generative tension through
spatial-semantic factorization of visual features. In parallel,
growing evidence in 2D natural vision demonstrates that the
two objectives can be mutually beneficial [12, 29, 38, 39,

, 64, 67]. However, these benefits remain unexplored in
3D medical imaging, where few works have incorporated
generative pretraining [2 1, 64] and existing approaches fo-
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cus primarily on generation quality rather than discrimina-
tive learning.

3. Preliminaries

Data and notation. Let D = {X(W}, be a dataset of
N 3D medical imaging volumes, each X () ¢ RP*HxW
with z-score normalization. For notational simplicity, we
present the single-modality case; the framework naturally
extends to multi-channel inputs X € REXPXHXW by qp.
plying corruption and reconstruction channel-wise. We use
X to denote a clean ground-truth volume (without noise
or masking corruption), and (D, H, W) denote spatial di-
mensions. Let M € {0, 1}P*#>*W denote a binary mask
where M; = 1 indicates masked voxels and M; = 0 in-
dicates visible voxels at spatial location j = (d, h, w). We
denote M, = (1 — M) as the visible mask. We define
Qar = {j | M; = 1} as the set of masked voxels with car-
dinality [Qa] = >°; Mj, and Qv = {j | M; = 0} as the

set of visible voxels with cardinality [Qv| = }_; M, ;.

Masked auto-encoder (MAE). Given a patch-based
mask M where each non-overlapping patch is indepen-
dently masked with probability pp.sk, the masked input
XM = M, ® Xq zeros out masked regions. MAE [24]
reconstructs these regions by minimizing:

1

Lyae(9) = Exym [|QM| ' HMQ (99 (XM) B XO)HE]

(D
where the loss is computed only over masked voxels 2.
High masking ratios (typically 75%) are often used to pre-
vent trivial reconstruction from neighboring patches.

Denoising score matching (DSM). Denoising Score
Matching (DSM) [60] is a framework for learning the score
function (i.e., the gradient of the log-density) of the data
distribution by training a model to reverse the corruption
process of adding Gaussian noise. In DSM, given a clean
volume X, € RP>*H*W and a noise level o; > 0, a noisy

observation X; is generated by:
X, =Xo+0.Z, Z~N(0,I) )

where I denotes the identity matrix of appropriate dimen-
sion. The objective is to train a denoising function gy :
RDPXHXW o Ry RDXHXW parameterized by 6, that es-
timates the clean volume X from its noisy counterpart X ‘.
This is achieved by minimizing the expected mean squared
error (MSE) loss:

Lpsm(0) = Ex, 1,2 ng (Xt,t) - Xon (3)

where t ~ U(0,1) parametrizes the noise level and
the expectation is taken over the data distribution, noise

levels, and random noise. Vincent [60] demonstrated
that optimizing the denoising function gg using the MSE
loss is equivalent to learning the score function of the
noisy data distribution p,(X;) up to a scaling factor.
Specifically, using Tweedie’s formula, V g, log pe(Xy) =

0—12 (gg(f(t,t) — Xt). By learning gy, we implicitly learn
2

Vg, logp: (X;), which forms the foundation of score-based
generative models [26, 50].

4. MDAE Framework

Figure 2 illustrates the MDAE framework. We apply global
dual corruption: volumes are corrupted with diffusion noise
before spatial masking, enabling simultaneous learning of
structural and fine-grained features.

4.1. Dual corruption process

Given a clean volume X, € RPXH>XW MDAE applies
simultaneous dual corruptions combining spatial masking
and diffusion noise (Figure 2).

Spatial masking We use a masking ratio pp,,sx to gen-
erate a binary mask M € {0,1}P*H>*W using blocky
patch-based masking: the volume is partitioned into non-
overlapping 163 voxel patches, each independently masked
(M; = 1 for all voxels in the patch) with probability py,ack,
or kept visible (M; = 0) otherwise. We follow MAE’s
patch-based masking strategy [24] for compatibility with
transformer architectures; for our CNN-based implementa-
tion, masked regions are replaced with zeros. This blocky
strategy ensures spatially contiguous masked regions, forc-
ing the network to reason about volumetric structures rather
than interpolating from immediately adjacent voxels.

Standard MAE [24] requires fixed high ratios (75%) be-
cause lower ratios enable trivial reconstruction from neigh-
boring patches without diffusion noise. MDAE adopts a
variable masking distribution pmask ~ U (Pmin, Pmax)s - €n-
abling the model to learn both low-level textural details
(at lower ratios where more context is visible) and holistic
anatomical structure (at higher ratios requiring global rea-
soning) within a unified pretraining objective. This is feasi-
ble because MDAE’s dual corruption strategy—combining
masking with diffusion noise on visible regions—maintains
task difficulty even at low masking ratios.

Diffusion noise corruption Simultaneously, we sample a
diffusion timestep ¢ ~ U(0,1) and Gaussian noise Z ~
N (0, I) to create the noise-corrupted volume via variance-

Iwe empirically set ppin = 0.01 and pmax = 0.99, providing com-
prehensive coverage of the masking spectrum while avoiding extreme val-
ues that could destabilize training.
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Figure 2. MDAE Framework. A 3D volume is jointly corrupted by patch-based masking (blocky 16% voxel patches) and diffusion noise
(o¢). The doubly-corrupted input is processed by a time-conditioned ResNet U-Net go (XtM, t) with skip connections (orange: encoder,
blue: decoder), where the diffusion timestep ¢ modulates each block through FiLM conditioning. The network learns to predict clean
anatomy for both visible and masked regions, supervised by two reconstruction targets: denoising on visible voxels (M, Lyisibie With
w(o+) weighting) and inpainting on masked voxels (M, Lmasked), both compared against the clean target Xo. Combined loss Lypas =
Amasked © Lmasked + Avisible © Lvisible couples spatial structure and texture learning.

exploding (VE) corruption:
Xi=Xo+0:Z )

where o; = o(t) is the noise schedule with o (t) = ¢ - o max,
and o ax 18 @ hyperparameter controlling maximum corrup-
tion severity. We use VE corruption for its notation simplic-
ity with more analysis provided in Section 5.2.

Doubly-corrupted input The final input combines both
corruptions: )N(tM =M, ® )~(t, which zeros out masked
regions (superscript M) while preserving noise-corrupted
visible regions (subscript ¢ denoting the time/noise level).
This unified notation X M clarifies the simultaneous appli-
cation of both masking and diffusion corruptions. This joint
corruption strategy creates complementary learning signals.
See Algorithm | (Appendix B) for detailed implementation.

4.2. Time-conditioned architecture

MDAE employs an encoder-decoder network gy

ROXHEXW o R — RPXHXW ith parameters 6 that pre-
dicts the clean volume X from doubly-corrupted inputs
(Figure 2). Unlike standard MAE which processes cor-
rupted inputs as X = go(X™), MDAE uses a time-
conditioned architecture: X = go(XM,¢). The time pa-
rameter ¢ informs the network about the noise level, en-
abling adaptive reconstruction strategies. Specifically, ¢

is mapped to a 256-dimensional embedding via sinusoidal

positional encoding followed by an MLP, then injected at
each encoder and decoder stage through Feature-wise Lin-
ear Modulation (FILM) [46]: Aoy = hin © (Y(temb) + 1) +
B(temp), Where v and S are learned projections mapping the
time embedding to scale and shift parameters. Time condi-
tioning allows the network to dynamically balance between
spatial inpainting and intensity denoising, learning repre-
sentations robust across the full corruption spectrum.

4.3. Learning

The MDAE training objective combines two complemen-
tary components that operate on different spatial regions:

LMpAE(0) = Amasked * Lmasked (0) + Avisive = Luisible (6) (5)

where Apaskea and Ayigiple are weighting hyperparameters. >
The masked region loss reconstructs hidden content from
corrupted visible context:

frt) =2 [ o0 o (202) -] ]

where the expectation is taken w.r.t. the patch-based mask
M with masking probability pmask, t ~ U(0,1), Z ~

N(0,1I), and Qs denotes the set of masked voxels. This
objective learns global anatomical structure by forcing the

2We empirically set Apasked = Avisibe = 1.0. They could be adapted
based on the masking ratio pp, sk for task-specific optimization.
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network to infer masked regions from corrupted visible con-
text—analogous to the MAE objective but with additional
noise robustness. The visible region loss denoises corrupted
content back to the clean target:

Lyisibie(0) = E [wg()a) ' HM” © (ga (XtM’t) B XO) Hgl)

where the expectation is taken w.r.t. the same distribu-
tions, Q2 denotes the set of visible voxels, and w(oy) is the
noise-level weighting function. Following practices from
prior works [33, 34, 50], this weighting ensures that loss
contributions remain approximately constant across differ-
ent noise levels, preventing optimization from being dom-
inated by high-noise samples. This formulation connects
to noise-conditional denoising score matching: optimiz-
ing the weighted MSE loss is equivalent to learning the
score function via Tweedie’s formula [60]. This objec-
tive learns fine-grained tissue texture by removing diffu-
sion noise—analogous to denoising score matching but ap-
plied to non-masked regions within a masked autoencoding
framework. Both objectives target the clean volume X as
the reconstruction target (not the noise-corrupted X,), re-
quiring the network to jointly learn spatial inpainting and in-
tensity denoising. See Algorithm 1 (Appendix B) for train-
ing details.

Limiting behavior Eq. 5 interpolates MAE and DSM (up
to per-voxel normalization and noise-level weighting):

ﬁMAE as Omax — 0
LMDAE —
»CDSM a8 Pmask — 0

In the first limit, the visible loss vanishes as noise-corrupted
visible regions become clean (X; — X, thus XtM —
XMy, leaving only masked reconstruction. In the sec-
ond limit, P(|Q] > 0) — 0 so the expected masked
loss vanishes as no voxels are masked (|Q257] — 0, thus
)~(fM — Xy, leaving only denoising (derivations provided
in Appendix D).

5. Experiments and Results

Pretraining data. We pretrain MDAE on Open-
Mind [62], comprising 114,570 3D brain MRI volumes
from 34,191 subjects. All volumes are preprocessed to
160% voxels via center cropping or zero-padding with
stratified splits for reproducible evaluation.

Evaluation protocol. We evaluate across three scenar-
ios: (1) In-distribution performance on T1/T2 modalities
present during pretraining, covering 3 tasks—tumor type
classification (BraTS23: glioma vs metastasis), MGMT
methylation status, and IDH1 mutation detection—each

evaluated on T1 and T2; (2) Cross-modal generalization to
6 out-of-distribution tasks using rare sequences in pretrain-
ing for molecular marker detection, survival prediction, de-
mographic classification, and resection status classification;
(3) Multi-modality integration for classification on BraTS18
(4 modalities) and UCSF-PDGM [5] (6 modalities), and
dense prediction for tumor segmentation on UCSF-PDGM
and BraTS18 benchmarks. For multi-modality tasks, each
modality is processed independently through the pretrained
encoder with mean-pooled embeddings. Segmentation uses
the nnUNet framework [28] with encoders initialized from
pretrained weights. Model finetuning details are provided
in Algorithm 2, 3 in Appendix C.

Baseline methods. We compare against representative
SSL methods spanning three paradigms: (1) Invariance-
based contrastive learning: SIimCLR [9] (general domain)
and VoCo [66] (medical-specific volume contrast); (2)
Masked image modeling: MAE [24] (high masking ratio
reconstruction); (3) Medical-specific multi-objective meth-
ods: Models Genesis [86] (multi-scale restoration), Volume
Fusion [63] (pseudo-segmentation), and SwinUNETR [54]
(combined inpainting, rotation prediction, and contrastive
learning). We additionally compare against large-scale
foundation models BrainMVP [47], BrainlAC [52], and
MRI-Core [15]. All SSL baselines are pretrained on iden-
tical OpenMind splits with matched compute budget; foun-
dation models use official pretrained weights. Detailed ex-
perimental configurations are provided in Appendix A.

5.1. Main Results

In-distribution performance. We evaluate MDAE on T1
and T2 sequences abundant in pretraining across 6 task-
modality combinations spanning tumor classification and
molecular marker detection (Table 1). MDAE achieves
73.6% mean AUROC and 71.6% mean AP, outperform-
ing SSL baselines by 4.1% over MAE (69.5%) and foun-
dation models by 6.2% over BrainlAC (67.4%). For tu-
mor type discrimination (BraTS23: glioma vs metastasis),
MDAE achieves 96.3% AUROC on T1 and 96.6% on T2.
On molecular marker detection, IDH1 mutation detection
reaches 69.6% (T1) and 60.4% (T2) AUROC, while MGMT
methylation achieves 58.9% (T1) and 59.6% (T2). On indi-
vidual metrics, BrainM VP achieves competitive MGMT AP
(59.6% vs. 57.6%) and SWwinUNETR matches on T2 IDH1
AP (60.0% vs. 56.4%), though MDAE leads decisively on
aggregate.

Cross-modal generalization. To assess generalization
capability, we evaluate MDAE on 6 out-of-distribution tasks
using sequences rare or absent in OpenMind pretraining:
FLAIR, T1-gadolinium, ASL, and SWI (Table 2). MDAE
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Table 1. Performance comparison on T1 and T2 modalities. All methods are evaluated on three brain tumor classification tasks: BraTS23
glioma vs metastasis (Tumor Type), RSNA-MICCAI MGMT methylation status (MGMT Methylation), and UPenn-GBM IDH1 mutation
detection (IDH1 Status). Values represent AUROC and average precision (AP) in %. Best results per row in bold, second-best underlined.

Tumor Type MGMT Methylation IDH1 Status Average

T1 T2 T1 T2 Tl T2 AUROC AP
Method AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP
No pretrain 85.4 86.1 86.7 78.3 38.0 432 54.1 55.7 513 533 48.6 53.0 60.7 61.6
SSL Baselines
MAE 86.3 78.7 96.2 85.0 52.5 571 58.6 577 63.4 57.6 59.8 58.6 69.5 65.8
SimCLR 81.4 70.4 93.0 83.4 58.3 58.5 54.7 53.8 46.9 51.0 539 51.4 64.7 61.4
VoCo 91.4 82.9 96.1 90.2 53.8 56.5 53.0 53.4 50.3 50.7 573 56.4 67.0 65.0
MG 71.8 92.6 80.1 72.7 56.6 577 53.4 51.9 53.2 51.0 53.4 52.8 61.4 63.1
VF 83.8 71.4 77.8 70.6 52.1 52.7 54.8 56.0 44.5 49.0 44.0 49.3 59.5 58.2
S3D 91.0 93.7 717.5 69.0 54.5 55.2 52.9 53.6 59.6 55.7 53.2 53.8 64.8 63.5

SwinUNETR 80.4 66.3 87.3 783 54.3 57.6

50.4 51.7 49.7 51.1 59.1 60.0 63.5 60.8

Foundation Models

BrainlAC 86.4 90.9 92.8 85.0 51.4 53.1
BrainMVP 92.6 817.7 71.5 69.5 58.7 59.6
MRI-Core 58.3 53.7 80.6 73.1 56.3 57.4

58.8 58.5 59.0 55.3 559 54.0 67.4 66.1
52.1 525 64.3 59.3 56.2 56.0 66.9 64.1
52.4 50.8 52.8 51.0 48.3 51.3 58.1 56.2

General Vision Models

DinoV2 72.5 67.4 76.8 61.0 54.2 54.4 51.6 51.0 49.8 50.7 55.7 57.8 60.1 57.1
ResNet-50 75.4 69.1 87.0 74.8 52.3 51.8 45.7 49.4 42.4 47.0 48.9 51.1 58.6 572
MDAE 96.3 95.0 96.6 95.4 58.9 57.6 59.6 61.0 69.6 64.3 60.4 56.4 73.6 71.6

achieves 78.6% mean AUROC and 75.4% mean AP, im-
proving 8.6% over MAE (70.0%) and 10.7% over BrainlAC
(67.9%). MDAE achieves 91.8% AUROC for age stratifica-
tion on FLAIR and 84.7%/81.9% AUROC for IDH classifi-
cation on ASL/SWI respectively, providing 6.2% and 6.0%
improvements over MAE on the latter two tasks. Notably,
DinoV2—a general-domain vision model without medi-
cal pretraining—achieves 72.1% mean AUROC, competi-
tive with domain-specific SSL methods; MDAE’s 6.5% im-
provement over DinoV2 demonstrates the additional value
of medical-specific dual corruption pretraining.

Multi-modality integration. Clinical brain tumor diag-
nosis relies on integrating complementary information from
multiple MRI modalities. We evaluate MDAE on both clas-
sification and segmentation using BraTS18 (4 modalities:
T1, T1-Gd, T2, FLAIR) and UCSF-PDGM (6 modalities:
T1, Tle, T2, FLAIR, SWI, ASL). Each modality is pro-
cessed independently through the pretrained encoder with
mean pooling aggregation (Table 3). Due to computational
constraints of full finetuning foundation models on multi-
modality data, we focus on SSL methods with shared en-
coder architecture.  For classification, MDAE achieves
92.1% AUROC on BraTS18 tumor grading and 93.0% on
UCSF-PDGM IDH classification, representing 2.0% and
0.7% improvements over the strongest baselines respec-

tively. Complete classification metrics (AP, F1, balanced
accuracy) are provided in Appendix F. For dense prediction,
MDAE achieves 85.2% Dice and 88.1% NSD on UCSF-
PDGM segmentation and 81.4% Dice and 75.3% NSD on
BraTS18 test set, outperforming all baselines. Detailed
per-region results are provided in Appendix E. Qualitative
results in Appendix E (Figure 4) further show improved
boundary delineation with fewer false positives at tumor
margins.

5.2. Ablation Studies

We ablate five design axes of MDAE: (i) the synergy be-
tween masking and diffusion corruption, (ii) corruption
space (pixel vs. embedding), (iii) masking strategy and ra-
tio, (iv) noise schedule, and (v) encoder architecture. Un-
less stated otherwise, all ablation models are pretrained on
a 10% subset of OpenMind for 100 epochs and evaluated
by AUROC on BraTS18 LGG-vs-HGG classification, iso-
lating each design choice under matched data and compute.
Key findings—particularly the superiority of variable mask-
ing (Table 4)—are corroborated by full-scale results, where
the final model trained with variable masking on the com-
plete dataset achieves the best downstream performance
(Tables 1-3).

Dual corruption synergy: Figure 3a sweeps the
corruption parameter space over four masking ratios
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Table 2. Generalization performance on diverse MRI modalities. Tasks include UCSF-PDGM IDH classification using arterial spin labeling
(ASL) and susceptibility-weighted imaging (SWI), UPenn-GBM age group classification using FLAIR, UPenn-GBM gross total resection
(GTR) status using T1-gadolinium (T1GD), and TCGA-GBM 1-year disease-specific survival (DSS) and progression-free interval (PFI)
using mixed-contrast protocols. Values represent AUROC and AP in %. Best results per row in bold, second-best underlined. Some

foundation models did not provide predictions for TCGA tasks.

IDH Classification Age Group GTR Status TCGA Survival Average
ASL SWI FLAIR T1GD DSS 1-year PFI 1-year AUROC AP
Method AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP
No pretrain 57.8 58.5 63.1 61.3 83.2 82.5 50.5 50.8 68.2 64.2 40.6 47.5 60.6 60.8
SSL Baselines
MAE 78.5 74.3 75.9 65.5 84.5 82.9 55.1 53.4 57.8 60.3 68.4 68.6 70.0 67.5
SimCLR 76.8 73.0 72.6 65.3 86.1 84.4 51.7 51.6 70.1 72.9 64.7 67.8 70.3 69.2
VoCo 78.8 76.0 75.9 714 86.2 854 53.6 56.1 62.3 63.3 69.2 64.9 71.0 69.5
MG 75.9 71.7 71.0 62.1 85.5 85.8 56.9 58.4 40.3 46.2 43.6 48.6 62.2 62.2
VF 79.7 70.4 75.8 70.9 85.0 84.8 474 493 52.6 59.5 60.9 59.1 66.9 65.7
S3D 60.7 58.6 62.4 59.0 85.1 83.9 50.9 514 65.6 70.0 54.1 57.4 63.2 63.4
SwinUNETR 78.9 722 69.0 61.5 86.9 86.8 58.3 57.7 35.1 45.8 54.1 559 63.7 63.3
Foundation Models
BrainlAC 79.2 75.1 74.1 70.8 76.2 74.1 47.1 49.4 70.8 73.7 60.2 61.1 67.9 67.4
BrainMVP 65.6 59.4 69.1 62.7 55.5 56.1 532 54.2 46.8 51.5 534 56.8 57.3 56.8
MRI-Core 69.3 60.2 52.5 52.1 56.9 54.3 454 48.1 58.3 61.0 69.9 71.5 58.7 57.8
General Vision Models
DinoV2 78.8 74.0 77.0 69.5 87.1 86.2 60.3 60.6 57.1 61.0 72.2 70.2 72.1 70.2
ResNet-50 66.1 61.1 63.8 59.8 58.1 59.8 443 48.1 70.1 70.0 68.4 63.1 61.8 60.3
MDAE 84.7 81.8 81.9 73.6 91.8 92.2 63.0 60.1 76.0 739 74.4 70.6 78.6 754
Dual Corruption Synergy Corruption Space Comparison Architecture Comparison
1.0 € * 1.0
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(a) Dual corruption parameter landscape
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(b) Corruption space comparison
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Figure 3. Ablation study overview. (a) AUROC landscape over masking ratio and noise level, showing synergistic interaction between
masking and noise (see §5.2 for analysis). (b) Pixel-space vs. embedding-space (EMDAE) corruption across encoder depths. (c¢) Convolu-
tional (ResNet), ResNet with time conditioning, and transformer (EVA) encoder architectures.

(Pmask € {25, 50, 75,95} %) and four noise levels (oax €
{25,50,75,100}%). The global optimum of 0.658 AU-
ROC occurs at 75% masking with ¢,,,=100%, substan-
tially above the weakest configuration (0.598 at 95% mask-
ing, omax=25%). Notably, the optimal noise level shifts
with masking ratio: low masking (25%) peaks at moder-
ate noise (0pax=50%, 0.645), whereas high masking (75%)
peaks at full noise (max=100%, 0.658). This coupling in-
dicates that masking and diffusion noise are not indepen-

dent augmentations but jointly shape the quality of learned
representations.

Corruption space: Pixel-space corruption (MDAE)
outperforms EMDAE (Embedding-space MDAE), which
instead applies masking and noise in the encoder’s latent
space, at both bottleneck and multi-stage injection points by
4.2-10.2% AUROC (Figure 3b), indicating that corrupting
raw inputs yields stronger representations than corrupting
learned features.
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Table 3. Multi-modality brain tumor evaluation on BraTS18
(4 modalities) and UCSF-PDGM (6 modalities). Classification re-
ports AUROC; segmentation reports mean Dice and NSD. Best
results in bold, second-best underlined.

BraTS18 (4 modalities) UCSF-PDGM (6 modalities)

Cls. Segmentation Cls. Segmentation
Method AUROC Dice NSD AUROC Dice NSD
MAE 90.1 80.6  75.0 87.8 84.8 87.7
SimCLR 78.7 80.1 74.1 80.3 84.1 87.1
VoCo 84.8 809 747 91.6 84.1 87.2
MG 84.9 80.7 75.1 92.3 84.3 87.3
VF 83.7 80.7 747 90.2 83.6 86.5
S3D 89.4 80.2 743 81.9 84.2 87.1
SwinUNETR 82.7 80.7  75.1 86.5 83.7 86.5
MDAE 92.1 814 753 93.0 85.2 88.1

Table 4. Masking ratio ablation with omax = 1.0. Variable mask-
ing outperforms all fixed-ratio variants.

Masking Ratio  75%  80% 85% 90%  95%  Var.U(.01,.99)
Mean AUROC 0.625 0.610 0.623 0.595 0.568 0.662

Masking strategy and ratio: Block-wise masking with
163 voxel patches outperforms random voxel masking
(0.623 vs. 0.600 AUROC), showing that spatially contigu-
ous masking is more effective for encouraging volumetric
structural reasoning. Fixed-ratio analysis (Table 4) shows
that performance peaks at 75% masking (0.625 AUROC)
and remains competitive in the 75-85% range, while de-
grading at extreme masking (95%: 0.568 AUROC). No-
tably, all fixed masking ratios underperform variable mask-
ing, indicating that sampling ppas during pretraining is
more effective than optimizing for a single operating point.

Noise schedule:  Variance-Preserving (VP) [26],
Variance-Exploding (VE) [51], and Flow Matching [40]
schedules yield nearly identical performance (VE: 0.615,
Flow Matching: 0.614, VP: 0.613 AUROC), indicating ro-
bustness to the choice of diffusion corruption scheme.

Encoder architecture: ResNet outperforms the Vi-
sion Transformer [61] by 12.1-13.8% AUROC (Figure 3c),
suggesting that convolutional inductive biases are well
suited to medical imaging’s continuous anatomical struc-
tures. Adding time conditioning via FiLM layers [46, 59]
to ResNet provides marginal gains, concentrated on texture-
sensitive tasks (see Appendix C for implementation details).

Loss weight balance: We ablate the loss weights Apasked
and Ayisipie on UCSF-PDGM (6 modalities/contrasts), which
provides both classification and segmentation benchmarks
(Table 5). Equal weighting (Amasked = Avisible = 1.0)
achieves the best overall balance across tasks, yielding
the highest mean segmentation Dice (92.6) and the high-
est mean classification score (90.7). Single-objective

Table 5. Loss weight ablation on UCSF-PDGM. Validation
performance for segmentation (Dice %) and classification (AU-
ROC/AP %) with varying loss weights.

Segmentation Classification

Am Ay NET ED ET Mean AUROC AP Mean

00 1.0 921 903 93.0 0918 91.5 89.3 904
1.0 00 933 911 924 923 89.7 83.1 864
05 1.0 937 90.7 921 922 89.5 839 86.7
1.0 05 943 905 924 924 91.7 89.2  90.5
1.0 1.0 945 907 927 926 92.2 89.1  90.7

variants show a clear tradeoff: visible-only optimiza-
tion (Amasked=0, Avisie=1) remains competitive on clas-
sification (90.4 mean) but underperforms on segmen-
tation (91.8 mean), whereas masked-only optimization
(Amasked=1, Avisible=0) improves segmentation relative to
visible-only (92.3 mean) but reduces classification perfor-
mance (86.4 mean). Intermediate asymmetric settings re-
main competitive but do not surpass equal weighting over-
all. These results support the use of balanced loss weights in
MDAE and further suggest that the masked reconstruction
and visible-region denoising terms provide complementary
supervision.

6. Conclusion

We introduced MDAE, a self-supervised framework that
imposes concurrent spatial masking and diffusion cor-
ruption to learn medical image representations. This
dual corruption creates complementary learning objec-
tives—masked reconstruction for anatomical structure and
visible denoising for tissue texture—within a unified time-
conditioned framework. Across 16 brain MRI benchmarks
spanning tumor classification, molecular marker detection,
and dense segmentation, MDAE achieves consistent per-
formance improvements, with particularly strong cross-
modal generalization. Ablation studies confirm that dual
corruption provides complementary supervision, with vari-
able masking and balanced loss weighting each contributing
measurably. While our evaluation focuses on brain MRI,
the approach is extensible to other medical imaging modali-
ties and demonstrates that combining structural and textural
objectives provides effective self-supervised pretraining for
medical imaging.
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