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Abstract

Self-supervised learning (SSL) has fundamentally trans-001
formed medical image analysis; however, dominant pre-002
training paradigms rely on deterministic point estimates003
that ignore the inherent ambiguity of clinical data. In med-004
ical imaging, partial volume effects, subtle lesion bound-005
aries, and acquisition artifacts create aleatoric uncertainty,006
which causes deterministic models to become overconfident.007
While the emerging paradigm of latent autoregressive mod-008
els offers an efficient, decoder-free pretraining, these mod-009
els still force rigid point predictions. To address this, we010
introduce Probabilistic Autoregression of Causal Latents011
(PACL), a novel SSL framework that redefines the pretrain-012
ing objective from deterministic point estimation to proba-013
bilistic distributional modeling. Operating directly in the014
continuous embedding space without heavy pixel-level de-015
coders or complex augmentations, PACL learns a multi-016
variate Gaussian distribution for the next anatomical patch017
conditioned on its causal context and assigns high variance018
to ambiguous tissue interfaces and low variance to homoge-019
neous structures. We demonstrate that this shift to distribu-020
tional learning yields highly robust, transferable represen-021
tations for clinical tasks – both classification and segmen-022
tation. Extensive evaluations show that PACL outperforms023
previous state-of-the-art (SOTA) methods by 2% on pedi-024
atric pneumonia detection in Chest X-Rays, and by 2.1%025
on breast cancer detection in ultrasound. Further, PACL026
shows robust lesion segmentation performance on breast ul-027
trasound and improves SOTA performance by 1%. We will028
release our source code and trained models.029

1. Introduction030

Self-supervised learning (SSL) has fundamentally trans-031
formed medical image analysis, enabling the development032
of highly capable visual representations without the need033
for exhaustive manual annotations [4, 23]. The dominant034
paradigms in modern visual pretraining, such as contrastive035

learning [5, 8] and masked image modeling (MIM) [14, 20], 036
focus on mapping raw pixels to a fixed-dimensional repre- 037
sentation. While these approaches have achieved remark- 038
able success in natural image domains, they are overwhelm- 039
ingly deterministic [10]. Such methods train models to out- 040
put a single, fixed feature vector for any given input, forcing 041
a point estimate regardless of the underlying data distribu- 042
tion. 043

On the other hand, medical imaging is uniquely charac- 044
terized by inherent ambiguity, where partial volume effects, 045
subtle lesion boundaries, acquisition artifacts, and variable 046
tissue contrast create aleatoric uncertainty [13, 40, 44]. 047
When standard self-supervised objectives force a model 048
to make a deterministic point estimate of an ambiguous 049
anatomical structure, they encourage overconfidence and 050
fail to capture the rich, probabilistic nature of clinical data 051
[16, 17]. 052

Recent works in the broader vision community, such as 053
iGPT [7], JEPA [3], NEPA [52], have begun exploring a 054
paradigm shift from traditional representation learning to 055
predictive autoregression in the latent space. These frame- 056
works learn to predict future patch embeddings conditioned 057
strictly on previous ones. By eliminating pixel-level de- 058
coders, latent autoregression offers a highly streamlined 059
and scalable pretraining alternative. Inspired by such ex- 060
plorations in natural vision, we investigate the applicability 061
of latent autoregression for medical imaging. However, we 062
identify a fundamental limitation in these existing formula- 063
tions: they optimize for deterministic point estimates to a 064
single target. Consequently, while architecturally elegant, 065
these methods remain blind to the distributional uncertainty 066
that is ubiquitous in clinical scans. 067

To address the inherent aleatoric uncertainty of clinical 068
scans where tissue boundaries and acquisition artifacts cre- 069
ate genuine ambiguity, we propose a conceptual leap from 070
point estimation to distributional modeling. We introduce 071
Probabilistic Autoregression of Causal Latents (PACL), a 072
novel autoregressive framework that redefines the pretrain- 073
ing objective from point estimation to distributional model- 074
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Figure 1. Motivation for PACL. (A) Standard latent autoregression relies on deterministic point estimation, which ignores spatial ambiguity
and risks overconfident, incorrect predictions. (B) In contrast, PACL predicts a multivariate Gaussian for the next anatomical patch. This
yields spatially-localized aleatoric uncertainty maps. During fine-tuning, the uncertainty guides the downstream loss, enabling robust
clinical predictions.

ing. Unlike traditional generative pretraining methods that075
rely on pixel-level reconstruction or discrete tokenization,076
PACL treats autoregressive prediction itself as the primary077
learning signal, operating directly in the continuous em-078
bedding space leading to a decoder-free design. Further,079
PACL moves beyond the limitations of standard latent au-080
toregression, and fundamentally alters the predictive objec-081
tive. Instead of generating a deterministic point estimate for082
the next patch, PACL learns to output a multivariate Gaus-083
sian distribution conditioned on the causal context of the084
anatomy. By optimizing a negative log-likelihood (NLL)085
objective in the latent space, the network explicitly learns to086
quantify spatial uncertainty. Consequently, the model nat-087
urally assigns high variance to ambiguous tissue interfaces088
and acquisition artifacts, while confidently predicting low089
variance for homogeneous anatomical structures.090

We demonstrate that predicting distributions rather than091
points yields robust, transferable representations for down-092
stream medical diagnostic tasks. We validate PACL on two093
distinct medical image analysis tasks: Pneumonia detection094
in Chest X-Ray, and Breast Cancer detection in Ultrasound.095
We further validate the applicability of the method on dense096
prediction tasks by evaluating the performance on lesion097
segmentation from breast ultrasound data.098

Contributions: The key contributions of this work are:099

• We propose PACL, shifting visual autoregression from100

deterministic point-estimation to probabilistic distribu- 101
tional modeling in the latent space, which is naturally 102
suitable for the nuances of medical imaging. 103

• PACL eliminates heavy decoders and complex augmenta- 104
tions from its design, and preserves architectural simplic- 105
ity while uniquely supporting probabilistic distributional 106
learning for clinical tasks. 107

• We show the efficacy of PACL, and outperform previous 108
SOTA on two downstream medical image classification 109
tasks: (1) pediatric pneumonia detection in Chest X-Ray 110
by 2%, (2) breast cancer detection in ultrasound by 2.1%. 111

• We further show the broader applicability of PACL on 112
lesion segmentation in breast ultrasound to ensure that 113
PACL captures spatially meaningful lesion structure and 114
boundaries, not just image-level classification cues. 115

2. Related Work 116

Self-Supervised Medical Representation Learning. 117
Self-supervised learning(SSL) has become a central strat- 118
egy for leveraging unlabeled clinical data, with contrastive 119
and multi-instance objectives improving transfer in derma- 120
tology, radiography, and ultrasound [4, 5, 8, 23]. A second 121
line of work formulates pretraining as reconstruction or 122
masked prediction. Model Genesis learns 3D anatomical 123
priors through restoration tasks [56], while MAE and Om- 124
niMAE scale masked image modeling to ViT through pixel 125
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or patch level reconstruction [14, 20]. Medical adaptations126
further show that clinical recognition often depends on127
preserving fine texturing and morphology, for example,128
GLCM-MAE replaces purely pixel-wise reconstruction129
with a texture-aware objective tailored to medical images130
[31]. Task specific systems, including chest X-ray prompt131
learning and anomaly detection methods, have improved132
individual diagnostic settings [27, 46, 48, 54]. However,133
most SSL methods still map each image or patch to a134
deterministic feature, collapsing ambiguous anatomy,135
weak lesions, and acquisition artifacts into a single target136
representation rather than modeled as uncertainty.137

Latent predictive and autoregressive visual learning.138
Autoregressive visual pretraining was first explored by139
modeling raw pixels or discrete visual tokens [7]. More re-140
cent joint-embedding predictive methods avoid expensive141
pixel decoders by predicting latent targets from visible con-142
text. I-JEPA predicts target-block representations from con-143
textual image blocks without handcrafted augmentations144
[3], while NEPA formulates vision pretraining as causal145
next-embedding prediction using stop-gradient targets and146
decoder-free objective [52]. This latent predictive paradigm147
is attractive for medical imaging because it avoids fragile148
augmentations and unnecessary pixel synthesis. Neverthe-149
less, existing formulations still optimize a point estimate150
for every predicted patch. PACL is closest to NEPA in151
its use of causal latent autoregression however, it changes152
the predictive family and the training objective. Whereas153
NEPA regresses a deterministic estimate of the next latent154
embedding, PACL predicts a conditional Gaussian distribu-155
tion, and optimizes a heteroscedastic likelihood. This is be-156
cause, in clinical scans, where partial-volume effects, low157
contrast, and boundary ambiguity make multiple latent ex-158
planations plausible, deterministic next-embedding predic-159
tion provides no mechanisms to represent aleatoric uncer-160
tainty.161

Uncertainty and Dense clinical prediction. Uncertainty162
estimation has been extensively studied in medical im-163
age analysis, including Bayesian and heteroscedastic for-164
mulations for modeling epistemic or aleatoric uncertainty165
[13, 25, 40]. Recent studies also examine reliability metrics166
and probabilistic embeddings for medical models [16, 17].167
However, heteroscedastic training can become unstable168
when high predicted variance suppresses gradients, motivat-169
ing calibrated objectives such as beta-NLL [42]. In paral-170
lel, dense prediction architectures such as U-Net, nnU-Net,171
UNETR, Swin UNETR, and MedSAM demonstrate the im-172
portance of spatially faithful encoders for dense anatom-173
ical localization across modalities [18, 24, 30, 37, 47].174
These methods, however, typically introduce uncertainty175
during supervised downstream prediction or model calibra-176

tion. PACL instead moves uncertainty estimation into SSL 177
pretraining itself, learning distributional latent representa- 178
tions that can be transferred to downstream classification 179
and dense clinical prediction. 180

3. Our Method 181

3.1. Architecture 182

Causal Vision Transformer (ViT) Backbone: To enable 183
autoregressive representation learning, we adapt a standard 184
ViT backbone [12] with causal attention masking [7]. Given 185
an input image partitioned into a sequence of N tokens each 186
of D-dimension, we employ a strict causal mask on the 187
self-attention. This guarantees that the dense hidden state 188
extracted at step t, denoted as zt, is conditioned entirely 189
on the prefix sequence z≤t, physically preventing any in- 190
formation leakage from future anatomical patches. To fur- 191
ther enhance spatial reasoning, improve training stability, 192
prevent attention explosion, and enhance architectural ro- 193
bustness, we augment the backbone with Rotary Position 194
Embeddings (RoPE) [45], LayerScale [49], QK-Norm [21], 195
and SwiGLU [43] activations. 196

Probabilistic Projection Head: Moving beyond standard 197
deterministic autoregression, which uses the hidden state zt 198
as a rigid point estimate for the next embedding zt+1, PACL 199
models the conditional generative process as a multivariate 200
diagonal Gaussian: 201

p(zt+1 | z≤t) = N
(
µt, diag(σ

2
t )
)
. (1) 202

To parameterize this, a single linear projection head, hprob : 203
RD → R2D, expands z≤t and partitions it along the feature 204
dimension to independently yield the predictive mean and 205
log-variance: (µt, logσ

2
t ) = hprob(zt). Finally, to align 206

with the target embedding space, µt is normalized, while 207
logσ2

t is retained to capture the spatially localized aleatoric 208
uncertainty of the anatomical region. 209

3.2. Probabilistic Autoregressive Pretraining 210

To safely transition a ViT to stable, well-calibrated proba- 211
bilistic forecasting prior to diagnostic supervision, we em- 212
ploy a progressive pretraining strategy. Initializing from 213
a standard ImageNet-1k pretrained ViT, we first strictly 214
freeze the backbone and optimize only the probabilistic pro- 215
jection head via Gaussian NLL on ImageNet-1k. The head 216
forecasts next-token distributional parameters from the pre- 217
fix sequence z≤t, targeting the corresponding continuous 218
embedding ẑt+1 obtained directly from the frozen ViT en- 219
coder. To prevent representation collapse and shield the 220
pretrained visual semantics from unstable initial gradients, 221
a stop-gradient operation, sg(·), is applied to this target. 222
Once the projection head stabilizes, both components are 223
unfrozen for joint autoregressive optimization. By applying 224
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Figure 2. Overview of PACL. Pre-training: A masked causal ViT with a distributional head predicts latent distributions of future patches,
optimized via β-NLL against frozen target embeddings (with stop-gradient). Fine-tuning: The unmasked ViT extracts global context.
Predicted spatial variance is aggregated into an uncertainty score U to modulate ambiguity in the downstream loss. For downstream seg-
mentation, we replace the classification head with a lightweight decoder, and use an uncertainty-modulated BCE and Dice Loss discussed
in Section 3.4.

a highly constrained, differential learning rate to the back-225
bone, the model gently adapts to distributional prediction226
without destroying its deterministic structural priors. We227
explicitly note that the ImageNet-1K pretraining is just an228
one-time task for stabilizing the model, and need not be re-229
peated for any pretraining-finetuning phase for subsequent230
downstream tasks.231
Adapting Probabilistic Pretraining on Medical Data:232
We subsequently adapt the model to the unique noise pro-233
files of target-domain medical scans. For our experiments,234
we used the CXR and BUSI training data, respectively for235
this stage. Standard Gaussian NLL aggressively down-236
weights high-variance tokens, potentially causing the model237
to ignore difficult clinical regions. To prevent this, we em-238
ploy a β-weighted negative log-likelihood (Beta-NLL) in-239
spired from [42]. By scaling the loss by βt=

(
σ2

t

)γ
(where240

γ > 0), we ensure that regions exhibiting severe aleatoric241
uncertainty still contribute meaningfully to the gradient. We242
formulate the objective as:243

Lβ-NLL =
1

2

N−1∑
t=1

D∑
d=1

βt,d


(

sg(ẑt+1,d)− µt,d

)2

σ2
t,d

+ logσ2
t,d

 ,244

245
βt =

(
σ2

t

)γ
.(2)246

Adapting to the medical domain risks catastrophic for-247

getting of generic structural priors. To mitigate this, we 248
use an Exponential Moving Average (EMA) update of the 249
backbone weights during this adaptation phase. Addi- 250
tionally, to prevent pathological variance explosion or col- 251
lapse during this domain shift, the predicted log-variance 252
is explicitly bounded: logσ2

t ∈
[
log σ2

min, log σ
2
max

]
. 253

Through this unified training stage, the encoder successfully 254
learns domain-aware probabilistic representations that en- 255
code both deep semantic structure and spatial aleatoric un- 256
certainty. 257

3.3. Adapting to Downstream Classification Task 258

After probabilistic autoregressive pretraining, we fine-tune 259
the model for downstream pathology detection within a 260
Multi-Task Learning (MTL) framework. At this stage, we 261
relax the strict causal attention of pretraining to full self- 262
attention, allowing the network to leverage the global spa- 263
tial context simultaneously. A diagnostic classifier hcls, im- 264
plemented as a lightweight residual bottleneck network, is 265
attached in parallel with the probabilistic head (hprob). Dur- 266
ing finetuning, hcls produces class probabilities ŷ, and the 267
probability head, hprob, produces the spatial variance ma- 268
trix Σ2 ∈RN×D, where N is the number of image patches 269
and D is the embedding dimension. We combine these 270
variances in a single image-level uncertainty score which 271
is used to formulate the proposed uncertainty-guided loss. 272
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Figure 3. Sample images from the CXR [26] (left: pneumonia, right: normal) and BUSI [2] (left: malignant, right: benign) datasets.

The aggregated image-level uncertainty score is defined as:273

U = 1
N×D

N∑
i=1

D∑
j=1

σ2
i,j . We initially freeze the backbone274

and hprob, and warm up hcls. Later, we unfreeze all mod-275
ules with a joint end-to-end fine-tuning of hprob and hcls.276
Implementation details are in Sec. 5.277
Uncertainty-Guided Downstream Classification Loss:278
To ensure the classifier does not overfit to ambiguous or279
noisy clinical scans, we formulate an uncertainty-aware280
objective that modulates the standard classification losses281
based on the predicted ambiguity. The modified classifica-282
tion loss is inspired from [25], and is defined as: Lcls =283
1
2U · Lbase, where Lbase denotes the base classification loss284
(Focal Loss in our design). The attenuation factor 1

2U ex-285
plicitly controls the gradient contribution of highly uncer-286
tain scans, preventing the network from confidently learn-287
ing erroneous correlations from acquisition artifacts. We288
clip the attenuation factor to 5, to maintain numerical sta-289
bility. We penalize the unbounded growth of uncertainty290
by Luip = log(1 + U). We enforce a minimum uncer-291
tainty lower-bound (τ ) with the regularization, Locp =292
ReLU(τ−U)2, to prevent pathological overconfidence. We293
further stabilize the training by penalizing the high-variance294
uncertainty predictions by adding the loss term Lvs = U2.295
These regularization components are governed by weights296
λ1, λ2, and λ3. The overall uncertainty-guided objective is297
formalized as Eq. (3):298

L = Lcls + λ1Luip + λ2Locp + λ3Lvs (3)299

3.4. Adapting to Downstream Segmentation Task300

We used the probabilistic pretrained model with the301
ViT backbone and the probabilistic head, and added a302
lightweight decoder suitable for the segmentation task. The303
decoder converts ViT patch tokens into a binary lesion304
mask. The model is trained using BCE plus Dice loss with305
PACL uncertainty-guided weighting. Specifically, for pre-306
diction logits ŷ and ground-truth mask y, the base segmen-307
tation loss is:308

Lseg = λbLbce(ŷ, y) + λdLdice(ŷ, y), (4)309

where we use (λb, λd) = (1.0, 2.0). The final loss is310
uncertainty-weighted as:311

L =
1

2σ2
Lseg + α log

(
1 + σ2

)
, (5)312

where σ2 is estimated from the PACL probabilistic head and 313
α = 0.1. 314

4. Datasets 315

Diagnosis of Pediatric Pneumonia in Chest X-Ray Im- 316
ages: We evaluated our proposed PACL using the publicly 317
released pediatric chest X-ray (CXR) dataset [26]. Follow- 318
ing the official dataset split, the training set consists of 5,232 319
images, comprising 1,349 normal scans and 3,883 pneumo- 320
nia cases. The test set includes 624 images from a distinct 321
patient group, containing 234 normal controls along with 322
390 pneumonia scans. 323

Breast Cancer Detection in Ultrasound Images: We fur- 324
ther validated the applicability of our approach on breast 325
cancer detection from ultrasound using the publicly accessi- 326
ble BUSI dataset [2]. The cohort comprises 210 malignant, 327
487 benign, and 133 normal ultrasound image samples. 328

5. Experiments and Results 329

5.1. Implementation and Evaluation 330

Pretraining with PACL: We use a machine with Intel Xeon 331
Gold 5218@2.30GHz processor and 4 Nvidia Tesla V100 332
GPUs for our experiments. First, we use a frozen ImageNet- 333
1k pretrained ViT backbone. The probabilistic head is 334
trained with learning rate 10−3 to map semantic features 335
into a calibrated Gaussian parameter space. Next, the full 336
network is unfrozen and optimized using Beta-NLL loss 337
defined in Sec. 3.2 with γ = 0.5. We use AdamW opti- 338
mizer with β values (0.9, 0.999) and learning rate 5×10−6 339
for the backbone and 10−4 for the probabilistic head, while 340
additionally enforcing strict log-variance bounds of [−5, 5] 341
and maintaining an EMA with decay=0.999 of the model 342
weights to prevent catastrophic forgetting of foundational 343
priors. 344

Fine-tuning for Downstream Segmentation on BUSI: 345
For BUSI lesion segmentation, we add a lightweight con- 346
volutional decoder on top of the Stage-3 PACL ViT back- 347
bone. Images are resized with aspect-ratio preservation and 348
center-cropped to 224 × 224. Training uses only random 349
zoom augmentation with scale sampled from [0.97, 1.05]. 350
Validation and testing use only resize and center crop. With 351
patch size 14× 14, the ViT produces a 16× 16 token grid, 352
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Group Method AUROC Acc. F1

Task-specific SOTA

VAE [28] 0.618 0.640 0.774
Ganomaly [1] 0.780 0.700 0.790
f-AnoGAN [41] 0.755 0.740 0.810
MemAE [15] 0.778 0.565 0.826
MNAD [34] 0.773 0.736 0.793
SALAD [53] 0.827 0.759 0.821
CutPaste [29] 0.736 0.640 0.723
PANDA [36] 0.657 0.654 0.663
M-KD [39] 0.741 0.691 0.623
IF 2D [32] 0.810 0.764 0.822
PaDiM [11] 0.714 0.729 0.807
IGD [9] 0.734 0.740 0.809
SQUID [51] 0.876 0.803 0.847
CheXzero [48] 0.927 0.830 0.875
Xplainer [35] 0.899 0.782 0.850
CoOp [54] 0.946 0.846 0.886
MaPLe [27] 0.951 0.894 0.895
PPAD [46] 0.967 0.894 0.918

MIM Variants

MAE [20] 0.941 0.949 0.922
OmniMAE [14] 0.953 0.950 0.968
GLCM-MAE [31] 0.964 0.955 0.964

Autoregression Variants NEPA [52] 0.890 0.811 0.847

PACL (Ours) 0.987 0.955 0.965

Table 1. The AUROC, Accuracy, and F1 of SOTA baselines and PACL for identifying Pneumonia from chest X-Ray images. We report the
metrics on the test set provided by original authors which consists of 390 pneumonia and 234 normal images.

Group Method Spec. Sens. AUROC

Prev. SOTA

ResNet50 [19] 0.975±0.024 0.829±0.088 -
DenseNet121 [22] 0.968±0.018 0.824±0.027 -
Radformer [6] 0.881±0.069 0.738±0.105 -

MIM Variant
MAE [20] 0.945±0.019 0.748±0.059 -
OmniMAE [14] 0.947±0.034 0.614±0.124 -
GLCM-MAE [31] 0.936±0.029 0.852±0.028 0.921±0.022

Autoregression Variant PACL (Ours) 0.906±0.023 0.873±0.038 0.938±0.036

Table 2. The 5-fold cross validation (Mean±SD) specificity, sensitivity, and AUROC metrics of SOTA baselines and PACL in detecting
breast cancer from ultrasound data.

which is reshaped into a feature map and upsampled by the353
decoder to predict a binary lesion mask.354

The ViT backbone and probabilistic head are first frozen355
while the decoder is warmed up for 8 epochs with learn-356
ing rate 5 × 10−4. Then, the backbone and decoder are357
fine-tuned for 100 epochs, keeping the probabilistic head358
frozen for uncertainty estimation only. We use batch sizes359
64/128 for training/validation-test, weight decay 0.01, gra-360
dient clipping at norm 1.0, learning rates 5 × 10−6 for the361

backbone and 5 × 10−5 for the decoder, and select check- 362
points by validation IoU (intersection-over-union). Dice 363
and IoU are computed from masks thresholded at 0.5, and 364
results are averaged over test images. Benign and malig- 365
nant BUSI lesions are both treated as foreground, yielding 366
binary lesion-versus-background segmentation. 367

Evaluation Metrics: The proposed framework is evaluated 368
on AUROC, Accuracy, and F1 metrics for pediatric pneu- 369
monia detection on Chest X-Ray using the official train- 370
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Method IoU Dice

U-Net[38] 0.572±0.047 0.719±0.035
Att-UNet[33] 0.552±0.036 0.702±0.029
U-Net++ [55] 0.574±0.048 0.721±0.039
U-Next [50] 0.591±0.010 0.731±0.013

PACL (Ours) 0.604±0.019 0.706±0.020

Table 3. The IoU and Dice scores of SOTA baselines and PACL for lesion segmentation on breast ultrasound data [2]. Mean and standard
deviation over three seeds are reported for a stratified 80:20 split.

Figure 4. Qualitative Analysis of the lesion prediction masks for the downstream dense predictions on BUSI.

test splits. For Breast Cancer detection from ultrasound,371
we assess sensitivity (true positive rate/ recall) and speci-372
ficity (true negative rate) using 5-fold cross validation. For373
the segmentation task, we use IoU (intersection-over-union)374
and dice coefficients.375

5.2. Comparison with SOTA376

Pneumonia Detection from Chest-XRay: PACL consis-377
tently outperforms the previous SOTA, GLCM-MAE (MIC-378
CAI 2025) [31] and PPAD (MICCAI 2024) [46], and379
achieves SOTA AUC with 2–2.3% improvement for pedi-380
atric pneumonia detection on the CXR dataset. Addition-381
ally, deterministic NEPA struggles severely with the high382
variance of CXR, while PACL tackles this with probabilis-383
tic bounds. We summarize the results in Tab. 1.384

Breast Cancer Detection from Ultrasound: On the other385

hand, PACL shows 2.1% improvement on sensitivity, and 386
1.7% improvement on AUROC of breast cancer detection 387
on BUSI dataset over the previous SOTA, GLCM-MAE 388
trained ViT, as shown in Tab. 2. Both CXR and BUSI clas- 389
sification improvements are statistically significant (CXR 390
p < 0.01, BUSI p < 0.03). 391

Breast Cancer Segmentation in Ultrasound: Tab. 3 392
shows the segmentation performance for lesion segmenta- 393
tion on breast ultrasound. The downstream finetuning on 394
the proposed PACL framework surpasses the SOTA IoU 395
score reported by U-Next [50] by 1%. The robustness on the 396
dense prediction task shows the suitability of the proposed 397
framework for a braoder category of downstream applica- 398
tions. For the segmentation task, overall the architectural 399
components have approximately 89M parameters, and the 400
pretraining plus finetuning takes roughly 48 GFLOPs. As 401
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Variant AUC Acc. F1 Loss AUC Acc. F1
w/o PH 0.956 0.905 0.927 Lcls 0.937 0.877 0.903
PH + Seq. CH 0.972 0.933 0.947 Lcls+Luip 0.962 0.902 0.926
PH + MTL CH 0.987 0.955 0.965 Lcls+Luip+Locp 0.972 0.926 0.938

Lcls+Luip+Locp+Lvs 0.987 0.955 0.965

Table 4. Ablation Study results on the Chest X-Ray dataset. (Left) Variation in architectural composition of PACL. PH: Probability Head,
CH: Classification Head. (Right) Effect of different downstream loss components on PACL.

we have noted earlier, the ImageNet-1K pretraining is an402
one-time step, we do not actually gain any additional com-403
plexity during the pretrain-finetune phases for any down-404
stream task on any medical dataset.405

5.3. Qualitative Analysis406

We visualize the predicted lesion segmentation masks in407
Fig. 4. Clearly, the proposed method shows effectiveness408
for both benign and malignant lesion segmentation.409

5.4. Ablation Study410

We report the ablations on the pneumonia classification task411
on the CXR dataset.412

Architectural Composition: We show three variants413
in Tab. 4 (left) – (a) removing the probability head414
(uncertainty-guidance) and use only the ViT backbone with415
linear classifier – AUC drops by 3.1% ; (b) a cascaded416
pipeline where the output from the probabilistic head serves417
as the direct input for the final classification head (Sequen-418
tial classification head); and (c) the proposed design where419
classification head and probabilistic head operate in a multi-420
task design, and the classification loss is explicitly regular-421
ized by uncertainty guidance.422

Components of the Proposed Loss: We show in Tab. 4423
(right) the effect of the base classification loss and the effect424
of the regularization components.425

6. Conclusion426

In this paper, we presented PACL, an autoregressive gener-427
ative ViT tailored for robust medical image classification.428
PACL, is a pretraining framework that shifts medical image429
representation learning from deterministic point estimates430
to probabilistic distributional modeling. By predicting431
multivariate Gaussian distributions for causal anatomical432
patches, PACL intrinsically quantifies spatial aleatoric un-433
certainty, and prevents overconfidence during downstream434
adaptation via uncertainty-guided downstream loss. Exten-435
sive evaluations show that our proposed mechanism demon-436
strates SOTA resilience to confounding structures in X-rays437
(for classification) and noise in ultrasound (for both classifi-438
cation and segmentation). The robustness for both classifi-439
cation and segmentation shows the potential for broader ap-440
plicability of PACL. In future, we will extend the framework441

to 3D volumetric data, such as Coronary CT Angiography 442
or Brain MRI. 443
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