
Proceedings of Machine Learning Research – Under Review:1–12, 2026 Full Paper – MIDL 2026 submission

Beyond Natural Images: A Dual-Stream DINOv3
Framework for PET/CT Segmentation

Yu-Nong Lin1 ylin828@gatech.edu

Shansong Wang2 shansong.wang@emory.edu

Mojtaba Safari2 mojtaba.safari@emory.edu

Xiaofeng Yang1,2 xiaofeng.yang@emory.edu
1 Department of Biomedical Engineering, Georgia Institute of Technology and Emory University,

Atlanta, GA, USA
2 Department of Radiation Oncology and Winship Cancer Institute, Emory University, Atlanta, GA,

USA

Editors: Under Review for MIDL 2026

Abstract

Self-supervised vision transformers like DINOv3 are strong universal feature extractors,
yet their transferability to functional medical imaging remains limited when pretrained on
misaligned natural-image domains. In this work, we introduce Dual-DINO, a dual-stream
framework for PET/CT that addresses two key gaps in existing work: the absence of a
public, PET-specific pretrained encoder and the reliance on fully paired PET/CT data
for multimodal pretraining. First, we presented the first PET-specific DINOv3 encoder,
pretrained exclusively on large-scale public FDG-PET datasets using the full three-stage
DINOv3 self-distillation pipeline. Second, we proposed a modality-separated PET/CT
framework in which PET- and CT-specific encoders are pretrained independently and fused
during finetuning via multiscale cross-attention, enabling multimodal representation learn-
ing without requiring paired data during pretraining.

Evaluation on the HECKTOR tumor segmentation benchmark demonstrated three
central findings: (1) misaligned natural-image pretraining degrades PET/CT performance
relative to training from scratch, (2) domain-aligned CT pretraining substantially improves
segmentation across all tumor sizes, and (3) dual-stream PET/CT pretraining achieves the
best performance overall, highlighting the complementary contributions of functional and
anatomical cues. Together, these results provide a fully public PET encoder and a scalable
PET/CT foundation model that support domain-aligned representation learning under
realistic clinical data constraints.
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1. Introduction

Self-supervised vision transformers such as DINOv3 (Siméoni et al., 2025) have emerged as
powerful universal dense feature extractors capable of supporting diverse downstream tasks,
including classification, segmentation (Li et al., 2025; Yang et al., 2025), and registration
(Wang et al., 2025). Their self-distillation pipeline removes the need for labeled data, sub-
stantially reducing the barrier to domain adaptation in medical imaging where annotations
are costly and inconsistent. However, models pretrained solely on natural images transfer
poorly to medical modalities whose physics and appearance diverge from RGB signals–a
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limitation evident in whole-slide pathology, electron microscopy, and especially positron
emission tomography (PET) (Liu et al., 2025). MedDINOv3 (Li et al., 2025) partially ad-
dressed this limitation by introducing a computed tomography (CT)-pretrained DINOv3,
demonstrating that aligning pretraining with the target imaging modality markedly im-
proves downstream segmentation. These findings reinforce a central principle of medical
foundation models which is domain alignment matters.

PET/CT plays a central role in diagnostic imaging and radiation oncology (Gafita et al.,
2025), a role further enhanced by recent advances in long–axial field-of-view total-body
scanners that enable high-sensitivity quantification of metabolism, inflammation, hypoxia,
and metastatic spread (Dimitrakopoulou-Strauss et al., 2023; Cook et al., 2025). As clinical
PET applications diversify across anatomical sites and radiotracers, there is a growing need
for universal segmentation models capable of handling heterogeneous targets and acquisition
protocols. Yet progress on PET- or PET/CT-specific foundation models has been limited
primarily due to the scarcity of large, publicly available datasets.

Existing PET foundation efforts face key constraints. SegAnyPET (Zhang et al., 2025),
trained on the private PETS-5K dataset (5,731 volumes; 1.3M slices), shows strong gen-
eralization using a segment-anything-model-like promptable architecture (Ma et al., 2024),
but reliance on private data restricts reproducibility. In the multimodal domain, Oh et
al. (Oh et al., 2025) proposed a PET/CT foundation model trained on paired inputs to
learn cross-modality correspondences; while effective, this design requires paired PET/CT
scans for all pretraining data, limiting scalability in real-world settings where PET-only or
CT-only datasets are much more common.

As a result, there exists neither a publicly reproducible PET foundation model exists nor
a PET/CT foundation model that eliminates paired-data constraints while enabling flexible
multimodal inference. To address these gaps, this work makes the following contributions:

• A Public PET-Specific DINOv3 Encoder. We develop the first PET-specific
DINOv3 encoder pretrained entirely on publicly available PET datasets using the full
three-stage DINOv3 pipeline, providing a reproducible and domain-aligned represen-
tation model for functional imaging. The pretraining datasets involved multi-institute,
multi-dose level fluorodeoxyglucose (FDG)-PET imaging covering a wide range of ax-
ial field-of-view from brain to pelvic 2D slices.

• A Modality-Separated PET/CT Framework. We introduce a hybrid PET/CT
framework constructed from independent and frozen PET- and CT-specific DINOv3
encoders, allowing each modality to be pretrained separately on large, unpaired datasets.
During downstream PET/CT finetuning, CT and PET inputs are processed by their
respective encoders to produce multiscale feature tokens, which are fused via cross-
attention modules and subsequently decoded by a Primus multiscale decoder to gen-
erate tumor segmentation masks. This design decouples modality-specific pretraining
from multimodal supervision, while enabling powerful PET/CT fusion during task-
specific finetuning.
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2. Materials and Methods

This section details the full Dual-DINOv3 training pipeline, consisting of (i) domain-specific
pretraining of independent CT-DINOv3 and PET-DINOv3 encoders, and (ii) domain-fusion
finetuning for PET/CT tumor segmentation (Figure 1). We first describe the construction
and preprocessing of the large-scale CT and PET corpora used for single-modality DINOv3
pretraining, followed by the downstream PET/CT datasets used for supervised segmenta-
tion. We then outline the three-stage DINOv3 self-distillation objective, the implementation
of modality-separated pretraining, and the cross-attention feature fusion mechanism used to
combine PET and CT representations during finetuning. Finally, we present the model con-
figurations, cross-validation protocol, and evaluation metrics used to quantitatively assess
the benefit of modality-specific pretraining and multimodal fusion.

Figure 1: Overview of the Dual-DINOv3 workflow. (a) Domain-specific pretraining.
Independent DINOv3 ViT-B/16 encoders are pretrained separately on large-scale
CT and PET datasets using the three-stage self-distillation pipeline, enabling each
encoder to learn modality-specialized visual representations without requiring
paired PET/CT data. (b) Domain-fusion finetuning. For downstream PET/CT
tumor segmentation, frozen CT-DINOv3 and PET-DINOv3 encoders process each
modality independently to produce multiscale patch tokens. At each scale, the
corresponding PET and CT tokens are fused through a cross-attention module
enabling bidirectional exchange of anatomical (CT) and functional (PET) fea-
tures. The fused multimodal features are then decoded by the Primus Multiscale
decoder to generate final segmentation masks.

2.1. Dataset

2.1.1. Pretraining Dataset

CT Dataset The CT corpus comprised 3.87 million 2D axial slices extracted from pub-
licly available 3D volumes spanning multiple anatomical regions, including head-and-neck,
hepatic, pulmonary, pancreatic, splenic, and colonic systems. Each volume was resampled
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to 0.45 mm isotropic resolution, converted to axial slices, and spatially standardized by
cropping to 256× 256 pixels. Slice intensities were then normalized to the range [0, 1] using
min–max scaling, followed by per-slice z-score standardization to account for scanner- and
protocol-dependent variations. Additional implementation details of the CT preprocessing
pipeline can be found in (Li et al., 2025).

PET Dataset The PET dataset consisted of total-body FDG-PET scans from the ultra-
low-dose PET imaging challenge dataset (UDPET) (Xue et al., 2025). This included 1,447
subjects with diverse neurological and oncological conditions and a wide range of dose
reduction factors (4, 10, 20, 50, 100). Data were acquired using Siemens Biograph Vision
Quadra (n = 433) and United Imaging uExplorer (n = 1,060) PET/CT systems. After
preprocessing, the final PET pretraining set contained 399,684 axial slices covering the
anatomical extent from brain to pelvis.

PET preprocessing required additional steps to ensure that only informative slices, par-
ticularly those containing focal radiotracer uptake, were included. A slice-wise foreground
filtering procedure was applied by estimating a background intensity baseline from the low-
est percentile of voxel intensities in each volume. A slice was retained only if its dilated
foreground mask occupied more than 20% of the image area, thereby removing near-empty
slices or slices consisting of limbs. For retained slices, the center of mass of the foreground
was computed to re-center the field of view, followed by symmetric padding and cropping to
a fixed 256×256 layout. Finally, intensities were normalized to the range [0, 1] via min–max
scaling. Empirically, we found this data-cleaning and foreground-filtering process to be es-
sential for stable and successful PET-specific DINOv3 pretraining, as models trained on
unfiltered slices exhibited degraded convergence and poorer representation quality.

2.2. Finetuning Dataset

To evaluate the impact of domain-specialized pretraining on downstream segmentation per-
formance, we focused on the publicly available HECKTOR dataset (Oreiller et al., 2022),
which provides paired PET/CT imaging with two clinically relevant target structures. The
dataset contains head-and-neck PET/CT scans from 245 patients with oropharyngeal can-
cer treated with radiotherapy, each with expert-annotated primary gross tumor volume
(GTVp; mean volume 12.71 ± 17.28 cm3) and metastatic lymph nodes (GTVn; mean vol-
ume 13.02 ± 18.75 cm3). PET images were acquired using integrated PET/CT systems
centered on the head-and-neck region, accompanied by low-dose CT for attenuation correc-
tion and anatomical localization.

All PET/CT volumes were preprocessed uniformly. The PET and CT images were
resampled in-plane to the cohort-specific median spatial resolution using cubic interpola-
tion for CT and nearest-neighbor interpolation for segmentation masks. Axial slices were
extracted and standardized to 512 × 512 pixels. PET intensities were normalized to [0, 1]
using linear min–max scaling, whereas CT intensities were standardized using z-score nor-
malization.
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2.3. Domain-specific Pretraining with DINOv3

2.3.1. Pretraining Objectives

The pretraining pipeline was designed as a three-stage procedure to progressively refine se-
mantic, structural, and multi-scale representations before downstream adaptation. Stage 1
follows the standard self-supervised framework and jointly minimizes the global–local self-
distillation loss, LDINO, the masked image modeling loss, LiBOT, and the feature-uniformity
regularizer, LKoLeo, forming the overall objective

LStage 1 = LDINO + LiBOT + 0.1LKoLeo, (1)

Stage 2 augments this objective by incorporating a Gram-matrix structural consistency
loss, LGram, which aligns second-order patch co-activation patterns between teacher and
student representations. The combined objective becomes

LStage 2 = LDINO + LiBOT + LKoLeo + 2LGram, (2)

Stage 3 retains the losses (2), used in Stage 2 but applies them to a mixture of low-
and high-resolution global and local crops, enabling the encoder to learn stable multi-scale
representations suited for higher-resolution downstream PET/CT segmentation.

Mathematical Formulation Let fs and ft represent the student and teacher networks,
with ft parameters updated via exponential moving average (EMA) of fs. For each input
image x, we sample two global views {x(g1), x(g2)} and K local views {x(l1), . . . , x(lK)}. For
each view, the networks produce class-token representations:

z(gi)s = f cls
s (x(gi)),

z
(lj)
s = f cls

s (x(lj)),

z
(gi)
t = f cls

t (x(gi)).

(3)

For masked image modeling, the student network further produces patch-token outputs

hs(u) = fpatch
s (x)u, u ∈ M, (4)

where M denotes the set of masked patch indices.

We additionally extract feature embeddings for regularization as bellow:

v(gi)s = fpre
s (x(gi)), (5)

Fs = fpatch emb
s (x), Ft = fpatch emb

t (x). (6)

Global–Local Distillation. We employ a DINO-style distillation objective comprising
global–global and local–global alignment terms. The global-to-global loss is defined as

Lglobal
DINO =

1

Ng(Ng − 1)

Ng∑
i=1

Ng∑
j=1
j ̸=i

CE
(
σ(z

(gj)
t ), σ(z(gi)s )

)
, (7)
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and the local-to-global loss is given by

Llocal
DINO =

1

NlNg

Nl∑
i=1

Ng∑
j=1

CE
(
σ(z

(gj)
t ), σ(z(li)s )

)
. (8)

The total distillation loss is

LDINO = αg L
global
DINO + αl L

local
DINO. (9)

Masked Image Modeling. Following the iBOT framework, we impose consistency over
masked patch tokens:

LiBOT =
1

|M|
∑
u∈M

CE(σ(ht(u)), σ(hs(u))) . (10)

Feature Uniformity Regularization. To encourage uniform coverage of the embedding
space, we adopt a KoLeo-style regularization term:

LKoLeo = − 1

Ng

Ng∑
i=1

log

(
min
j ̸=i

∥v(gi)s − v
(gj)
s ∥2

)
. (11)

Structural Consistency via Gram Matrix Alignment. Finally, structural alignment
between teacher and student is enforced through matching their patch-level Gram matrices:

LGram =
1

P 2

∥∥∥FsF
⊤
s − FtF

⊤
t

∥∥∥2
F
, (12)

where P denotes the number of patch tokens.

2.3.2. Implementation Details

We adopt the DINOv3 self-distillation framework, where the teacher network is updated
as an EMA of the student parameters. The EMA decay coefficient starts at 0.996 and is
linearly increased to 1.0 over the course of each training stage. Domain-specific pretraining
for both CT and PET modalities is initialized from the publicly available DINOv3 ViT-B
checkpoint trained on the LVD-1689M dataset.

Stage 1. Both student and teacher networks are trained for 100,000 iterations using the
AdamW optimizer with a base learning rate of 2×10−4, weight decay of 0.04, and momentum
parameters (β1, β2) = (0.9, 0.98). A cosine learning rate schedule is used together with a
10,000-iteration linear warmup. Training is performed with a total batch size of 1024 across
two NVIDIA A6000 Pro GPUs.

Stage 2. A secondary Gram teacher is initialized from the EMA teacher checkpoint at
20,000 iterations of Stage 1. The Gram teacher and student encoders are then jointly
optimized for an additional 10,000 iterations using a reduced learning rate of 5 × 10−5,
weight decay of 0.04, and the same AdamW momentum settings.
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Stage 3. Both teacher and student networks are initialized from the final Stage 2 check-
points and further optimized for 10,000 iterations using a learning rate of 2.5 × 10−5 with
cosine decay.

2.4. Finetuning on Downstream Tasks

The dual-DINO segmentation model is constructed using two independently pretrained
DINOv3 ViT-B/16 encoders, one optimized on CT data and the other on PET data. During
downstream inference and finetuning, CT images are fed exclusively into the CT-DINOv3
encoder and PET images exclusively into the PET-DINOv3 encoder, ensuring each modality
is processed by its dedicated representation space. Each encoder consists of 12 Transformer
blocks, and multiscale feature tokens are extracted at layers 2, 5, 8, and 11, capturing a
progression from high-resolution structural detail to deep semantic context.

At each scale, the corresponding PET and CT tokens enter a cross-attention feature
fusion module, adapted from the multimodal attention mechanism described in (Lin et al.,
2025). The module computes trainable query, key, and value projections for each modality,
enabling PET tokens to attend to CT keys and vice versa. This bidirectional attention en-
courages each modality to amplify features that are corroborated by the other—e.g., PET
functional hotspots aligned with CT anatomical boundaries—resulting in fused representa-
tions that integrate complementary metabolic and structural cues. Cross-attended features
from both streams are subsequently channel-wise combined and projected through a 1× 1
convolution to produce a unified multimodal feature map at each resolution. This strat-
egy decouples representation learning from multimodal data availability where the PET-
DINOv3 and CT-DINOv3 encoders can be pretrained independently on large, modality-
specific datasets, while the cross-attention module later learns to selectively pass informative
PET and CT features without requiring paired PET/CT scans during pretraining.

The resulting fused multiscale representations are passed into the Primus Multiscale
decoder, which reconstructs dense spatial feature maps using hierarchical upsampling and
skip-aligned transformations. This decoder integrates global semantic information from
deeper layers with local detail from shallower layers to produce high-resolution segmentation
masks. Throughout this process, both PET-DINOv3 and CT-DINOv3 encoders remain
frozen, enabling efficient training while preserving the integrity of their modality-specific
pretrained representations.

This design provides a computationally efficient alternative to CNN decoders by directly
inverting the ViT patch embedding process, thus is significantly more lightweight than U-
Net–style CNN decoders. Each model was trained for 1,000 epochs using the AdamW
optimizer with (β1, β2) = (0.9, 0.98), a base learning rate of 3 × 10−4, weight decay of
5 × 10−2, cosine learning rate decay, and linear warmup during the first 50 epochs. Batch
size was set to 16. Each fold was trained on a single NVIDIA A6000 Pro GPU and required
approximately one day to complete.

2.5. Evaluation

To quantify the contributions of domain-specific pretraining and multimodal fusion, we
evaluated four configurations sharing a ViT-B/16 backbone and Primus multiscale decoder,
all trained under the nnU-Net protocol. The comparison isolates: (1) the value of generic
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pretraining versus training from scratch, (2) the impact of increasing domain proximity
between pretraining data and PET/CT segmentation, and (3) the benefit of explicitly pre-
serving modality-separated representations.

Model 1: Single-stream trained from scratch. A single-stream ViT-B/16 en-
coder with Primus decoder initialized from random weights, serving as a baseline without
pretraining.

Model 2: Single-stream natural-image DINOv3 initialization. A single-stream
ViT-B/16 encoder initialized from the original natural-image DINOv3 checkpoint; PET and
CT slices are concatenated as a pseudo-RGB input and jointly encoded, capturing the effect
of generic visual pretraining without medical domain adaptation.

Model 3: Single-stream CT DINOv3 initialization. A single-stream ViT-B/16
encoder initialized from a CT-pretrained DINOv3 model (Li et al., 2025), with PET and
CT stacked as a pseudo-RGB input, assessing the benefit of medical domain specialization
under a shared encoder.

Model 4: Dual-stream PET/CT DINOv3 initialization (Dual-DINO). The
proposed dual-stream architecture with independently pretrained CT-DINOv3 and PET-
DINOv3 encoders; PET and CT inputs are encoded separately, fused at multiple scales
via cross-attention, and decoded by the Primus multiscale decoder to isolate the effect of
modality-separated pretraining and explicit cross-modality fusion.

For quantitative assessment, the micro Dice coefficient was calculated as the unweighted
mean Dice similarity across subjects whereas the macro Dice coefficient weighted each sub-
ject’s Dice score by its corresponding tumor volume. Performance was reported using five-
fold stratified cross-validation where data were split into 60% training, 20% validation, and
20% held-out testing sets. Paired t-tests were used to assess statistical significance between
model configurations.

3. Results and Discussions

3.1. Impact of Pretraining Domain Alignment and Dual-Modality
Representation Learning

Across both GTVp and GTVn, Model 4 (dual-stream CT-/PET-DINOv3) achieved the
highest Dice scores in all lesion-size categories, significantly outperforming all other con-
figurations (p < 0.001). In contrast, natural-image pretraining (Model 2) consistently de-
graded performance relative to the train-from-scratch baseline (Model 1), most notably
for small GTVn lesions where micro Dice declined from 0.318 to 0.264. These findings
reinforce that misaligned pretraining can introduce non-transferable biases detrimental to
PET/CT finetuning. Domain-specific pretraining with CT-DINOv3 (Model 3) substantially
improved segmentation accuracy for all tumor sizes and even surpassed supervised training
from scratch. The dual-stream design (Model 4) further strengthened performance across
all lesion strata, underscoring the importance of integrating PET-specific functional cues
with CT anatomical priors.

Compared with prior PET/CT foundation models that rely on paired multimodal in-
puts (Oh et al., 2025) during pretraining, our approach allowed pretraining in separate
modalities thus enabling utilization of large-scale public datasets. Overall, the results high-
light three key trends: (1) misaligned pretraining can harm downstream performance, (2)
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modality-specific pretraining offers clear advantages over supervised training, and (3) dual-
modality pretraining with a multimodal fusion architecture is essential for optimal PET/CT
segmentation.

Table 1: Segmentation performance stratified by tumor volume for HECKTOR dataset.
Primary tumors (GTVp) and lymph nodes (GTVn) were categorized as small (<5
cm3; n=69), medium (5–15 cm3; n=102), and large (>15 cm3; n=67).

Model Volume Primary Tumor (GTVp) Lymph Node (GTVn)

Micro Dice Macro Dice Micro Dice Macro Dice

(1) From scratch
Small 0.3181 (0.2175) 0.3609 0.2838 (0.2697) 0.3795

Medium 0.5513 (0.2031) 0.5560 0.6167 (0.2449) 0.6300
Large 0.6681 (0.1692) 0.6506 0.7351 (0.1182) 0.7234

(2) Natural images pretrained
Small 0.2636 (0.1401) 0.2959 0.1249 (0.1719) 0.1765

Medium 0.5306 (0.1720) 0.5354 0.5098 (0.1979) 0.5329
Large 0.6571 (0.1536) 0.6489 0.6284 (0.1426) 0.6190

(3) CT pretrained
Small 0.4629 (0.2210) 0.4865 0.3461 (0.2710) 0.4182

Medium 0.6953 (0.1813) 0.6983 0.6639 (0.2131) 0.6783
Large 0.8184 (0.0767) 0.8194 0.7624 (0.1036) 0.7564

(4) CT/PET pretrained
Small 0.5346 (0.2422) 0.5582 0.4423 (0.3156) 0.5432

Medium 0.7589 (0.1621) 0.7611 0.7061 (0.2089) 0.7185
Large 0.8544 (0.0637) 0.8584 0.8079 (0.0789) 0.8033

3.2. Principal Component Analysis Visualization of DINOv3 Dense Feature
Maps

To interpret the learned representations, we performed principal component analysis (PCA)
on the dense patch-token embeddings produced by the modality-specific DINOv3 models.
The first three principal components were mapped to RGB space for visualization, provid-
ing qualitative insight into how CT-DINOv3 and PET-DINOv3 attend to anatomical and
functional structures, respectively.

For CT inputs (Figure 2a), PCA visualizations (Figure 2b) showed strong correspon-
dence with anatomical boundaries, including soft-tissue interfaces, air–tissue transitions,
and bony structures. These activations indicate that the CT-pretrained encoder success-
fully learned structural priors characteristic of CT imaging, supporting its effectiveness in
tasks requiring precise spatial localization.

In contrast, PCA maps derived from PET inputs revealed activation patterns concen-
trated around physiologic tracer uptake regions (Figure 2c). Importantly, even small focal
lesions were represented by distinct color clusters in the corresponding PCA projection (Fig-
ure 2d), demonstrating that PET-DINOv3 is sensitive to functional information. Although
the model does not fully disentangle malignant from normal physiologic uptake, the clear
separation of low-uptake background from focal abnormalities suggests that PET-DINOv3
contributes complementary functional cues that are absent in CT features alone. This aligns
with the empirical performance gains observed when transitioning from the single-stream
CT-DINOv3 model (Model 3) to the dual-stream PET/CT configuration (Model 4).
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Figure 2: Principal component analysis of dense feature representations derived from
modality-specific DINOv3 encoders. (a, b) CT slice and its corresponding PCA
map generated from CT-DINOv3 patch tokens. (c, d) PET slice and its corre-
sponding PCA map generated from PET-DINOv3 patch tokens. Tumor contours
are shown in red on the input images and in white on the PCA visualizations.

These observations highlight the potential for further enhancing PET-specific represen-
tations. Future work could incorporate anatomical priors directly into PET pretraining—for
example through 2.5D context aggregation or extend frozen 2D encoders into 3D architec-
tures via weight inflation to better capture volumetric metabolic patterns during finetuning.

4. Conclusion

This work introduces Dual-DINO, a dual-stream, modality-separated DINOv3 framework
for PET/CT representation learning and downstream tumor segmentation. Our first contri-
bution is the release of a fully public PET-DINOv3 encoder, pretrained with the three-stage
DINOv3 self-distillation pipeline on large-scale FDG-PET datasets. This encoder provides
a general-purpose PET representation that can be incorporated into dense prediction tasks
such as segmentation, registration, and image synthesis.

We further demonstrated that pretraining domain alignment has a substantial impact
on downstream PET/CT segmentation. Natural-image initialization degraded performance
relative to supervised training from scratch, whereas CT-specific DINOv3 pretraining consis-
tently improved accuracy, highlighting the importance of modality-relevant representation
learning. Motivated by the practical challenge of obtaining large paired PET/CT datasets,
our second contribution is a dual-stream architecture that decouples modality-specific pre-
training from multimodal finetuning. By independently pretraining PET- and CT-DINOv3
encoders and fusing their representations through cross-attention, Dual-DINO levereges
complementary functional and anatomical cues without requiring paired data during pre-
training.

Together, these contributions establish a reproducible PET encoder and a modality-
flexible PET/CT framework that enable domain-aligned representation learning under re-
alistic data availability constraints.
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cisco Massa, Daniel Haziza, Luca Wehrstedt, Jianyuan Wang, Timothée Darcet, Théo
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