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Abstract

Self-supervised learning has emerged as a powerful paradigm for training deep neural net-
works, particularly in medical imaging where labeled data is scarce. While current ap-
proaches typically rely on synthetic augmentations of single images, we propose VET-
DINO, a framework that leverages a unique characteristic of medical imaging: the avail-
ability of multiple standardized views from the same study. Using clinical veterinary radio-
graphs from the same patient, we enable models to learn view-invariant anatomical struc-
tures and develop an implied 3D understanding from 2D projections. We demonstrate our
approach on a dataset of five million radiographs from 668,000 canine studies. Through
extensive experiments, including view synthesis and downstream task evaluation, we show
that learning from real multi-view pairs leads to superior anatomical understanding com-
pared to synthetic augmentations. VET-DINO achieves state-of-the-art performance on
multiple veterinary imaging tasks and establishes a new paradigm for self-supervised learn-
ing in medical imaging that exploits domain-specific structure rather than merely adapting
natural image techniques.

Keywords: Self-supervised learning, medical imaging, multi-view learning, veterinary ra-
diology, DINO, contrastive learning

1. Introduction

Deep learning approaches in medical imaging have traditionally relied on adapting tech-
niques developed for natural images (Rajpurkar, 2017). However, medical imaging pos-
sesses unique characteristics that remain under-exploited in current self-supervised learning
frameworks. One such characteristic is the availability of multiple standardized views of the
same subject, often captured near-simultaneously under controlled protocols - a property
that has no direct parallel in natural image datasets. While recent self-supervised learning
approaches like DINO and DINOv2(Caron et al., 2021)(Oquab et al., 2024) have shown re-
markable success using augmented views of the same image, they fail to leverage one of the
most valuable aspects of medical imaging: the presence of multiple, geometrically-calibrated
views capturing the same anatomical structure from different, standardized angles. This
is evident in veterinary radiology, where multiple views are routinely captured to enable
accurate diagnosis and surgical planning (Ober and Barber, 2006). In this work, we intro-
duce VET-DINO, a self-supervised learning framework that leverages multi-view veterinary
studies to learn rich anatomical representations. Rather than manipulating single images to
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simulate variations, we leverage different radiographic views from the same study as natural
variations of the same subject. This approach enables the model to learn view-invariant
anatomical structures and develop an implied understanding of 3D structures from 2D pro-
jections. We demonstrate our approach on a large-scale dataset of 5 million veterinary
radiographs, comprising of 668,000 unique canine studies.

Our key contributions include:

1. A novel adaptation of self-supervised learning that exploits the multi-view nature of
medical imaging protocols.

2. Demonstration that learning from real multi-view pairs leads to improved representa-
tion learning compared to traditional synthetic image augmentations on downstream
veterinary tasks.

3. State-of-the-art performance on various downstream veterinary imaging tasks.

Our results suggest that leveraging domain-specific properties of medical imaging, rather
than simply applying natural image techniques, can lead to more effective and efficient learn-
ing of anatomical structures. This work represents a significant step toward self-supervised
learning approaches that are truly optimized for medical imaging applications.

2. Related Work

2.1. Self-supervised Learning in Computer Vision

Self-supervised learning has revolutionized computer vision by enabling deep neural net-
works to learn meaningful representations without manual annotations. Early approaches
like SIMCLR (Chen et al., 2020) and MoCo (He et al., 2020) established the effectiveness of
contrastive learning by treating augmented versions of the same image as positive pairs while
pushing apart representations of different images. More recently, DINO and DINOv2(Caron
et al., 2021)(Oquab et al., 2024) demonstrated that self-distillation with no labels can lead
to emergent properties, like semantic segmentation and object discovery. These methods
typically rely on carefully crafted synthetic augmentations such as random cropping, color
jittering, and geometric transformations to create different views of the same instance.

2.2. Multi-view Learning

Multi-view learning has evolved significantly in computer vision, progressing from early
work in face recognition to recent advances in self-supervised learning and neural represen-
tations. FaceNet introduced in (Schroff et al., 2015) pioneered the use of triplet loss to learn
view-invariant face embeddings, demonstrating that models can learn robust features from
natural view variations. Recent work has focused on learning view-invariant representations
through self-supervised approaches. ViewCLR in (Das and Ryoo, 2023) introduced a learn-
able view-generator that enables video representations to generalize across unseen camera
viewpoints, achieving state-of-the-art performance on cross-view action recognition bench-
marks. Building on the masked autoencoder framework, MV2MAE in (Shah et al., 2024)
proposed a cross-view reconstruction approach for synchronized multi-view videos, using
cross-attention mechanisms to reconstruct videos across different viewpoints. While these
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advances have primarily focused on natural images and videos, the principles of multi-view
learning are increasingly relevant to medical imaging, where multiple views of the same
anatomy are often acquired.

2.3. Medical Image Analysis

The medical imaging community has increasingly adopted self-supervised learning to ad-
dress the persistent challenge of limited labeled data. Recent work has challenged traditional
approaches to representation learning in medical imaging. Notably, (Pérez-Garcia et al.,
2024) demonstrated that unimodal self-supervised learning can match or exceed the per-
formance of language-supervised models across diverse medical imaging tasks. This finding
fundamentally questions the necessity of language supervision for learning general-purpose
biomedical image encoders, particularly given the challenges of obtaining paired imaging-
text data in healthcare settings. MAIRA-2 (Bannur et al., 2024) further advanced the field
by introducing grounded report generation, combining detailed image understanding with
precise anatomical localization. These works highlight a shift towards more sophisticated
self-supervised approaches that can capture complex anatomical relationships without re-
lying on manual annotations or potentially limiting text supervision. Earlier approaches,
such as MedAug (Vu et al., 2021) introduced medical image-specific augmentations, while
PCRL (Zhou et al., 2021) incorporated anatomical priors to maintain clinically relevant fea-
tures during pre-training. However, most of these methods continued to rely on synthetic
transformations of single images, potentially limiting the usage of available anatomical in-
formation provided by additional views of a single study.

2.3.1. MULTI-VIEW LEARNING IN MEDICAL IMAGE ANALYSIS

Multi-view learning in medical imaging has seen limited exploration compared to single-view
approaches, despite the inherent availability of multiple views in many imaging studies.
Notable works, such as (Chen et al., 2019), explored multi-view representations in the
context of 3D data. However, these methods primarily focused on volumetric reconstruction
or fusion of cross-sectional slices, rather than leveraging natural multi-view pairings.

In (Bertrand et al., 2019) the value of lateral X-ray views in addition to frontal pos-
teroanterior (PA) views for chest radiology were investigated. Using the PadChest dataset,
they showed that incorporating lateral views increased the AUC for certain conditions and
matched PA view performance for others. While their findings suggest potential benefits,
they emphasize the need for more sophisticated methods to fully exploit multi-view data.

An attention-based multi-view classifier for chest X-ray was proposed in (Wannenmacher
et al., 2023). By combining convolutional neural networks for feature extraction with a Vi-
sion Transformer-based attention mechanism, the model effectively leverages multi-view
data to outperform traditional single-view models. Their work demonstrates the potential
of multi-view learning to improve multi-label classification performance across 41 labels.
While these studies demonstrate the potential of multi-view learning in medical imaging,
they primarily focus on classification tasks using relatively small datasets and established
architectures. Our work, in contrast, leverages a significantly larger dataset of veterinary ra-
diographs to explore self-supervised representation learning using a novel multi-view frame-
work.
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2.4. Veterinary Imaging

The application of artificial intelligence in veterinary imaging has gained increasing atten-
tion, though significant challenges remain. Recent comprehensive reviews ((Hennessey et al.,
2022),(Wilson et al., 2022), (Burti et al., 2024)) highlight both the potential and limitations
of Al in veterinary diagnostic imaging. These works identify key challenges including the
scarcity of large, annotated datasets, the diversity of species and anatomical variations, and
the need for standardized imaging protocols. Burti et al. (Burti et al., 2024) particularly
emphasize the importance of developing veterinary-specific approaches rather than directly
applying human medical models, given the unique challenges of veterinary imaging.

(Fitzke et al., 2021) introduced a system that leverages NLP-derived labels and semi-
supervised learning on 2.5 million radiographs. While effective, their reliance on report-
derived labels contrasts with our fully self-supervised approach that learns directly from
multi-view radiographs without requiring textual annotations.

3. Approach

3.1. Background

DINO (Distillation with No Labels) (Caron et al., 2021) and DINOv2 (Oquab et al., 2024)
build upon the principles of self-supervised learning by leveraging Vision Transformers (ViT)
(Dosovitskiy et al., 2021) and an innovative approach to knowledge distillation. Central
to DINO’s framework is its strategy of learning from multiple, randomly generated crops
applied to each image. This enables the model to develop representations that are robust
to variations in viewpoint and local image content, achieving a form of transformation
invariance.

In the DINO framework, the input image undergoes a process of extensive data aug-
mentation, producing multiple views of the same image. This augmentation strategy, often
referred to as “multi-crop,” generates two types of views: global views and local views.
Global views are typically larger crops (e.g., 224x224 pixels) that encompass a significant
portion of the original image. Local views are smaller crops (e.g., 98x98 pixels) that focus
on specific regions. These crops are generated with varying resolutions and fields of view,
and are created through random resizing, cropping, and other transformations such as ran-
dom horizontal flipping, color jittering (adjusting brightness, contrast, saturation, and hue),
and Gaussian blurring. This process simulates the variations that might be encountered
in real-world images, such as changes in lighting, viewpoint, and partial occlusions. DINO
utilizes a teacher-student training paradigm, a form of knowledge distillation. Both the
teacher and student networks are Vision Transformers, but they are trained differently.
The student network receives all views (both global and local) and is trained to predict
the output of the teacher network. The teacher network, however, only receives the global
views. The teacher’s weights are an exponential moving average (EMA) of the student’s
weights, providing a more stable and higher-quality target for the student to learn from.
This process forces the student to learn representations that are consistent across different
views (both global and local) of the same image, effectively aligning its output with the
teacher’s more “informed” representation derived from the global views. This enforced con-
sistency of features across different, augmented views of the same image is a key factor in
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DINO’s ability to learn meaningful, semantically rich representations without the need for
labeled data.

Our proposed research, VET-DINO, builds upon this foundational concept, but instead
of relying on artificially generated crops of a single image, it leverages the inherent multi-
view nature of veterinary radiographic studies.

3.2. Multi-view Distillation

VET-DINO is trained using crops from two random images within the same study, unlike
DINO, which uses crops from a single image. The goal is to enable the model to learn
from a combination of crops that represent different points of view within the same study.
Figure 1 highlights how each image randomly selected from the study contributes to the
model learning process.

3.3. Dataset

The dataset we used to pretrain our models consists of 5 million X-ray images drawn from
approximately 668,000 unique canine studies. Most images were archived as lossy JPEGs
with a quality setting of 89 (on a scale of 0-100, where 100 represents the least compression
and highest quality) with a fixed width of 1024 pixels. This level of compression introduces
some minor image artifacts, but was deemed acceptable for the scale of the dataset and the
intended pre-training task.

The remaining images that were not archived as lossy JPEGs came from clinical work-
flows as DICOM files, down-sampled to 512 pixel height and converted to PNG. The different
image resolutions reflect changes in acquisition equipment and storage practices over the 14-
year period. All images preserved their original aspect ratios and included metadata from
Antech Imaging Services (AIS). The dataset spans real clinical cases from more than 3,500
hospitals and clinics, covering 14 years. Before modeling, duplicate images and images with
low information content (e.g., images that were almost entirely blank or contained only a
small portion of the anatomy) were removed using ImageMagick. A separate convolutional
neural network (CNN) model, was trained to filter out images with significant artifacts and
irrelevant views.

3.4. Implementation Details

The model leverages the ViT-S/14 architecture (Dosovitskiy et al., 2021) and is trained
using the AdamW optimizer (Loshchilov and Hutter, 2019) with a batch size of 192 on a
single NVIDIA H100 GPU. The learning rate is linearly warmed up over the first 80,000
steps, held constant at 5 x 1072 for the next 320,000 steps, and then decayed to 1 x 1074,
following a cosine annealing schedule (Loshchilov and Hutter, 2017) for the remainder of
the 1,400,000 training steps, for 177 epochs. The projection layer remains frozen during
the initial warm-up phase of training to enhance stability. Furthermore, the size of the
projection layer has been reduced to 16,384 compared to 65,536 in the original DINO
implementation. This reduction was made to decrease memory consumption and was found
to have minimal impact on downstream task performance (see Section 4.4). The weight
decay is fixed at 0.04, DropPath is set to 0.1, and all training is performed in 32-bit precision.
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Figure 1: Multi-view VET-DINO architecture. Two radiographic views are randomly se-
lected from a single canine study (a set of radiographs from the same imaging
session). From each view, two global crops and ten local crops are extracted and
resized to 224x224 pixels and 98x98 pixels, respectively. All crops are passed to
the student Vision Transformer (ViT) network, while only the global crops from
one randomly chosen view are passed to the teacher ViT network. The student
network is trained to match the output of the teacher network, which receives a
more “global” perspective. The teacher’s weights are an exponential moving av-
erage (EMA) of the student’s weights. This process enables VET-DINO to learn
view-invariant anatomical representations without manual annotations.

For data augmentation, we apply random horizontal flipping with a probability of 0.1.
We also employ a multi-crop strategy similar to DINO (Caron et al., 2021). This involves
generating two global views and ten local views from the two selected images. Global views
are created by randomly cropping regions that cover 25% to 100% of the image area, then
resizing these crops to 224x224 pixels. Local views are created by randomly cropping regions
that cover 5% to 25% of the image area, also resizing them to 98x98 pixels. The 10 local
crops and 2 global crops are generated such that half originate from one randomly selected
image in the study, and the other half originate from the second randomly selected image,
allowing crops to overlap.

4. Main Results

4.1. Evaluation Protocols

We evaluate our pre-trained VET-DINO model using two complementary approaches: k-
Nearest Neighbors (k-NN) with a frozen feature extractor (Caron et al., 2020) and full fine-
tuning (Krizhevsky et al., 2012). Both protocols are applied to a multi-label classification
task of common radiographic findings using the evaluation dataset described in Section 4.2.
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The k-NN evaluation assesses representation quality in a non-parametric setting by
classifying each image based on its k nearest neighbors in the embedding space generated
by the frozen pre-trained encoder. For this protocol, we report Fl-score, precision, and
recall metrics. The optimal value of k was determined using GridSearch with 5-fold cross-
validation, selecting the value that maximized the F1 score.

For fine-tuning evaluation, we initialize the network with pre-trained student weights
and optimize all parameters for the downstream task. Performance is measured using Area
Under the ROC Curve (ROC AUC) and Average Precision (Avg Prec).

We compare VET-DINO against two baselines:

1. Single-view VET-DINO: A DINOv2 model trained on the same dataset but using only
one image per study (details in Appendix Section 7)

2. Standard DINOv2: The publicly available ImageNet pre-trained model from Meta

4.2. Evaluation Dataset

The evaluation dataset (Table 1) comprises a total of 177,526 labeled canine radiographic
images, selected from the larger pre-training dataset described in Section 3.3. Each image is
annotated in a multi-label setting with findings spanning 47 distinct radiographic abnormal-
ities, encompassing a range of conditions affecting various anatomical systems. A complete
list of these findings is provided in Appendix Section E. These labels were obtained through
manual annotation by board-certified veterinary radiologists.

The dataset is divided into a training set of 100,285 images and a validation set of
77,241 images. This split was performed randomly, while ensuring a similar distribution
of labels across both sets. To prevent data leakage, images from the same study were kept
within the same split. Table 1 provides the distribution of labels within each split.

The relatively large proportion of data allocated to the validation set is deliberate and
serves two key purposes. First, this allows for robust and statistically reliable evaluation
of model performance, which is crucial for benchmarking against our other experiments,
specifically the comparisons with the ImageNet pre-trained DINOv2 and the single-view
baseline (as described in Section 4.1). Second, the size of the training subset was chosen
based on preliminary experiments demonstrating that this amount of training data was
sufficient to achieve strong performance. By maintaining a consistent training set size
across different experimental conditions, we can more confidently attribute performance
differences to changes in model architecture or training strategies, rather than variations in
the training data itself.
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2*Label Train Dataset Validation Dataset
Negative Positive Negative Positive
Decreased serosal detail 96,922 (97%) | 3,363 (3%) | 74,631 (97%) | 2,610 (3%)
Degenerative Joint Disease 91,775 (91%) | 8,510 (9%) | 70,478 (90%) | 6,763 (10%)
Fat Opacity Mass (e.g. lipoma) | 98,507 (98%) | 1,778 (2%) | 75,848 (98%) | 1,393 (2%)
Mediastinal Mass Effect 99,599 (99%) 686 (1%) | 76,667 (99%) 574 (1%)
Mediastinal Widening 99,617 (99%) | 668 (1%) | 76,695 (99%) | 546 (1%)
Prostatic Enlargement 99,736 (99%) 549 (1%) | 76,863 (99%) 378 (1%)
Sign(s) of IVDD 94,000 (93%) | 6,285 (7%) | 72,520 (93%) | 4,721 (7%)
Small Intestinal Obstruction | 99,107 (99%) | 1,178 (1%) | 76,287 (99%) | 954 (1%)
Small Kidney 98,057 (98%) | 2,228 (2%) | 75,527 (98%) | 1,714 (2%)
Stifle Effusion 98,323 (98%) | 1,962 (2%) | 75,520 (98%) | 1,721 (2%)
Subcutaneous Mass 98,846 (99%) | 1,439 (1%) | 76,097 (98%) | 1,144 (2%)
Uterine Enlargement 99,968 (99%) | 317 (1%) | 76,965 (99%) | 276 (1%)

Table 1: Training and validation dataset counts for a subset of 11 labels. To view counts
for all 47 labels, please refer to Appendix Section E.

Figure 2: Samples of radiographs from the validation dataset.

4.3. K-NN Classification Results

To evaluate the learned representations, we extracted features from both the training and
validation/test sets using the frozen, pre-trained VET-DINO encoder. Then a k-NN classi-
fier (with k = 3, obtained using the approach described in Section 4.1) was applied to the
extracted features. The classifier was fit using the training set features and corresponding
labels, and its performance was evaluated on the validation set features, using Fl-score,
precision, and recall as metrics. Table 2 summarizes these results, comparing Multi-view
VET-DINO with our Single-view VET-DINO baseline and the ImageNet pre-trained DI-
NOv2 model. The k-nn results are reported on three gastrointestinal labels: Ingesta in the
Stomach, indicating the presence of food material in the stomach; Gastric Foreign Materials
(Debris), representing non-food substances within the stomach; and Foreign Body in the
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Small Intestines, identifying abnormal objects causing potential obstruction in the intestinal
tract.

3*Architecture 3*Fine-tuning Ingesta in Stomach Gastric Foreign Material | Foreign Body in Small Intestine
F1 Precision | Recall F1 Precision | Recall F1 Precision Recall
VET-DINO Multi-image Studies | 0.5733 0.5089 0.6564 | 0.2583 | 0.2609 | 0.3086 | 0.3517 | 0.2748 0.1272
VET-DINO (single view) | Single-image Studies | 0.2795 0.2630 0.2983 | 0.1413 0.1402 0.1425 | 0.1005 0.1098 0.0927
DINOv2 None 0.2843 0.2717 0.2982 | 0.1338 0.1412 0.1272 | 0.0738 0.0833 0.06623

Table 2: Comparison of F1, Precision, and Recall scores from the k-NN classification for all
models.

4.4. Fine-tuning Results

A ViT-Tiny model (vit-tiny-patch16-224, pretrained=False) from the timm library (Wight-
man, 2019) (based on the original Vision Transformer (ViT) architecture (Dosovitskiy et al.,
2021)) is used as the classification layer and was added on top of the pre-trained, un-
frozen VET-DINO encoder. The model was trained end-to-end using the AdamW optimizer
(Loshchilov and Hutter, 2019) with the learning rate set to 5 x 1075, a batch size of 512,
and weight decay equal to 0.001. Training was conducted with 16-bit precision, employing
a cosine annealing learning rate scheduler (Loshchilov and Hutter, 2017). We used a bi-
nary cross-entropy (BCE) loss function, as this is a multi-label classification problem. The
following data augmentations were applied during fine-tuning: resizing to 224x224 pixels,
random horizontal flips with a probability of 0.5, random rotations within the range of +30
degrees, random affine transformations with translation (10% in both x and y directions),
scaling (0.8 to 1.2), shear (£10 degrees), random perspective distortion with scale of 0.5 and
probability of 0.5, and RandAugment (Cubuk et al., 2019) with parameters N=3 (number
of operations) and M=6 (magnitude of transformations).

As a baseline, we also fine-tuned the publicly available, ImageNet pre-trained DINOv2
ViT-S/14 model from Meta (Oquab et al., 2024) on the same evaluation dataset. To ensure
a fair comparison, we used precisely the same hyperparameters, data augmentations, and
training procedures for Multi-view VET-DINO, Single-view VET-DINO and the ImageNet
pre-trained DINOv2 model. The results, including Average Precision (Avg Prec) and ROC
AUC, are summarized in Table 3.

5. Conclusion, Limitations, and Future Work

In this paper, we introduced VET-DINO, a novel self-supervised learning framework that
leverages the inherent multi-view nature of veterinary radiographic studies to learn view-
invariant anatomical representations. Unlike traditional approaches that rely on single-
image augmentations, VET-DINO uses actual radiographic views from the same study as
natural augmentations, enabling the model to learn representations that are less sensitive
to variations in patient orientation and projection angle. Our experiments on a large-scale
dataset of 5 million canine radiographs demonstrate that VET-DINO trained on multi-
view studies outperforms both its single-view complement and an ImageNet pre-trained
DINOv2 model on downstream veterinary imaging tasks, including k-NN classification and
fine-tuning for abnormality detection. Furthermore, our analysis of attention maps and
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2*Label Multi-view VET-DINO | Single-view VET-DINO DINOv2

Avg Prec | ROC AUC | Avg Prec | ROC AUC | Avg Prec | ROC AUC
Decreased serosal detail 0.700 0.961 0.619 0.944 0.622 0.944
Degenerative Joint Disease 0.589 0.916 0.466 0.877 0.484 0.881
Mediastinal Mass Effect 0.402 0.956 0.371 0.948 0.393 0.952
Mediastinal Widening 0.521 0.978 0.484 0.968 0.521 0.971
Prostatic Enlargement 0.358 0.964 0.277 0.948 0.326 0.944
Sign(s) of IVDD 0.622 0.936 0.541 0.912 0.563 0.919
Small Intestinal Obstruction 0.440 0.960 0.383 0.944 0.433 0.954
Small Kidney 0.429 0.963 0.400 0.961 0.402 0.960
Stifle Effusion 0.785 0.989 0.753 0.989 0.771 0.989
Subcutaneous Mass 0.538 0.949 0.476 0.931 0.509 0.889
Uterine Enlargement 0.590 0.976 0.415 0.933 0.535 0.949

Table 3: Fine-tuning Performance for 11 labels. To view results for all 47 labels, please
refer to Appendix Section F.

patch embedding similarities provides strong evidence that VET-DINO learns to focus on
key anatomical structures consistently across different views, suggesting the development of
representations that capture a degree of 3D anatomical information from 2D projections.

Despite these promising results, this work has limitations. First, our evaluation focused
primarily on 47 findings in canine radiographs. Further evaluation on a broader range of
anatomical regions, species, and clinical conditions is necessary to fully assess the general-
ization of VET-DINO. Second, while our cosine similarity analysis suggests view-invariance,
it relies on manually selected anatomical regions. Future work should explore more auto-
mated and objective methods for assessing this property. Finally, the current study utilizes
a relatively small ViT-S/14 architecture.

Future research will focus on several key areas:

e Scaling: We will explore larger model architectures (e.g., ViT-L) and significantly
expanded datasets, including a wider range of radiographic studies and both canine
and feline patients. The aim will be to improve model performance and generalization.

e 3D Understanding: We will investigate methods for explicitly reconstructing or
inferring 3D anatomical information from the 2D representations learned by VET-
DINO. This could involve training a separate module to predict 3D landmark locations
from the 2D embeddings and potentially exploring techniques from neural rendering
to generate novel views.

¢ Domain Knowledge Integration: We will incorporate domain-specific knowledge
from veterinary radiology to further enhance the model’s performance and inter-
pretability. This could include incorporating anatomical priors into the loss function
and using more expert-labeled data for semi-supervised learning.

Ultimately, this research aims to develop robust, interpretable, and clinically useful
self-supervised learning models for veterinary medical imaging. By leveraging the inherent
multi-view nature of radiographic data and incorporating domain expertise, we believe this
work has the potential to significantly improve diagnostic accuracy, aid in clinical decision-
making, and ultimately enhance animal healthcare.
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Appendix A. Investigation of Anatomical Understanding

Radiographs, by their nature, present a flattened, 2D representation of a complex 3D struc-
ture, requiring clinicians to mentally reconstruct the 3D anatomy. This is in contrast to
modalities like computed tomography (CT), which directly generate 3D representations.
The ability to infer 3D information from 2D projections is particularly challenging in vet-
erinary radiology due to significant variations in patient positioning, size, and breed-specific
anatomical differences. This section investigates the extent to which VET-DINO achieves
this goal of learning view-invariant representations that encode 3D information, facilitat-
ing generalization across different projections, and mitigating the inherent limitations of
2D radiographic data. To explore this, we analyze the attention maps from each model
(Multi-view VET-DINO, Single-view VET-DINO, and untuned DINOv2) and visualize the
embedding space of various anatomical structures.

Original Image Skeletal Attention Soft Tissue Attention Intestinal Attention

Figure 3: The above figure displays ventrodorsal and left lateral radiographic projections of
a canine patient acquired during the same visit. Superimposed on these images are
attention maps derived from the final block head of the Multi-view VET-DINO
model, illustrating the model’s focus on specific anatomical regions. Notably,
distinct attention heads appear to be independently attending to the skeletal
system (green), the soft tissue/muscular system (red), and the gastrointestinal
system (yellow). This observation suggests the model exhibits view-invariant at-
tention to anatomical structures although imperfectly, highlighting its capacity
to learn consistent representations of anatomical features across different radio-
graphic views.
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VET-DINO

A.0.1. ATTENTION VISUALIZATION

Figure 3 displays representative attention maps from the student network’s final trans-
former block’s attention head of the VET-DINO model. These maps were generated from
radiographs of the same canine study, including lateral and ventrodorsal projections. The
VET-DINO attention maps consistently highlight regions corresponding to the skeletal sys-
tem, particularly the spine and pelvis, across different views. This focused attention suggests
that the model has learned to identify these key anatomical structures as consistent features,
regardless of their 2D projection. In contrast, as shown in Figure 4, the attention maps
from the Single-view VET-DINO and the ImageNet pre-trained DINOv2 models exhibit a
more dispersed pattern, with less consistent focus on specific anatomical structures. This
difference in attention patterns suggests that VET-DINO’s multi-view training leads to a
greater emphasis on anatomically relevant features.
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Single View VET-DINO Multi View VET-DINO

Original DINOv2

Figure 4: Comparative analysis of the Multi-view VET-DINO model against a Single-view
VET-DINO model and the original DINOv2, using identical radiographic input,
demonstrates the superior ability of the Multi-view VET-DINO model to attend
to relevant anatomical structures in canine patients. We see that the Multi-
view VET-DINO effectively attends to the skeletal system (green), soft tissue
(red), and intestinal system (yellow). This observation underscores the hypoth-
esis that fine-tuning with multi-view radiographic studies enhances the model’s
learning capacity and facilitates the development of more robust and comprehen-
sive anatomical representations.

A.0.2. PATcH EMBEDDING SIMILARITY

To quantify the observed consistency of attention on key anatomical structures, we ana-
lyzed the cosine similarity between patch embeddings from different radiographic views of
the same study (Figure 5). Specifically, we manually selected patches corresponding to
three anatomical regions: the gastrointestinal tract, soft tissue/muscular structures, and
the skeletal system. For each anchor patch in a selected image, we calculated the cosine
similarity between its embedding and the embeddings of all patches in the accompanying
image within the same study. High cosine similarity indicates that the model represents the
same anatomical region similarly, despite differences in its 2D projection. Across a small
sample of 24 image pairs, we calculated an average cosine similarity of 0.98 between the
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VET-DINO

anchor patch and the top 5 most similar patches in the comparison image. This suggests
that VET-DINO learns representations that exhibit a degree of view-invariance.

Anchor Image Comparison Image Multi View VET-DINO Single View VET-DINO DINOv2

Soft Tissue G6I Tract

Skeletal

Figure 5: Visualization of cosine similarity between patch embeddings for a multi-view
VET-DINO model, single-view VET-DINO, and untuned DINOv2. The anchor
patch (red box) and comparison image originate from the same patient and ra-
diographic session. Top-5 most similar patches are highlighted, demonstrating
superior view-invariant anatomical feature identification in the multi-view model,
as compared to the single-view model and original DINOv2.

Patch embeddings are extracted from the output of the VET-DINO student ViT en-
coder’s final transformer block, before the [CLS] token embedding. Specifically, for each
image, the activations from this layer are reshaped into a set of patch embeddings, each
corresponding to a 14x14 pixel region in the input image (given the ViT-S/14 architecture).
To quantify inter-view similarity, an anchor patch is selected from one view of a study.
The cosine similarity is then calculated between the anchor patch embedding and all patch
embeddings from a different, comparison view of the same study. This provides a measure
of the similarity between local image features across different radiographic projections. A
visual illustration of this process is provided in Appendix D, Figure 8.

Appendix B. Training Loss

17



DOURSON TAYLOR QI1A0 FITZKE

Training Loss vs Steps
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Figure 6: VET-DINO pre-training loss illustrates the training loss trajectory during the
model’s self-training process. Across all our experiments, we consistently observed
an abrupt collapse in the loss, followed by a recovery to a more conventional
pattern.

Appendix C. Single-view VET-DINO
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Select the only image
in the study. Global Crops

(224x224)

Complete set of
radiographs in a study.

/\ VET-DINO
—)l Centering || SoftMax || Projection Head |

Teacher

Local Crops
(98x98)

VET-DINO __)| SoftMax || Projection Head |
Student

Figure 7: Single-view VET-DINO Architecture. Unlike Multi-view VET-DINO, a single
radiographic view is taken from a single canine study. Two global crops and ten
local crops are extracted and resized to 224x224 pixels and 98x98 pixels, respec-
tively. All crops are passed to the student Vision Transformer (ViT) network,
while only one global crop is passed to the teacher ViT network. The student
network is trained to match the output of the teacher network, which receives a
more “global” perspective. The teacher’s weights are an exponential moving av-
erage (EMA) of the student’s weights. This process enables VET-DINO to learn
view-invariant anatomical representations without manual annotations.

Appendix D. Cosine Similarity Computations

Mop the patches to their

Start with an image respective indicies Select the anchor patch

Overlay the cosine Select the patches in the
similarities on the comparison image with the &
highest similarity values

every patch in the
comparison image

Select the comparison image
of the subject from the Map the patches to their
respective indicies

comparison image.

starting image

image.

Figure 8: Patch-level similarity is assessed by comparing embeddings extracted from the
final layer activations of the ViT. The anchor patch embedding is contrasted with
the embeddings of all patches in the comparison image. High cosine similarity
scores between embeddings signify similar semantic content, as seen in the final
image with the five most similar patches highlighted.
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2*Label Train Dataset Validation Dataset
Negative Positive Negative Positive
Aggressive Bone Lesion 99,361 (99%) 924 (1%) | 76,482 (99%) 759 (1%)
Caudal Abdominal Mass 100,173 (99%) 112 (1%) | 77,139 (99%) 102 (1%)
Constipation Obstipation 99,783 (99%) 502 (1%) | 76,822 (99%) | 419 (1%)
Cranial Abdominal Mass 99,885 (99%) 400 (1%) | 76,957 (99%) | 284 (1%)
Decreased serosal detail 96,922 (97%) 3,363 (3%) | 74,631 (97%) | 2,610 (3%)
Degenerative Joint Disease 91,775 (91%) 8,510 (9%) | 70,478 (90%) | 6,763 (10%)
Esophagal Dilation 98,916 (99%) | 1,369 (1%) | 76,214 (99%) | 1,027 (1%)
Fat Opacity Mass (e.g. lipoma) 98,507 (98%) 1,778 (2%) | 75,848 (98%) | 1,393 (2%)
Foreign Body in the Small Intestines 99,329 (99%) 956 (1%) | 76,508 (99%) 733 (1%)
Gall Bladder Calculi 99,700 (99%) 585 (1%) | 76,759 (99%) 482 (1%)
Gastric Dilatation Volvulus 100,195 (99%) 90 (1%) | 77,164 (99%) 77 (1%)
Gastric Distention 95,022 (94%) 5,263 (6%) | 73,727 (95%) | 3,514 (5%)
Gastric Foreign Material (debris) 95,489 (95%) 4,796 (5%) | 74,241 (96%) | 3,000 (4%)
Hepatic Mineralization 99,883 (99%) 402 (1%) | 76,948 (99%) 293 (1%)
Ingesta in the stomach 86,000 (83%) | 14,285 (17%) | 73,646 (95%) | 3,595 (5%)
Irregular material in the small intestines | 98,633 (92%) 1,652 (2%) | 76,466 (99%) 775 (1%)
Irregular small intestinal gas patterns 99,991 (99%) 294 (1%) | 77,095 (99%) 146 (1%)
Large Kidney 100,088 (99%) 197 (1%) | 77.073 (99%) | 168 (1%)
Limb Fracture 99,337 (99%) 048 (1%) | 76,481 (99%) | 760 (1%)
Luxation 99,068 (99%) | 1,217 (1%) | 76,263 (99%) | 978 (1%)
Mediastinal Mass Effect 99,599 (99%) 686 (1%) | 76,667 (99%) 574 (1%)
Mediastinal Widening 99,617 (99%) 668 (1%) | 76,695 (99%) | 546 (1%)
Megacolon 100,095 (99%) 190 (1%) | 77,126 (99%) | 115 (1%)
Mid Abdominal Mass 99,765 (99%) 520 (1%) | 76.872 (99%) 369(1%)
Misshapen Kidney(s) 99,862 (99%) 423 (1%) | 76,945 (99%) | 296 (1%)
Pneumothorax 99,968 (99%) 317 (1%) | 77,027 (99%) 214 (1%)
Prostatic Enlargement 99,736 (99%) 549 (1%) | 76,863 (99%) 378 (1%)
Pulmonary Alveolar 94,004 (94%) | 5,381 (6%) | 72,919 (94%) | 4,322 (6%)
Pulmonary Interstitial Nodule(s) 98,758 (98%) 1,527 (2%) | 76,054 (98%) | 1,187 (2%)
Pulmonary Mass (Over 1 cm) 98,665 (98%) 1,620 (2%) | 75,970 (98%) | 1,271 (2%)
Pulmonary Vascular 99,021 (99%) | 1 264 (1%) | 76,232 (99%) | 1, 009 (1%)
Pyloric outflow obstruction 100,221 (99%) 64(1%) | 77,207 (99%) 34 (1%)
Renal Mineralization 98,989 (99%) 1,296 (1%) | 76,288 (99%) 953 (1%)
Rib Fracture 100,087 (99%) 198 (1%) | 77,102 (99%) 139 (1%)
Sign(s) of IVDD 94,000 (93%) | 6,285 (7%) | 72,520 (93%) | 4,721 (7%)
Sign(s) of Pleural Effusion 98,681 (98%) 1,604 (2%) | 75,918 (98%) | 1,323 (2%)
Small Intestinal Obstruction 99,107 (99%) 1,178 (1%) | 76,287 (99%) 954 (1%)
Small Intestinal Plication 100,116 (99%) 169 (1%) | 77.121 (99%) | 120 (1%)
Small Kidney 98,057 (98%) | 2,228 (2%) | 75,527 (98%) | 1,714 (2%)
Small Liver 100,080 (99%) 205 (1%) | 77,111 (99%) | 130 (1%)
Splenomegaly 99,081 (99%) 1,204 (1%) | 76,322 (99%) 919 (1%)
Sternal Lymph Node Enlargement 99,896 (99%) 389 (1%) | 76,902 (99%) 339 (1%)
Stifle Effusion 98,323 (98%) | 1,962 (2%) | 75,520 (98%) | 1,721 (2%)
Subcutaneous Mass 98,846 (99%) 1,439 (1%) | 76,097 (98%) | 1,144 (2%)
Subcutaneous Nodule 99,952 (99%) 333 (1%) | 76,917 (99%) | 324 (1%)
Urinary Bladder Calculus Calculi 99,282 (99%) 1,003 (1%) | 76,478 (99%) 763 (1%)
Uterine Enlargement 99,968 (99%) 317 (1%) | 76,965 (99%) 276 (1%)

Appendix E. Dataset Details for All Labels

Appendix F. Fine-tuning Results for All Labels
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Table 4: Performance Metrics for All 47 Findings

VET-DINO

2*Label Multi-view VET-DINO | Single-view VET-DINO DINOv2
AP AUC AP AUC AP | AUC
Aggressive Bone Lesion 0.289 0.910 | 0.101 0.883 | 0.107 | 0.884
Caudal Abdominal Mass 0.029 0.871 | 0.016 0.866 | 0.020 | 0.839
Constipation/Obstipation 0.239 0.920 | 0.219 0.906 | 0.234 | 0.917
Cranial Abdominal Mass 0.158 0.894 | 0.124 0.873 | 0.172 | 0.864
Decreased serosal detail 0.700 0.961 | 0.619 0.944 | 0.622 | 0.944
Degenerative Joint Disease 0.589 0.916 | 0.466 0.877 | 0.484 | 0.881
Esophagal Dilation 0.380 0.921 | 0.298 0.898 | 0.391 | 0.920
Fat Opacity Mass (e.g. lipoma) 0.684 0.976 | 0.573 0.959 | 0.621 | 0.920
Foreign Body in the Small Intestines 0.220 0.930 | 0.192 0.914 | 0.216 | 0.927
Gall Bladder Calculi 0.172 0.904 | 0.115 0.887 | 0.172 | 0.877
Gastric Dilatation Volvulus 0.511 0.967 | 0.541 0.964 | 0.527 | 0.895
Gastric Distention 0.778 0.976 | 0.766 0.973 | 0.781 | 0.975
Gastric Foreign Material (debris) 0.502 0.901 | 0.463 0.885 | 0.482 | 0.952
Hepatic Mineralization 0.153 0.902 | 0.083 0.866 | 0.133 | 0.872
Ingesta in the stomach 0.228 0.860 | 0.216 0.855 | 0.223 | 0.861
Irregular or granular material in the small intestines | 0.069 0.844 | 0.057 0.838 | 0.064 | 0.857
Irregular small intestinal gas patterns 0.022 0.852 | 0.022 0.853 | 0.025 | 0.839
Large Kidney 0.230 0.896 | 0.158 0.896 | 0.268 | 0.898
Limb Fracture 0.347 0.948 | 0.216 0.931 | 0.234 | 0.942
Luxation 0.188 0.916 | 0.142 0.901 | 0.139 | 0.897
Mediastinal Mass Effect 0.402 0.956 | 0.371 0.948 | 0.393 | 0.952
Mediastinal Widening 0.521 0.978 | 0.484 0.968 | 0.521 | 0.971
Megacolon 0.010 0.788 | 0.015 0.791 | 0.027 | 0.807
Mid Abdominal Mass 0.333 0.954 | 0.280 0.940 | 0.320 | 0.930
Misshapen Kidney(s) 0.120 0.946 | 0.099 0.944 | 0.093 | 0.938
Pneumothorax 0.445 0.955 | 0.364 0.941 | 0.427 | 0.942
Prostatic Enlargement 0.358 0.964 | 0.277 0.948 | 0.326 | 0.944
Pulmonary Alveolar 0.787 0.975 | 0.788 0.977 | 0.796 | 0.976
Pulmonary Interstitial - Nodule(s) (Under 1 cm) 0.335 0.915 | 0.320 0.911 | 0.361 | 0.919
Pulmonary Mass (Over 1 cm) 0.392 0.931 | 0.349 0.917 | 0.409 | 0.959
Pulmonary Vascular 0.531 0.959 | 0.516 0.957 | 0.532 | 0.924
Pyloric outflow obstruction 0.039 0.905 | 0.054 0.865 | 0.044 | 0.899
Renal Mineralization 0.161 0.906 | 0.148 0.899 | 0.144 | 0.897
Rib Fracture 0.095 0.851 | 0.031 0.813 | 0.044 | 0.801
Sign(s) of IVDD 0.622 0.936 | 0.541 0.912 | 0.563 | 0.919
Sign(s) of Pleural Effusion 0.769 0.986 | 0.738 0.981 | 0.752 | 0.983
Small Intestinal Obstruction 0.440 0.960 | 0.383 0.944 | 0.433 | 0.954
Small Intestinal Plication 0.047 0.933 | 0.036 0.908 | 0.065 | 0.731
Small Kidney 0.429 0.963 | 0.400 0.961 | 0.402 | 0.960
Small Liver 0.016 0.773 | 0.022 0.744 | 0.015 | 0.896
Splenomegaly 0.450 0.955 | 0.403 0.944 | 0.393 | 0.948
Sternal Lymph Node Enlargement 0.213 0.936 | 0.189 0.936 | 0.229 | 0.944
Stifle Effusion 0.785 0.989 | 0.753 0.989 | 0.771 | 0.989
Subcutaneous Mass 0.538 0.949 | 0.476 0.931 | 0.509 | 0.889
Subcutaneous Nodule 0.076 0.907 | 0.061 0.883 | 0.082 | 0.924
Urinary Bladder Calculus/Calculi 0.339 0.916 | 0.329 0.916 | 0.317 | 0.907
Uterine Enlargement 0.590 0.976 | 0.415 0.933 | 0.535 | 0.949
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