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Supplementary Material

1. Methodology
In this section, we provide further details for the proposed
methodology of DCRM-ViT model.

1.1. Image Encoder
The input image is first divided into non-overlapping patches
of size p× p. These patches are then linearly embedded into
vectors and augmented with positional embeddings to retain
spatial information. Given an image x ∈ RH×W×C with
height H , width W , and channels C, the image is divided
into Np = HW

p2 patches. Each patch pi ∈ Rp×p×C is
projected to a vector ei ∈ RD using a linear layer, where D
is the embedding dimension. The set of patch embeddings is
given by E = {e0, e1, . . . , eNp−1}, where e0 is a learnable
class token added to aggregate global image information.
The embeddings and positional embeddings are fed into
DR. and a series of RMB modules, generating new token
representations that encode the image features.

1.2. Soft Parameter Sharing
We implement a soft-parameter sharing mechanism to effec-
tively utilize knowledge from both domains. The final RMB
parameters are computed by weighting the domain-specific
parameters according to the domain probabilities. This
can be mathematically written as θA = pmedicalθA,medical +
pnaturalθA,natural. This approach enables the model to handle
images with features from different domains or ambiguous
characteristics, thus enhancing its robustness and generaliza-
tion.

1.3. Regularization of Dynamic Parameters
To prevent the dynamically generated parameters and
domain attention biases from deviating excessively
from the base parameters, we introduce a regu-
larization term in the loss function as Lreg =
λ
(
∥θA − θA,base∥2 + ∥Bd −Bbase∥2

)
. Here, θA,base and

Bbase are the base RMB parameters and attention biases
(initialized from the pre-trained weights of ViT), and λ is a
regularization coefficient. This regularization ensures that
the model retains the foundational knowledge from the pre-
trained model while adapting to domain-specific nuances.

1.4. Drop Path Regularization
Drop path regularization is implemented to enhance the gen-
eralization capability of the DCRM-ViT model and prevent
overfitting. This technique randomly drops Transformer

blocks during the training phase, encouraging the model to
develop redundant paths for information processing. This
increases its fault tolerance and reduces dependence on any
single path during inference. The drop path regularization
can be mathematically expressed as:

hdrop =

{
h with probability (1− p)

0 with probability p
(1)

where p is the drop path rate.

1.5. Robustness to Noise.
The robustness of domain probabilities to noise in medical
data is a crucial concern due to the inherently noisy nature
of such data. Here, the domain classifier is trained not only
on clean images but also on medical images, learning the
discriminative nature between both domains. In case we
remove the noise completely, then the model will probably
get overfit and will not be able to perform well when shown
some real-time clinical medical images, which definitely
would contain the noise. So, the model should be adapted to
the nature of the medical domain accordingly. Therefore, we
have already incorporated the Drop Path (as explained above)
and regularization approach within the domain classifier to
prevent overfitting to noisy or outlier data points, enhanc-
ing the generalization capabilities of the DR. module across
noisy inputs. Table 1 also shows the comparison of differ-
ent modules used in our model along with their different
characteristics.

1.6. Zero-Shot Transformation
This adaptation process is formulated as an optimization
problem that aims to minimize the squared euclidean dis-
tance between the transformed feature representations of
the source models and the corresponding CLIP embeddings,
with an added regularization term to mitigate overfitting.
Here, the source model corresponds to the model that lacks
direct zero-shot capability. The mathematical expression for
this optimization function includes a Frobenius norm of W
as the regularization term:

min
W,b

{
N∑
i=1

∥Wfsource(xi) + b− fCLIP(xi)∥22 + λ∥W∥2F

}
(2)

Where λ is a regularization parameter that helps balance
the fit and complexity of the model to enhance generalization.
The transformation W and bias b are updated iteratively us-
ing stochastic gradient descent, with the update rules defined



Figure 1. DCRM-ViT results using ultrasound and natural images, showing labels and confidence levels

as:

W (t+1) = W (t) − η
(
∇WL(W, b;x(t)) + λW (t)

)
(3)

b(t+1) = b(t) − η∇bL(W, b;x(t)) (4)

L(W, b;x) =

n∑
i=1

∥Wfsource(xi) + b− fCLIP(xi)∥22 (5)

Here, η denotes the learning rate and t represents the
iteration number. After alignment, the effectiveness of the
adaptation is quantified by computing the cosine similarity
between the transformed feature vectors and the CLIP em-
beddings. This metric provides a measure of how well the
adapted model features align with the multimodal semantic
space of CLIP:

cosine similarity =
⟨Wfsource(x), fCLIP(x)⟩
∥Wfsource(x)∥∥fCLIP(x)∥

(6)

A high cosine similarity indicates a successful alignment,
affirming the model’s capability to perform zero-shot classi-
fication by interpreting textual descriptions associated with
images. This enables these traditionally non-zero-shot mod-
els to recognize and categorize images without explicit prior
training on specific class labels. This adaptation extends
the utility of these models for advanced applications where
labels are scarce or unavailable, enhancing their applicability
in diverse real-world scenarios.

2. Datasets
This paper incorporates ultrasound, CT, and MRI, as well
as natural imagery datasets to comprehensively evaluate the
effectiveness of the models. Further details for each modality
is provided below.

2.1. Ultrasound Datasets
FPUS23. The FPUS23 dataset [14] utilizes a simulated 23-
week gestation fetus phantom to overcome the ethical chal-
lenges associated with actual patient data. This dataset, com-
prising 15,728 ultrasound images captured with the Philips
Epiq-7 system, is enhanced by Anatomically Intelligent Ul-
trasound (AIUS) technology. It includes images categorized
into four classes: Head, Abdomen, Arms, and Legs, demon-
strating its diversity and applicability for anatomical studies.
We filtered the images from this dataset so that each image
would have a single class like arm or an abdomen, and then

applied various augmentations to increase the size of the
dataset.
Fetal Planes DB. The Fetal Planes (FP) dataset [4] fea-
tures over 12,400 annotated ultrasound images from 1,792
patients. These images are sorted into six categories reflect-
ing key fetal anatomical planes used in prenatal screenings:
Abdomen, Brain, Femur, Thorax, and the maternal cervix.
Additional categorization into sub-planes, including trans-
thalamic, trans-cerebellum, and trans-ventricular, provides
detailed insights into brain anatomy, although these are not
the primary focus of this paper.
BUS-UCLM. [18] is a curated set of 683 breast ultrasound
images from 38 patients acquired at Ciudad Real General
University Hospital on a Siemens ACUSON S2000 with an
18L6 HD probe. Each image has an expert RGB mask (black
= normal, green = benign, red = malignant) and having a
total class count of 419 normal, 174 benign, 90 malignant
samples, respectively.
BUID. [1] is a collection of 780 PNG images (500 × 500
px) from 6̃00 female patients collected at Baheya Hospital
(Cairo) using LOGIQ E9 / LOGIQ E9 Agile systems. It
contains normal, benign, and malignant classes with per-
image freehand mask ground truths. It has a class count of
487 benign, 210 malignant, and 133 normal, respectively.
BUS-BRA.[7] is a public dataset of 1,875 anonymized breast
ultrasound images from 1,064 female patients acquired on
four scanners at Brazil’s National Institute of Cancer. It
provides biopsy-proven labels (722 benign, 342 malignant),
expert lesion masks, and standardized 5- and 10-fold cross-
validation splits.

2.2. CT/MRI Datasets

ACDC. [2] is a cine-MRI dataset of 150 patients evenly
split into five diagnostic groups (NOR, MINF, DCM, HCM,
ARV), acquired over six years on 1.5T/3T Siemens scanners
with SSFP sequences. The training set includes 100 labeled
subjects, and the test set contains 50. Expert annotations are
provided at the ED / ES for the LV / RV cavities and the LV
myocardium.
MMWHS. [21] is a challenge dataset that provides 120
clinical 3D cardiac volumes (60 CT and 60 MRI) covering
the whole heart. It targets segmentation of standard heart
substructures and enables consistent benchmarking across
modalities.



2.3. Natural Imagery Datasets
For natural-image evaluation, we use CIFAR-10 [12],
Caltech-101 [6], Natural Images [16], Food-101 [3],
SUN397 [19], and Stanford Cars [11].

Algorithm 1 Training Procedure for Model Adaptation

1: Initialization: Start with pre-trained transformer pa-
rameters θ, initial RMB parameters ϕbase, DR. module
parameters ωbase, and learning rates α and β.

2: for each task T do
3: Domain Probability Estimation: Use the domain

classifier D to compute D(x) for images in Dtask
T and

Ddom
T .

4: Inner Loop:
5: Generate RMB parameters ϕ using the PSN unit

and domain probabilities.
6: Fine-tune ϕ on Dtask

T .
7: Update ϕ′

T for task T .
8: Outer Loop:
9: Compute Ltotal on Ddom

T .
10: Update ω, ϕ, and α.
11: end for
12: Repeat:
13: Iterate over all tasks, performing inner and outer loop

updates until convergence.

3. Qualitative Results
Figure 1 illustrates the correctly classified examples from a
batch of test data spanning both fetal-ultrasound (arm, brain,
femur) and natural-image (flower, car, dog, cat) domains. In
all cases, the model’s top-1 prediction matches the ground
truth with high confidence (0.93–0.98), demonstrating robust
domain-agnostic recognition that complements the quanti-
tative gains reported earlier. We also showed the attention
map outputs in Figure 2.

4. Experimental Setup
The experiments are conducted on NVIDIA A100 GPU with
40 GB of VRAM and 128 GB of RAM. Adam [10] optimizer
was used for all model training, whereas SGD [17], along
with the CosineAnnealingLR scheduler, was used to adapt
the self-supervised models to zero-shot configurations. We
used different models like MAE [8], DINOv2 [13], and CLIP
[15], as well as the low-rank methods like Tip-Adapter [20],
AdaptFormer [5], and LoRA [9]. The batch size of 32 was
used for all the datasets. We use the inner-loop learning rate
to be relatively high with value of 1 × 10−3 so that each
RMB can rapidly adapt to its task-specific data. In contrast,
we use a bit lower learning rate of 1 × 10−4 as the outer
loop updates the parameters more conservatively. We also
provide our pseudo-algorithm in Algorithm 1.

For validation and performance testing, a split of 60-20-
20 is used, where 60% of the data from each dataset is
used for training (Ddom

T , Dtask
T ), 20% for validation, and the

remaining 20% for testing. The difference between Ddom
T

and Dtask
T is that the former is used as a binary classifica-

tion problem where the classes are either fetal or natural
domain. In contrast, the latter refers to the main task classes
like fetal arm, head, abdomen, etc. We evaluate the perfor-
mance of each model using two primary metrics: accuracy
and F1 score. Accuracy measures the proportion of correct
predictions made by the model out of all predictions. In
contrast, the F1 Score assesses the model’s precision and
recall balance, which is particularly useful in scenarios with
imbalanced datasets.

Figure 2. Visualization of attention maps

5. Extended Ablations
To enlighten the impact of drop path regularization on the
performance of the DCRM-ViT model, we conducted three
experiments across two datasets, FPUS23 and FP. The re-
sults, as delineated in Table 3, illustrate that a moderate
drop path rate of 0.1 enhances both accuracy and F1 scores,
particularly on the FP dataset. Conversely, increasing the
drop path rate to 0.3 decreased performance metrics, under-
scoring the critical need for precise tuning of regularization
parameters to maintain the delicate balance between model
robustness and learning efficiency. Table 2 also shows the
different ablations conducted for the RMB depth and the
backbone replacement.
Additional conditional baseline. To test whether a simpler
conditional design is sufficient, we also compare against a
strong baseline that appends learned domain tokens/prompts
to the ViT input and uses a standard high-rank adapter in
each block, with trainable parameters matched to DCRM-
ViT. This baseline improves over static adapters but remains
below DCRM-ViT, showing that static domain prompting
is weaker than our per-sample DR.→PSN conditioning. On
FPUS23, DCRM-ViT outperforms this matched baseline by
+12.3% accuracy.

6. Limitations and Future Work
The granularity of DCRM-ViT’s DR. module may not be
sufficient for complex medical scenarios, as it primarily dis-
tinguishes between broad image categories without delving
into finer medical subdomains. This limits its diagnostic
capabilities in environments that require detailed differenti-
ation among medical conditions. Moreover, DCRM-ViT’s



Table 1. Comparison of module types in the DCRM-ViT framework

Module Type Primary Role Input Sensitivity Mechanism Benefit

DR. Domain-aware
modulation

Varies per input (e.g., fetal
vs. general images)

Gate-channel architecture with
PSN-generated parameters

Enables input-dependent adaptation across
domains

RMB Task-specific fine-tuning Fixed per task Lightweight residual bottleneck
modules

Enables parameter-efficient customization
and improved classification performance

Table 2. Compact ablation on RMB depth (left block) and backbone choice (right block) in DCRM-VIT. The left value shows accuracy
while right value corresponds to F1 score.

Dataset
# RMB layers Backbone

8 12 14 ResNet-50 VGG-16 ViT-B/16

FPUS23 61.4±1.3 / 0.61±0.04 63.4±0.9 / 0.69±0.03 62.7±1.1 / 0.65±0.04 60.5±1.5 / 0.61±0.05 59.2±1.2 / 0.60±0.03 63.4±0.8 / 0.62±0.02

Fetal Planes 87.2±0.7 / 0.87±0.02 89.2±0.6 / 0.90±0.01 88.2±0.8 / 0.88±0.03 87.0±0.9 / 0.87±0.04 85.5±1.0 / 0.86±0.05 89.2±0.5 / 0.88±0.02

Table 3. Impact of drop path regularization on model performance
across FPUS23 and FP datasets.

Drop Path Rate FPUS23 Fetal Planes

Accuracy (%) F1 Score Accuracy (%) F1 Score

0.0 63.1 ± 1.4 0.67 ± 0.05 88.5 ± 0.7 0.88 ± 0.02
0.1 63.4 ± 0.8 0.69 ± 0.03 89.0 ± 0.4 0.89 ± 0.01
0.2 62.9 ± 1.2 0.68 ± 0.06 89.3 ± 0.9 0.90 ± 0.03
0.3 62.3 ± 1.0 0.67 ± 0.04 88.7 ± 0.5 0.89 ± 0.04

performance heavily depends on the quality of its underlying
pre-trained backbone ViT models. By having inadequate
or non-representative pre-training, the model’s effectiveness
can be affected in specialized medical tasks, affecting its
adaptability and precision. Moreover, our evaluation focuses
on static 2D scans, which shows that DCRM-ViT has not
yet been tested on video sequences or other medical imaging
modalities such as X-ray. Finally, DCRM-ViT is based on
classification and segmentation tasks, whereas many clinical
applications (e.g., landmark detection) require more dense
predictions.

To refine DCRM-ViT, we aim to improve the ability of
the DR. module to recognize and adapt to more specific med-
ical modalities such as PET, X-Ray, and other scans, which
will cover a broad spectrum of adaptability in the medical
domain. Additionally, the current structure of DCRM-ViT
follows a linear approach, where we tend to explore other par-
allel options to combine the different modules, like having
separate RMB branches (e.g., one branch for natural fea-
tures, one for the MRI domain, and one for fetal), followed
by a fusion mechanism. Furthermore, we will generalize the
DR. + RMB integration for dense prediction by embedding
domain-aware calibration directly into landmark-detection
heads, thereby enabling pixel-level refinement of fetal struc-
tures. Finally, to enable video analysis, we also look forward
to incorporating temporal feature fusion, for example, via a
lightweight spatio-temporal transformer or recurrent mem-

ory tokens to enforce consistency across video frames and
improve robustness to motion blur.

7. Key Insights.
There is a notable difference in the zero-shot performance
between fetal and natural image datasets. However, it is
worth noting that this accuracy has been reported in zero-
shot settings while using the feature transformation approach.
This lower performance can be improved further by using
several targeted improvements, like expansion of training
data to cover more variations of the medical domain, imple-
mentation of a contrastive pre-training approach specifically
for the fetal domain, and modifying the transformation ap-
proach by using CLIP embedding space tailored for the fetal
domain rather than the natural imagery domain. Moreover,
during the feature transformation, we used the normal CLIP
embedding space, which limits the capability of DCRM-ViT.
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