Delving Aleatoric Uncertainty in Medical Image Segmentation via Vision
Foundation Models
—Supplementary Material

Overview

In this supplementary material, we provide a more detailed
coverage of related work and a complete derivation of the
methodological formulations. Furthermore, we present ad-
ditional ablation studies and extended comparisons with
existing state-of-the-art methods, accompanied by detailed
analyses, visualizations, and discussions.

Related Work

Aleatoric Uncertainty Estimation.

Aleatoric uncertainty (data uncertainty) refers to the in-
herent and irreducible randomness in the data genera-
tion process. Typical sources include measurement noise,
sensor errors, microscopic material variations, biological
stochastic expression, and market fluctuations. Unlike epis-
temic uncertainty, which can be reduced by acquiring more
data, aleatoric uncertainty persists even in the large-sample
limit—it represents the residual randomness that cannot be
eliminated given the model and data.

To improve the estimation of aleatoric uncertainty, re-
searchers have proposed various schemes. In the field of
deep learning, the mainstream approach is to train neu-
ral networks to estimate the parameters of heteroscedastic
Gaussian distribution and maximize the log-likelihood of
observed data. However, although this method is simple
to train, it often suffers from variance overconfidence and
gradient imbalance problems.Seitzer et al.[15] proposes the
B-NLL loss to reweight each sample by the 3-power of vari-
ance to solve this issue. Some studies focus on combining
or optimizing uncertainty types.Kendall et al .[8] propose
a Bayesian deep learning framework that integrates input-
dependent aleatoric uncertainty and epistemic uncertainty
and conducts research on semantic segmentation and depth
regression tasks. Its explicit uncertainty formula also in-
troduces a new loss function interpretable as learning decay
for tasks, which can reduce the impact of noisy data through
implicit decay. Studies such as [10] and [17] continue the
main idea by adding parametric variance terms to stochastic
prediction models and capturing aleatoric uncertainty with

variance decay loss. Other studies start from optimizing
the estimation process. Zhang et al.[21] introduces a vari-
ance approximation module, assumes that data noise fol-
lows a zero-mean distribution, and actively eliminates noise
from observations to better restore the underlying signal;
Stirn et al.[16] advocates Bayesian treatment of the vari-
ance (more precisely, precision) of the predictive distribu-
tion; Cui et al.[1] proposes a calibrated regression method
based on Maximum Mean Discrepancy (MMD), which en-
ables the prediction interval to have good calibration by
minimizing the embedding metric of the kernel. In addi-
tion, Yi et al. [20] proposes to train the mean network and
variance network separately to obtain aleatoric uncertainty.
As uncertainty estimation methods continue to advance, re-
searchers in the medical imaging field are increasingly fo-
cusing on leveraging aleatoric and epistemic uncertainty to
model complex clinical tasks.

Uncertainty Estimation in Medical Image Segmen-
tation

In medical image segmentation, uncertainty estimation
refers to assigning a confidence score to each predicted
pixel (or voxel) label that quantifies how likely this label
deviates from the true anatomical structure. This score may
arise from inherent data noise or ambiguity (aleatoric un-
certainty) or from the model’s knowledge deficiency caused
by inadequate training, distribution shift, or unseen anatom-
ical variations (epistemic uncertainty). By producing an
uncertainty map that has the same spatial resolution as
the segmentation mask, clinicians can rapidly locate low-
confidence regions and give them additional scrutiny during
diagnosis and treatment planning, thereby improving both
model transparency and clinical safety.

Roy et al.[13] proposed a Bayesian CNN that applies
Monte-Carlo Dropout at test time to sample multiple pre-
dictions and generate voxel-wise uncertainty maps. Used
for whole-brain MRI segmentation, this approach can iden-
tify poorly segmented regions and serves as an effective
quality-control tool. Jungo et al.[7] compared several
uncertainty-estimation methods for brain-tumor segmenta-
tion and found that applying Monte-Carlo Dropout after ev-



ery convolutional layer yields more informative uncertainty
estimates.By equipping a dropout-based Bayesian CNN
for diabetic-retinopathy detection,Lei Biget al.[11] show
that MC-dropout uncertainty enables clinically informed
decision referral, boosting sensitivity/specificity to NHS-
recommended levels while remaining robust across archi-
tectures and datasets. Kwon et al.[9] introduces a Bayesian
neural network method that decomposes predictive uncer-
tainty into aleatoric and epistemic components without ex-
tra variance parameters, demonstrating improved reliabil-
ity of point predictions on ISLES and DRIVE segmenta-
tion datasets. Wang et al.[18] combined test-time augmen-
tation with Monte-Carlo Dropout to estimate uncertainty in
MRI segmentation; by performing multiple forward passes
and computing prediction variance, their method improves
boundary delineation accuracy. Seebock et al.[14] ap-
plied a Bayesian U-Net to retinal OCT segmentation, used
Monte-Carlo Dropout to estimate epistemic uncertainty,
and observed that high-uncertainty regions strongly coin-
cide with segmentation errors, offering a new route for
anomaly detection in medical images.Daming et al.[5] sys-
tematically reviewed probabilistic and non-probabilistic un-
certainty quantification methods applied to medical image
analysis tasks.SU-ASM[19] combines Convolutional Neu-
ral Networks (CNN) with Active Shape Models (ASM) to
achieve more accurate segmentation results and more reli-
able uncertainty estimation. Unlike previous studies based
on pixel-wise uncertainty, SU-ASM integrates global shape
information, effectively reducing local misjudgments and
enhancing model interpretability.

In medical imaging uncertainty analysis, most existing
studies primarily focus on assessing model epistemic uncer-
tainty and evaluating model reliability. However, the inher-
ent noise and variability in medical data directly influence
the learning process of deep models, often becoming a criti-
cal bottleneck for achieving stable and accurate predictions.
Motivated by this gap, our work shifts attention to quantify-
ing the intrinsic aleatoric uncertainty of the data itself and
further proposes a data optimization framework driven by
aleatoric uncertainty awareness. Experimental results val-
idate the effectiveness of this idea, demonstrating that ex-
plicitly modeling data-level stochastic uncertainty can lead
to more robust and reliable medical image segmentation.

Method details

Singular Value Spectrum Analysis of vectors

From the perspective of linear algebra and representation
learning, singular values characterize the variance energy
distribution of a feature matrix along different orthogonal
directions, serving as a key indicator of structural complex-
ity and redundancy within the data. The magnitude of each
singular value reflects the information energy or the varia-
tion strength carried along its corresponding direction, and
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Figure 1. Singular value decay (left) and cumulative energy (right)
for four WORD and LiTS samples.

the overall shape of the singular value spectrum directly re-
veals the richness and anisotropy of the learned vectors.

Let oy > 092 > --- > o, > 0 denote the singular val-
ues of a feature matrix X € R™*", where r = rank(X).
The energy concentration can be quantified by the ratio of
the cumulative sum of the top-k singular values to the total
energy:

For a sample with fast decay (e.g., red/orange curves),
there exists a small kg such that:

E(ko) > 0.9

This indicates that over 90% of the total energy is cap-
tured by only kg components, implying that the effective
rank kg is small. In such cases, the feature representation is
low-rank, and the effective dimensionality is limited:

Effective Rank ~ kg < 7

Conversely, for a sample with slow decay (e.g.,
green/blue curves), the energy is more uniformly dis-
tributed. The number of singular values required to capture
a significant portion of the energy is much larger:

E(k) <0.9 for k> ko

This implies a higher effective rank and more diverse
feature directions:

Effective Rank ~ kgow > ko

Figure 1 illustrates the singular value characteristics of
four representative samples from LiTs and WORD datasets.
The left panel shows the Singular Value Decay Curves,
while the right panel presents the Cumulative Energy Distri-
butions. As shown, the red and orange curves correspond to
the two samples with the fastest decay of the singular value.
Their singular values rapidly drop to near zero after the first



few components, and the cumulative energy ratio exceeds
90% within only a few dominant directions. This indi-
cates that the variance information is highly concentrated
and that the feature matrices can be well approximated by
a low-rank structure. Such low-rank representations exhibit
strong internal correlations and redundancy, which implies
that the effective dimensionality of the feature space is re-
duced. Consequently, the information channels available
to the model become narrower, and perturbations such as
noise, blurred boundaries, or annotation inconsistencies are
more likely to be amplified, thereby increasing aleatoric un-
certainty (data uncertainty).

In contrast, the blue and green curves correspond to the
two samples with the slowest decay of the singular value.
Their energy is more evenly distributed, the decay process is
gradual, and the cumulative energy curves rise more slowly,
suggesting that the variance information is dispersed across
a larger number of orthogonal directions. In this case, the
feature matrices are closer to full-rank, with higher infor-
mation entropy and redundancy. The model can thus ex-
tract more robust and complementary representations from
multiple directions, making it less sensitive to noise or pa-
rameter perturbations.

Necessary Conditions for Dynamic Uncertainty-
aware Optimization.

Consider the optimization problem of the total loss function
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To handle the constraints, we introduce the Lagrange
multipliers A; and Ay and formulate the Lagrangian func-
tion [21] as follows:
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During the optimization process, when the parameters
reach a local minimum, the partial derivatives of the La-
grangian with respect to all variables (including €, A\, and

1
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A2) should vanish. We first focus on the partial derivative
with respect to the estimated noise €.
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Substituting into the partial derivative condition:
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Partial Derivatives for Constraint Conditions. The
partial derivatives of the Lagrangian function with respect
to A1 and \q directly yield the constraint conditions:

NZAQ—l_o (5)

These conditions ensure that the estimated noise has zero
mean and unit variance.

Solution and Interpretation of the Necessary Condi-
tions. Equation 4 holds for each i, forming a system of
equations. To solve for £;, we can rewrite Equation 4 as:
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This indicates that the estimated noise &; is proportional
to the gradient of the segmentation loss aLZ“f‘g, modulated
by the uncertainty-aware scale S(-). Specifically: (1) When
S(f(x;|c)p,) is large (i.e., the model exhibits high represen-
tation ability for class c), the denominator increases, thereby
reducing the adjustment magnitude of €;. This helps main-
tain model stability on uncertain classes. (2) The constraint
conditions ensure the overall statistical properties of &;,
preventing the noise estimates from deviating significantly
from the actual distribution.

Statistical Properties of Noise Estimation. From the
constraint conditions Y ¢; = 0 and > é? = N, we can de-
rive the expected behavior of the noise estimates. Assum-
ing that the true noise ¢; has zero mean and variance o2,
the estimated noise €; is normalized through constrained
optimization. This helps separate label noise from model
prediction errors. In the asymptotic limit as N — oo, the
sample distribution of the estimated noise €; converges to
a distribution with zero mean and unit variance. This en-
sures stability in the denoising process and reduces errors
introduced by model epistemic bias. In addition, the ef-
fectiveness of this optimization constraint is verified in the
following experiments.

Dateset details

LiTS: A liver tumor segmentation dataset comprising CT
scans. It includes annotations for two semantic categories:
liver and liver tumors, with a total of 131 annotated cases.
The original data has an average volume size of 432 x 512 x
512 voxels, an average voxel spacing of 1.0 x 0.76 x 0.76
mm, and a pixel intensity range of [-983, 5420] Hounsfield
Units (HU).

TotalSegmentator: A comprehensive multi-organ seg-
mentation dataset comprising 3D CT scans. It includes
annotations for 104 anatomical structures across major
anatomical systems: abdominal organs (spleen, kidneys,
gallbladder, liver, stomach, pancreas, adrenals, intestines),
thoracic structures (lungs, heart chambers, great vessels,
trachea, esophagus), spinal vertebrae (cervical C1-C7, tho-
racic T1-T12, lumbar L1-L5), musculoskeletal components
(ribs, clavicles, scapulae, humeri, pelvis, femora, sacrum),
vascular system (aorta, venae cavae, portal vein, iliac ves-
sels, pulmonary artery), and other structures (brain, facial
bones, bladder, myocardium, paraspinal muscles). The
dataset contains 1,138 annotated cases with an average vol-
ume size of 116 x 116 x 120 voxels, average voxel spacing
of 3.0 x 3.0 x 3.0 mm, and intensity range of [-1007, 1241]
Hounsfield Units (HU).

FeTA: A multi-organ segmentation dataset comprising
3D MR modality data. It includes seven semantic cate-
gories: external cortex, gray matter, white matter, ventri-
cles, cerebellum, deep gray matter, and brainstem, with a
total of 80 samples. The original data has an average size of

180 x 512 x 512, mean voxel spacing of 2.5 x 0.81 x 0.81
mm, and intensity range of [-1024, 3071] HU.

WORD: A multi-organ segmentation dataset containing
3D CT modality data. It encompasses 16 semantic cat-
egories: liver, spleen, left kidney, right kidney, stomach,
gallbladder, esophagus, pancreas, duodenum, colon, small
intestine, adrenal glands, rectum, bladder, left femur, and
right femur, with 120 total samples. The original data fea-
tures an average size of 210 x 512 x 512, mean voxel spac-
ing of 3.0 x 0.97 x 0.97 mm, and intensity range of [-3024,
3071] HU.

KiTS23: A kidney tumor segmentation dataset with
3D CT modality data. It contains three semantic cate-
gories: kidney, kidney tumor, and renal cyst, comprising
489 samples. The original data maintains an average size of
104 x 512 x 512, mean voxel spacing of 3.0 x 0.78 x 0.78
mm, and intensity range of [-1022, 3071] HU.

Supplementary Experiments

Combination of aleatoric uncertainty-aware data
filter and dynamic uncertainty-aware optimization.

We present supplementary experiments on the joint im-
plementation of Aleatoric Uncertainty-aware Data Filter-
ing (AUDF) and Dynamic Uncertainty-aware Optimiza-
tion (DUO) strategies. In the experimental setup, nnU-
Net serves as the baseline network, while AUDF utilizes
MedSAM?2 as its feature extractor, employing the mean
score across all classes as the final Aleatoric Uncertainty
Value (AUV). Based on AUDF’s pruning of 5% and 10% of
noisy data, we subsequently apply DUO to train and evalu-
ate the baseline network (AUDF+DUO). This constitutes a
two-stage strategy that incurs increased training overhead.
As shown in Table 1, the performance comparison of the
aforementioned approaches across five distinct segmenta-
tion datasets demonstrates that incorporating DUO yields
consistent performance improvements under different data
pruning ratios. Combined with Table 2 in the manuscript,
the aforementioned results indicate that after noise prun-
ing in the training data, the performance gains achieved
by DUO become relatively modest. For example, incorpo-
rating DUO into the baseline network yields an improve-
ment of up to 1.17% on the LiTS dataset, while adding
DUO on top of AUDF leads to an enhancement of up to
0.83%. This behavior can be attributed to the fact that the
filtered noisy samples contain instances with annotation er-
rors. As the overall quality of the training data increases,
the effectiveness of the DUO mechanism designed to miti-
gate the model’s sensitivity to label noise naturally becomes
less pronounced.
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Figure 2. Qualitative results of the proposed aleatoric uncertainty-aware data filtering strategy on the LiTS dataset. Columns from left to
right represent: original image, Ground Truth (GT), baseline model prediction, and predictions from models retrained after data filtering

using different foundation models (MedSAM?2, SegVol, CLIP-Driven).

Table 1. The Dice scores achieved by the joint aleatoric
uncertainty-aware data filtering and dynamic uncertainty-aware
optimization strategy on five datasets.

Method | LITS TotalSeg WORD FeTA  KiTS23
Baseline \ 82.96 80.34 79.03  84.30 70.15
Remove 5% of noisy samples.

AUDF 83.31 81.31 80.27 84.72 70.43
AUDF + DUO 84.15 81.54 81.16 85.13 70.67
Remove 10% of noisy samples.

AUDF 85.45 81.65 81.74 84.59 70.57
AUDF + DUO 85.67 81.84 81.76  84.69 70.76

Supplementary Analysis of Aleatoric Uncertainty-
aware Data Filtering.

Qualitative Analysis of Aleatoric Uncertainty-Aware
Data Filtering. In the experiments conducted on the LiTS
dataset, we systematically evaluated the impact of aleatoric
uncertainty-aware data filtering strategies based on various
medical vision foundation models on segmentation perfor-
mance. Qualitative results are shown in Figure 2. The
visualizations demonstrate that the proposed method ex-
hibits significant advantages across multiple typical scenar-

ios.Figure 2(a) While the baseline model struggles to effec-
tively segment small-sized tumors, models retrained after
uncertainty-aware data filtering (e.g., MedSAM?2, SegVol)
clearly delineate the tumor regions, indicating that the filter-
ing mechanism enhances the model’s ability to perceive fine
structures;Figure 2(b) The baseline model produces obvious
false positive segmentations in certain areas, whereas the
model trained with our data filtering strategy successfully
avoids such mis-segmentation. This further confirms that
difficult samples can misguide the model’s attention toward
tumor regions, and filtering out such samples helps improve
the model’s discriminative capability;Figure 2(c) For some
typical cases, both the baseline and filtered models achieve
relatively accurate segmentation, indicating that all meth-
ods perform well when sample quality is high;Figure 2(d)
When segmenting large and structurally complex tumors,
the baseline model and filtering strategies based on cer-
tain foundation models (e.g., MedSAM?2, SegVol) fail to
achieve satisfactory results. In contrast, the CLIP-Driven-
based uncertainty-aware filtering approach performs bet-
ter in such scenarios, demonstrating stronger robustness in
handling highly uncertain samples.The experimental results
show that the proposed aleatoric uncertainty-aware data fil-
tering mechanism can effectively identify and remove po-
tentially noisy samples in the training set, thereby improv-



Table 2. Direct Data Filtering Using Prediction Dice Scores.

| LiTS WORD
Strategy

| Dice(%) mloU (%) | Dice(%) mloU (%)
Baseline | 82.96 7324 | 79.03 69.85
95% 82.68) 72.99| 80.70 71.29
90% 82.12 72.49| 81.72 72.19

Table 3. The performance of different data filtering rates.

strategy ‘ data ‘ LiTS WORD
| | Dice mloU | Dice mloU
Baseline | 100% | 8296 7324 | 79.03  69.85
95% 84.51 74.62 80.12 70.95
SegVol 90% 83.73 74.03 81.52 72.01
85% 83.12 73.34 81.78 72.26
95% 83.31 73.55 80.27 71.04
MedSAM2 90% 85.45 75.47 81.74 72.18
85% 84.51 74.61 81.67 72.04

ing segmentation accuracy and generalization across sam-
ples of varying difficulty levels.

Limitations of Using Model Predictions as Aleatoric
Uncertainty. Model predictions deeply integrate the dual
influences of the model’s current state and annotation qual-
ity during computational processing. Using Dice scores di-
rectly as filtering criteria will inevitably eliminate challeng-
ing samples that are crucial for enhancing model general-
ization, while retaining some defective samples with sig-
nificant annotation noise that the model happens to fit. As
shown in Table 2, the performance of this approach aligns
with the theoretical analysis, demonstrating that it performs
poorly compared to the three common aleatoric uncertainty
quantification strategies discussed in the manuscript.

Analysis of Data Filtering Rates. Additional ablation
studies were conducted on the data filtering ratio for both
tumor and multi-organ segmentation tasks. Under a con-
sistent experimental setup utilizing foreground-normalized
images as input and the mean score of all classes as the final
AUV, Table 3 presents a comparative analysis of segmenta-
tion performance when retaining 95%, 90%, and 80% of
the training data. The results indicate that a filtering ratio of
90% leads to more stable performance improvements; how-
ever, the optimal data retention ratio may vary depending on
the specific requirements of different segmentation datasets.

Analysis of inference resources consumed by differ-
ent visual foundation models. To evaluate the practi-
cal efficiency of different visual foundation models, we
compared the parameter count, GPU memory usage dur-
ing single-sample inference, and inference time of Med-
SAM2, SegVol, and CLIP-Driven under the same hard-
ware environment, as shown in Table 4. From an effi-

Table 4. Comparison of three models’ parameters, GPU memory
usage, number of classes, and inference time on the same sample.

Method | Classes | Param (M) | Mem (MiB) | Time (s)
MedSAM?2 2 38.96 1559 / 24564 7.89
SegVol 2 180.89 3517 /24564 7.67
CLIP-Driven 2 62.60 5607 / 24564 5.98
CLIP-Driven 7 62.60 10344 / 24564 12.43

ciency perspective, MedSAM?2 demonstrates significant ad-
vantages, it has the lowest parameter count and consumes
considerably less GPU memory during inference compared
to SegVol and CLIP-Driven. This indicates that MedSAM2
is a more lightweight and memory-friendly model, with
strong potential for deployment. In contrast, CLIP-Driven
is a category-dependent model, and its memory usage in-
creases with the number of categories.

Effectiveness of AUDF in Different Backbone Net-
works. The manuscript compares performance improve-
ments using nnU-Net as the baseline network. To validate
the applicability of the Aleatoric Uncertainty-aware Data
Filtering (AUDF) strategy to other baseline networks, we
conducted additional experiments on Swin-UNETR and U-
Mamba. To ensure a fair experimental comparison, we uni-
formly selected MedSAM?2 as the feature extractor, used
foreground-normalized images as input, adopted the mean
score of all classes as the final AUV, and excluded 10% of
noisy training data. As shown in Table 5, the AUDF can
be seamlessly transferred to the training of other baseline
networks, providing consistent performance improvements.

Supplementary Analysis of Dynamic Uncertainty-
aware Optimization.

Comparison between DUO and Static Re-weighting
Methods. Under a unified experimental setup, Med-
SAM2 is selected as the feature extractor, with foreground-
normalized images as input, and the mean score of all
classes served as the final AUV. The experiment statically
re-weighting the training loss using precomputed uncer-
tainty scores for each sample [2, 3]. Specifically, uncer-
tainty can be computed at both the class level and the
sample level, corresponding to inter-class and inter-sample
reweighting of the loss, respectively. As illustrated in Table
6, comprehensive comparative experiments conducted on
both tumor and multi-organ segmentation datasets demon-
strate the effectiveness of the static reweighting strategy
based on uncertainty scores. However, the performance im-
provements achieved by DUO are more pronounced and
stable. This can be attributed to DUQO’s design, which
enables dynamic adjustment of per-class weights for each
sample during every training iteration. Such dynamic and
fine-grained modulation substantially enhances the model’s
learning efficiency.



Table 5. Performance of the Aleatoric Uncertainty-aware Data Filtering (AUDF) strategy on three baseline networks.

Method | aupE | LiTS TotalSeg WORD FeTA KiTS23
| | Dice(%) mloU(%)| Dice(%) mloU(%)| Dice(%) mloU(%)| Dice(%) mloU(%)| Dice(%) mloU(%)
nnU-Net [6] x 8296 7324 80.34 79.03  69.85 8430  74.63 70.15  63.76
e v 85451 7547 81.65 81.747 7218 84591 74821 | 7057  63.99
. , X 80.54 7110 | 7738  70.03 7726 6826 84.15 7448 66.89  60.79
Swin-UNETR [4] ‘ v ‘ 83.521 7373 ‘ 78.13 ‘ 78351 69.24 ‘ 84331 74.66 ‘ 67.78'  61.60
x 8124 7172 | 7927 7174 | 7893  69.76 8442 7472 | 6785  61.67
U-Mamba [12]
v 84.891  74.94 81.25 79.571  70.34 84.871 75131 | 68.887 6261

Table 6. Performance comparison between DUO and static re-
weighting method.

| LiTS WORD
method

| Dice (%) mloU (%) | Dice(%) mloU (%)
Bascline | 8296 7324 | 79.03 69.85
Class 83.26 73.50 78.77 69.62
Sample 83.57 73.78 79.28 70.07
DUO | 8413 7473 | 79.63 70.38

Table 7. The necessity of conditional optimization in DUO.

| LiTS WORD
method
| Dice (%) mloU (%) | Dice(%) mloU (%)
Baseline | 82.96 7324 | 79.03 69.85
RW 83.98 74.11 79.52 70.25
DUO— 83.87 74.04 79.41 70.18
DUO 84.13 74.73 79.63 70.38

Necessary Conditions for Dynamic Uncertainty-
aware Optimization. Treating € solely as a learnable ten-
sor yields suboptimal performance and lacks interpretabil-
ity. Therefore, we conducted ablation studies by remov-
ing the constraints on € in the DUO (DUO—), with results
summarized in Table 7. The performance deteriorates sub-
stantially after eliminating these constraints, falling below
even the baseline strategy that only employs re-weighting
(RW). This observation provides compelling evidence for
the effectiveness of imposing constraints on the learnable €
parameter.

To evaluate the practical efficiency of different visual
foundation models, we compared the parameter count, GPU
memory usage during single-sample inference, and infer-
ence time of MedSAM?2, SegVol, and CLIP-Driven un-
der the same hardware environment, as shown in Table 4.
From an efficiency perspective, MedSAM2 demonstrates
significant advantages: it has the lowest parameter count
and consumes considerably less GPU memory during infer-
ence compared to SegVol and CLIP-Driven. This indicates

that MedSAM?2 is a more lightweight and memory-friendly
model, exhibiting strong potential for deployment. In con-
trast, both CLIP-Driven and SegVol are category-dependent
models, and their memory usage increases with the num-
ber of categories, with CLIP-Driven showing a particularly
notable effect.
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