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A. Ablation Study Over Loss Functions

λd λBCE DSC(%) IoU (%)

0 1 87.25 80.32
1 0 91.32 85.56

1.5 1 92.18 86.12
0.5 0.5 89.93 83.60
1 1.5 91.84 85.68

Table S1. Ablation study over the ISIC- 16 dataset on the coeffi-
cients for the composite Dice and BCE loss function. The config-
uration that achieved the highest performance is shown in bold.

We conducted an ablation study over the ISIC-16 dataset
to establish the weights of the components of Dice (λd)
and BCE (λBCE) components in our loss function (Eq. 6).
The results, shown in Table S1, reveal that placing a higher
weight on the Dice loss is critical for achieving optimal
performance. By prioritizing the Dice component with
λd = 1.5, we directly encourage the model to optimize
spatial overlap and structural coherence, which are the pri-
mary goals of segmentation. This configuration achieved
the highest scores of 92.18% DSC and 86.12% IoU, and
was therefore selected for all of our experiments.

B. Alternate Adapter Placements
To examine the effect of adapter placement within the

CLIPSeg architecture, we conduct an additional study us-
ing an alternative configuration shown in Fig. S1 that re-
stricts adaptation to extracted feature representations rather
than integrating adapters within transformer blocks. This
simplified design isolates the contribution of decoder-level
adaptation and provides insight into the importance of hier-
archical versus interface-level modulation.

1These authors contributed equally.
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Figure S1. Alternate adapter placement strategy in an encoder
layer Ln. Unlike our main design, where adapters are inserted af-
ter the attention and MLP sublayers, this configuration integrates
the adapter An after both residual connections, thereby restricting
adaptation to the features passed to the decoder.

In contrast to the integration described in Section 3.1,
where adapters are placed before each residual branch of
the attention and MLP sublayers, the residual strategy in-
troduces adaptation only at the interface between the frozen
encoders and the decoder. This placement maintains the
original transformer structure internally while enabling tar-
geted modulation of the features passed to the segmentation
decoder.

B.1. Vision Feature Adaptation

Rather than uniform adaptation, the residual strategy em-
ploys progressive scaling across the extracted vision layers
similar to that described in Section 3.3 For the ith extracted
layer among N total extract layers (9), the adapter dimen-
sion follows:

d
(v,i)
adapter = max

(
8,

⌊
dbase · i
N

⌋)
This formulation assigns minimal capacity to early ex-

tracted features while progressively increasing adaptation
strength for deeper representations that encode more task-
relevant semantics. Each vision adapter follows the bot-
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tleneck formulation in Eq. 2 with SiLU activation, layer
normalization, and dropout regularization as described in
Section 3.1.

B.2. Text Feature Adaptation

For the text encoder, only a single adapter is applied to
the pooled output z ∈ Rd of the text transformer. Letting z
denote the embedding after pooling and before projection,
the transformation is given by:

A
(residual)
t (z) = z+ α · fadapter(z)

where the adapter dimension is conservatively set to
d
(t)
adapter = max(16, ⌊dbase/4⌋) to minimize interference with

the pretrained text representations.

B.3. Cross-Modal Enhancement

An optional cross-modal interaction block fuses the
residual-adapted text and vision embeddings in a shared
projection space. The mechanism projects both modalities
to a common dimension dshared = max(32, dbase/2):

vproj = LayerNorm(Wvvpooled)

tproj = LayerNorm(Wtzadapted)

A lightweight multi-head attention layer with 4 heads en-
ables soft alignment between modalities:

ccross = MultiHeadAttn(vproj, tproj, tproj)

The cross-attended features are projected back to the
conditional embedding space and added to the original con-
ditional embeddings, providing cross-modal enhancement
without replacing the hierarchical fusion in the decoder.

B.4. Conditional Adaptation and Decoder Enhance-
ment

We retain the conditional adapter Ac as described in Sec-
tion 3.1, applying it after projection of the text embedding
with dimension d

(c)
adapter = max(16, ⌊dbase/8⌋).

Additionally, a lightweight decoder enhancement mod-
ule refines the segmentation boundaries through a compact
CNN with attention-based weighting:

Amask = σ(Conv1×1(SiLU(BN(Conv3×3(L)))))

Lenhanced = L⊙Amask

where L represents the decoder logits and ⊙ denotes
element-wise multiplication.

C. Comparison with LoRA at a Comparable
Parameter Budget

To isolate the effect of the telescopic design from the
parameter budget, we conducted a comparative experiment
against a standard Low-Rank Adaptation (LoRA) [5] imple-
mentation. We configured LoRA on the CLIPSeg [7] base-
line by applying it across all attention layers of both the vi-
sion and text encoders. A rank of r = 4 was selected, result-
ing in 585k trainable parameters. This configuration creates
a direct comparison to our method’s 613k parameters, plac-
ing both models in a nearly identical, ultra-lightweight pa-
rameter regime. All other training hyperparameters, dataset
splits, and evaluation protocols were held constant, as de-
scribed in the main paper.

The results in Table S2 demonstrate that our Tele-
scopic Adapters consistently and significantly outperform
the parameter-matched LoRA model across all five medical
datasets. This performance discrepancy suggests that the
low expressive capacity of a small, uniform rank (r = 4)
is insufficient for this task. The model struggles to cap-
ture the complex feature shifts required for adapting from
open-domain pretraining to specialized medical semantics,
especially given the small size of the target datasets.

Dataset Metric
LoRA

(r=4, 585k)
Telescopic Adapters

[OURS] (613k)

Kvasir-SEG [6] DSC (%) 77.20 89.79
IoU (%) 72.89 83.50

BKAI [8] DSC (%) 61.80 88.38
IoU (%) 58.29 81.63

ClinicDB [2] DSC (%) 66.85 91.67
IoU (%) 60.48 85.19

ISIC-16 [4] DSC (%) 59.15 92.18
IoU (%) 52.51 86.12

BUSI [1] DSC (%) 43.10 65.90
IoU (%) 37.32 59.10

Table S2. Quantitative comparison between a standard LoRA im-
plementation with a comparable parameter budget (585k) and our
Telescopic Adapters (613k) on the baseline CLIPSeg [7] model.
Best results are in bold.

D. Additional Qualitative Analysis
Additional visual results of our proposed Telescopic

Adapters are provided in Fig. S2. Across the five dis-
tinct medical datasets—ClinicDB [2], ISIC − 16 [4],
BUSI [1], BKAI [8], and Kvasir − SEG [6]. Our
method, shown in column (i), consistently produces seg-
mentation masks with exceptional fidelity to the ground
truth (GT) in column (j). This stands in stark contrast to
several baseline methods; for instance, zero-shot segmenta-
tion with ClipSeg [7] (b) frequently fails to identify the
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Figure S2. Additional segmentation results on samples from ClinicDB [2], ISIC-16 [4], BUSI [1], BKAI [8], and Kvasir-SEG [6] datasets
(rows 1-5 respectively). Column (a) shows the original medical images, followed by segmentation masks from: (b) ZSS (zero-shot
segmentation using CLIPSeg [7]), (c) CLIPSeg [7] (end-to-end fine-tuned), (d) SAN [11], (e) CRIS [9] (end-to-end fine-tuned), (f) CLIPSeg
SA VLC [3], (g) CLIPSeg DA VLC [3], (h) I-MedSAM [10], (i) Telescopic Adapters, and (j) GT (ground truth).

target region, while models like SAN [11](d) often in-
troduce significant noise and artifacts. Even when com-
pared against strong, end-to-end fine-tuned competitors, our
model demonstrates a clear advantage. Notably, on the
challenging low-contrast BUSI ultrasound image (row 3),
our method successfully localizes the lesion, a task where
most other models, including CRIS [9] (e) and fine-tuned
CLIPSeg [7] (c), completely fail. Furthermore, the re-
sults on the BKAI dataset (row 4) reveal a critical point
of differentiation: while I − MedSAM [10] (h) performs
well on other samples, it fails catastrophically on this im-
age. This specific case highlights not only the accuracy of
our model but also its superior consistency and reliability
over other state-of-the-art approaches, effectively capturing
both simple and complex anatomical structures with precise
boundaries and minimal error.

E. Quantitative Analysis

We conduct an ablation study on adapter placement
to compare our proposed telescopic positioning where
adapters are integrated within transformer encoder blocks
before each residual addition, resulting in two adapter ap-
plications per layer, against the alternate configuration as
discussed in Section B, as shown in Table S3.

The vision and text configuration (••) amplifies the ad-
vantages of telescopic placement when incorporating tex-
tual conditioning. With 593k parameters versus 1.7M for
the alternate approach, our telescopic adapters achieve su-
perior performance across four of five datasets. Notable

improvements include Kvasir-SEG (89.67 % vs 85.5 %
Dice, 83.62 % vs 77.46 % IoU) and ClinicDB (91.28 %
vs 88.75 % Dice), while maintaining 2.87× parameter effi-
ciency compared to the alternate configuration.

The complete vision, text, and conditional configuration
(• • •), despite utilizing only 613k parameters compared to
1.77M for feature-level adaptation, our telescopic approach
maintains superior performance on four datasets. Peak Dice
coefficients on Kvasir-SEG (89.79 %), BKAI (88.38 %),
and ClinicDB (91.67 %) demonstrate the efficacy of hier-
archical feature modulation across encoder depths. The al-
ternate configuration achieves competitive results solely on
BUSI across all modality configurations.

This placement comparison confirms that integrating
adapters within transformer blocks before residual connec-
tions enables more effective feature adaptation than feature-
level modulation, achieving superior parameter efficiency
and segmentation accuracy across medical datasets. The
results substantiate our telescopic placement strategy over
feature-level adaptation for medical VLSM fine-tuning.



Dataset Metric Vision only (•) Vision & Text (••) Vision, Text, & Conditional (•••)

Telescopic
498k

A. Telescopic
852k

Telescopic
593k

A. Telescopic
1.7M

Telescopic
613k

A. Telescopic
1.77M

Kvasir-SEG [6] Dice (%) 87.35 85.78 89.67 85.50 89.79 84.98
IoU (%) 80.32 78.67 83.62 77.46 83.5 77.28

BKAI [8] Dice (%) 85.53 82.66 87.09 82.81 88.38 83.57
IoU (%) 77.77 73.73 80.00 74.05 81.63 74.96

ClinicDB [2] Dice (%) 85.39 88.42 91.28 88.75 91.67 88.62
IoU (%) 78.45 81.17 84.85 81.45 85.19 81.42

ISIC-16 [4] Dice (%) 91.61 91.19 92.24 91.27 92.18 91.35
IoU (%) 85.30 84.64 86.16 84.73 86.12 84.81

BUSI [1] Dice (%) 70.35 71.90 64.33 78.58 65.90 70.77
IoU (%) 62.45 64.57 57.26 64.93 59.10 63.42

Table S3. Performance comparison of the proposed Telescopic Adapters and the Alternate Telescopic (A. Telescopic) Adapters across five
datasets. The configurations shown are: Vision only (•), Vision and Text (••), and Vision, Text, and Conditional (•••). Best results for each
modality are in bold.
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