UI-Styler: Ultrasound Image Style Transfer with Class-Aware Prompts for
Cross-Device Diagnosis Using a Frozen Black-Box Inference Network
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Figure 1. Prompt Setting Comparison. We illustrate four prompt-based training and deployment scenarios with increasing constraints:
(a) Full white-box setting allows end-to-end fine-tuning via backpropagation over the entire model using ground-truth labels. (b) Prompt
white-box setting injects learnable prompts into the input while freezing the backbone, but still requires gradients and supervision. (c)
Black-box setting removes gradient access but assumes availability of intermediate features or logits for prompt tuning or refinement. (d)
Inference-blackbox setting reflects the most realistic and constrained scenario, where only final predictions are available.

Overview

We organize the supplementary content into nine sections.
Sec. A introduces key notations, and Sec. B provides the
pseudo-code of UI-Styler. Sec. C compares full fine-
tuning and prompt-tuning paradigms under different levels
of model access, while Sec. D details the content and style
losses. Sec. E reports black-box downstream performance
on target domains. Sec. F presents additional experiments
on loss contributions, weight configurations, and pattern-
matching sensitivity. Sec. G further analyzes diagnostic se-
mantic preservation and t-SNE failure cases. Sec. H dis-
cusses scalability, generalization, and robustness to noisy
pseudo labels. Finally, Sec. I provides qualitative results
across all 12 cross-device tasks.
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I. Cross-device Visual Results

A. Notation

We summarize the notations and their corresponding defi-
nitions frequently used in our method in Tab. 1.

B. Pseudo Code

We provide the pseudo code of Ul-Styler in Algorithm 1,
which outlines the core procedures for training and testing.

C. Problem Setting Comparison

In this section, we categorize and compare four increas-
ingly constrained training and deployment scenarios, rang-
ing from full fine-tuning in white-box settings to prompt
tuning under inference-blackbox conditions. Each setting
imposes distinct assumptions on parameter accessibility,
label availability, and interaction scope, as summarized
in Fig. 1. We highlight the practical limitations of existing
methods in real-world deployment scenarios, thus motivat-
ing our inference-blackbox prompt tuning.



Symbol \ Description Algorithm 1 The pseudo code of UI-Styler
Abbreviations 1: Problem Setting (Sec. 3.1):
BDM Black-box downstream model O Data Setting: N
PT Prompt tuning * The unlabeled source dataset Dy = {z},,.
PDA Prompt-based domain adaptation ¢ The_ p_se%lo—labeled target dataset Dy =
UIT Unpaired image translation { (mg ’ yg ) } j:t 1
PM Pattern-matching mechanism (domain-level adaptation) Note: Unpaired source and target data, D N D; = ).
C? C?a‘ss—aware prompting (class-level alignment) O Black-box Downstream Model: classification net-
viT Vision transformer work: C(-) and segmentation network: S(-).
Data Setting 2: UI-Styler Architecture (Sec. 3.2):
P Unlabeled sonrce domain O Feature Extractors: a source encoder Es(-; 0, ) and
° , a target encoder Ey(+;0g,).
D Unlabeled target d_omam (O Dual-level Stylization:
Lot f)ource and tarlget llmages * Pattern-matching Mechanism:
. Osr‘lt(ljl(())ttirf:(:d?r?eof the pseudo target label PM(c, 5;0pa) = {Wq(c; Ow, ), Wi(s; 0w, ), W (s: 0w, )}
Zf N & pseudo targ * Class-aware Prompting:
umber of classes
CP(-,:0cp) ={P(0p),Ef(0¢,),Ep(:0¢,), H(::0m)}-
HxW |Inputi size (256 x 256 ’ PEES TR Bep TR A
nput image size ( ) O Decoder: D(-;0p).
Ul-Styler Architecture Note: The Ul-Styler parameters: 0 =
P Patch size (set to 8) {HE5 R OEt R GPM, 9CP7 0D} is  initialized llSiIlg
b, w Patch grid size, h = H/P, w = W/P Xavier and optimized with Adam using learning rate 7).
L Number of image tokens (L = h X w) 3: Tral'mng Strategy:
d Embedding dimension of each token 4: foric—1to I do .
E.. E, source and target encoders 5: ¢ Feature Extraction (Sec. 3.2):
S L o _ 7 _ 7
W, Projection matrix for query from source features Fs = By(x)), ].:t » Ey(x}),
; L . 6: ¢ Dual-level Stylization (Sec. 3.3):
Wi, W, |Projection matrices for key and value from target features . .
2.0, & () Feat q embedd 7 Domain-level adaptation
Hf (()) () Aealure. zn }I:m;np embedders # Stylized Features
. classifier hea ~
D Decoder to reconstruct stylized images Fst = PM(Fy, 1), . > Egs. 1, 2.
~ Stylized imace 8: Class-level adaptation
Ts -
- 4 £ # Class-specific Prompts
Features & Representations ~
P P. = one-hot-max (Ef (}'Sﬁt)é’p(P)T) P,
Fsy Fi Extracted features from source and target images > Eq. 3
Q Query, projected ff(_)m Js using Wy _ # Class-aligned Features
IS ,V Key and Value, projected from F; using Wy, W, ]f_ + ]f_ 4P > Eq. 4
Fost Stylized features (after domain-level alignment) s—t st e o
~ 9: ¢ Reconstruction (Sec. 3.2):
Fi, Final stylized features (after class-aware prompting) i —D ( ﬁ + ) ( )
. s s—t/»
77; Ié;}afnable F;mplate p:f)mpts 10: " Final Objective Function (Sec. 3.4):
° S ass_spezl ¢ prompds ed £ N d label # Direction Loss
; upervised prompts derived from the pseudo target labe a = sigmoid(&;(F,) .5p(73)‘|') € RC,
- a oo R
Loss Functions Liic = =& Yoy [felogac + (1= gc) log(1 — a.)],
a Class—prompt correlation vector > Eq. 5.
p: Probabilities from classifier head H(F; 4+ P,) #AS upervised Loss
L. Content loss (structure/content preservation) P.=3:-Pe RE Xd,
L Style loss (appearance/style alignment) Csup =9 IOg(Pt)’ .
Laic Direction loss for prompt selection where p; = softmax(H (F; + P.)) > Eq. 6.
Laup Supervised loss for prompt supervision # Backpropagation
Liotal Overall training objective Liotal = AdirLdic + AsupLsup + AcLe + AL,
Evaluation Metrics 0 < 0 =nVoLow-
11: end for
KID | Kernel Inception Distance .
Acc T Classification accuracy 12: Segttmlg:'r for & ULStv] ( )
AUC A der ROC yle Transfer: T, = UL-Styler(z, x4),
Dice TT Dir:: ;lcno:; e O Reused Black-box Downstream Model:
e Predicted Class: ¢ =C(zy),
ToU 1 Intersection over Union Ys—t ( s)

Table 1. Summary of notations used throughout the paper.

o Predicted Mask: M,_,; = S(Zs).




C.1. Full Fine-Tuning in White-box Setting

As shown in Fig. la, full fine-tuning (FT) enables end-to-
end optimization of both the backbone and task-specific
head using supervised loss L(logits,y), where y is the
ground truth. Despite achieving strong task-specific per-
formance [10, 21], FT demands full access to model pa-
rameters and gradients, making it infeasible in proprietary
or privacy-sensitive deployments. Moreover, it incurs high
computational overhead and risks of overfitting or catas-
trophic forgetting under distribution shifts.

C.2. Prompt Tuning in White-box Setting

Prompt tuning (PT) alleviates the limitations of FT by in-
serting learnable prompts into the input space while freez-
ing the backbone [2, 9]. As shown in Fig. 1b, this strat-
egy greatly reduces trainable parameters and improves ef-
ficiency [8]. It has been shown to enhance model inter-
pretability and fine-grained recognition via class-specific
prompts [5]. However, PT still assumes white-box access
to model parameters and requires supervision, making it un-
suitable in label-scarce or black-box environments.

C.3. Prompt Tuning in Black-box Setting

To overcome gradient restrictions, recent methods intro-
duce gradient-free prompt tuning for black-box models. As
illustrated in Fig. lc, BlackVIP [13] and BAPs [14] op-
timize prompts directly in the input space to manipulate
downstream outputs for classification and segmentation via
zeroth-order optimization [13]. CraFT [20] extends this by
combining input prompts (optimized via CMA-ES) and a
refinement module (trained via gradients on logits).

To reduce reliance on labels, VDPG [3] and L2C [4]
propose learning domain prompt generators, trained with
gradients from a refinement module, to adapt black-box
features without ground-truth supervision. However, these
methods assume: (1) access to features or logits; (2) pre-
trained robust black-box downstream models (e.g., CLIP
[16]); and (3) in the case of VDPG and L2C, multiple
source domains for domain-generalizable prompt gener-
ation. These assumptions are impractical in real-world,
privacy-constrained environments such as healthcare.

C.4. Prompt Tuning in Inference-blackbox Setting

The inference-blackbox setting, illustrated in Fig. 1d, is
the most restrictive scenario, where only the final predic-
tions, including image class IDs and segmentation masks
(optional), are provided from the black-box downstream
model. NO gradients, intermediate features, logits, and
model parameters are accessible—conditions often encoun-
tered in real-world healthcare deployments.

To address this challenge, we propose UI-Styler, a
prompt tuning framework designed explicitly for the
inference-blackbox regime. Unlike previous approaches

that still require supervision or logits [13, 20], UI-Styler
leverages unpaired target samples and pseudo labels to drive
adaptation via class-aware prompts. Our method operates
entirely in the input space and applies a dual-level styliza-
tion strategy, aligning source images with the target domain
in both appearance and semantics.

D. Detailed Content and Style Losses

Following style transfer works [6, 15, 23], we adopt percep-
tual losses computed from a pre-trained VGG-19 network to
guide structural preservation and appearance alignment.
Content Loss. The content loss £. measures the /5 distance
between the feature representations of the stylized image
T, and the original source image x,, extracted from two
higher-level layers of VGG-19:

Lo= 6" @) = o @) + 67 @) — 6 (@),
where ¢!1(-) denotes the activation from the first convolu-
tional layer after the [-th ReLU block.

Style Loss. To capture multi-scale stylistic characteristics,
we define the style loss £ using the mean and standard
deviation statistics of VGG features from multiple layers:

5
1,1 s z
; (@ (@) — m(d" ()| .

+ (@ @) — o (6" @))]3),

where 1(+) and o(+) represent the mean and standard devia-
tion of the extracted features, respectively.

E. Downstream Performance on Target Do-
mains

To provide reference results, we report the performance of
the black-box downstream model when directly evaluated
on each target domain with the 30% testing set.

As listed in Tab. 2, the black-box model delivers strong
performance on all target domains, with accuracy above

Target Domains || Acct AUCT Dicet IoUt

BUSBRA [7] 89.17 94771 90.99 84.16

BUSI [1] 9282 96.09 86.63 78.53
UCLM [18] 9375 97.63 88.28 80.31
UDIAT [22] 91.84 97.65 90.51 83.29

Table 2. Downstream Performance on Target Domains. We re-
port the performance of the black-box downstream models on each
domain for reference. The results are evaluated on the 30% test-
ing set. The high classification/segmentation performance indi-
cates that these black-box downstream models are reliable enough
to deploy clinical diagnosis applications.



Lar Lep | Tasks |KID| Acct AUCT Dicef IoUf| Tasks |KID| Acct AUCT Dicef IoUf | Tasks |KID| Acct AUCT Dicef IoUt
-V ||BUSBRA|1L73 73.89 75.06 83.80 73.89 |BUSBRA|17.23 74.96 76.49 81.28 70.83 |BUSBRA|12.11 65.90 68.83 85.82 76.94
V. L |12.66 75.13 7577 84.47 74.80| | |17.63 7425 76.10 81.74 71.24| |  |12.71 69.09 70.84 85.83 76.87
v v | BUSI |11.20 75.84 7633 84.52 74.74| UCLM |16.91 75.13 76.78 82.06 71.73| UDIAT | 9.14 7247 71.52 86.04 77.52
- v || BuSI [10.50 84.10 87.12 83.01 73.97| BUSI |12.43 70.77 74.91 78.30 68.31| BUSI | 439 74.36 7531 8030 71.21
VAR b 1274 84.62 87.22 83.04 7397 | |1125 71.79 76.3 78.13 6840| | | 3.78 73.85 77.74 80.19 71.27
v v ||BUSBRA|11.25 85.13 88.14 83.15 74.05| UCLM |11.05 74.36 77.15 78.83 68.61| UDIAT | 3.61 74.36 78.89 80.49 71.61
- v || ucLm [10.22 8750 92.49 81.71 71.60| UCLM |13.13 78.75 83.43 78.82 68.69| UCLM |15.76 62.50 65.58 82.97 7291
VAR b 1291 83.75 91.01 82.07 71.71| | |13.85 76.25 81.95 79.67 69.40| | |14.91 65.00 70.18 83.02 73.19
v |BUSBRA| 9.60 88.75 94.93 8279 72.65| BUSI |12.40 80.00 85.60 80.22 69.78 | UDIAT |13.56 71.25 73.36 83.16 73.27
- v || UDIAT | 5.70 83.67 76.07 88.32 79.99| UDIAT | 473 89.80 93.80 83.36 73.89| UDIAT |16.02 83.67 8547 85.72 7621
VA I | 671 81.63 7735 88.38 80.12 4.59 89.80 92.95 83.92 74.52 13.03 81.63 81.84 85.32 75.87
v« |BUSBRA| 525 87.76 79.27 8845 80.13| BUSI | 447 91.84 96.15 8539 76.09| UCLM |12.33 85.71 88.25 85.83 76.46

Table 3. Ablation Study on Loss Contributions. We evaluate the impact of Lair and Ly, in the final objective across 12 cross-device
ultrasound tasks. Each result is reported under 5 metrics: KID, Acc, AUC, Dice, and IoU. Bold denotes the best result, and underline

indicates the second-best.

89% and AUC consistently exceeding 94%. Segmentation
results are also reliable, as Dice scores remain above 86%
and IoU above 78% across all cases. These results confirm
that the black-box downstream model can serve to evaluate
unpaired image translation methods in cross-domain tasks.
Furthermore, its reliable performance suggests suitability
for deploying clinical diagnosis applications.

F. Additional Experiments
F.1. Ablation Study on Loss Contributions

Since the content loss (L.) and style loss (L) are standard
components in style transfer frameworks, we focus on eval-
uating the additional contributions of the proposed direc-
tion loss (Lgir) and supervised loss (L), as reported in
Tab. 3. Specifically, we find that using only Lg,,—without
the explicit guidance from Lg,—often causes the stylized
features (Fs_) to be matched with incorrect class-specific
prompts (P.). From Tab. 3, we observe that the accuracy
drops drastically from 71.25 (full setting) to 62.50 in the
UCLM—UDIAT task.

Moreover, when using only Lg,—without the supervi-
sion from Lg,p—the prompts lack supervision from the tar-
get domain and thus fail to learn class-specific character-
istics. As a result, in the UDIAT—BUSI task, the Dice
score declines from 85.39 to 83.92, and the AUC drops
from 96.15 to 92.95.

Consequently, the superior performance achieved with
the full setting of Lg;r and Ly, provides strong evidence that
the stylized features (]T'S_Hg) are effectively aligned with the
correct class while preserving diagnostic traits.

F.2. Loss Weight Configurations

We investigate different combinations of loss functions
across 12 cross-device tasks. Since the content loss (L)
and style loss (L) are the baseline objectives in the style

e As | Adir Awp || KID|  Acc?  AUCT Dicel IoUt
=2 1| 1 1 ||1238 7771 8053 8290 73.36
O1 2| 1 1 | 875 7820 8075 8277 73.12
&1 1| 2 1 | 1062 7971 8020 8296 73.44
O1 1| 1 2 | 1040 7812 80.65 8297 7344

1 1] 1 1 | 1006 8022 8220 8341 73.89

Table 4. Loss Weight Configurations. We report the averaged re-
sults of different loss weight configurations over 12 cross-device
tasks under 5 metrics: KID, Acc, AUC, Dice, and IoU. Bold de-
notes the best result, and underline indicates the second-best. The
per-task results are reported in Tab. 5.

transfer process, we divide the study into two main groups
(G) with distinct optimization goals: (1) style transfer,
where £, and L are computed to guide the transforma-
tion (1320010 i —comtent) — Lo conenss and (2) prompt
learning, where the direction loss Lg;; and the supervised
loss L are used to optimize the template prompt set P.
For each group, we assess three pairwise settings—(1, 1),
(2,1), and (1, 2)—with the averaged results in Tab. 4.

For the G(1), we find that increasing L. tends to over-
shadow L, resulting in insufficient transfer of the tar-
get style, especially when the domain gap is large. Con-
versely, increasing £ may over-stylize the content infor-
mation, causing content degradation. Therefore, balanc-
ing content and style information proves essential, yielding
improvements across all metrics. In the G(2), we observe
that balancing Lg;r and Ly, yields consistently higher Acc,
AUC, Dice, and IoU compared to overwhelming-weight
settings. This trend can be further explained by exam-
ining the effect of unbalanced weights: when L4, domi-
nates, prompt learning leans toward directional alignment
but lacks pseudo target label guidance, reducing discrim-
inability. Conversely, increasing Lgp, the supervision from
pseudo target labels overshadows the correlation-alignment



Ae As|Adir Ap|| Tasks |KID| Acct AUCY Dicet IoUT | Tasks |KID| Acct AUCT Dicel IoUT| Tasks |KID| Acct AUCT Dicef IoUt
2101 1 1545 7531 74.67 84.41 74.69 16.30 7513 75.76 82.15 71.74 13.90 68.21 70.73 85.97 77.03
1 2|1 1 ||BUSBRA| 846 73.00 75.69 83.76 73.89 BUSBRA|13.39 74.60 76.61 82.16 71.84 BUSBRA| 8.87 67.14 68.68 8587 76.93
112 1 1 13.06 75.49 75.55 84.43 74.71| | 15.05 74.96 76.98 8229 71.90| | 12.48 69.09 71.13 85.83 76.85
1 1]1 2| BUSI [1325 7425 7428 8425 74.46| UCLM |16.71 74.42 7630 82.41 72.09| UDIAT |12.52 67.50 70.67 85.80 76.85
111 1 11.20 75.84 76.33 84.52 74.74 16.91 75.13 76.78 82.06 71.73 9.14 7247 71.52 86.04 77.52
2 1|1 1 10.89 84.62 88.09 83.27 74.17 12.52 70.77 75.67 77.93 68.20 429 7385 7696 80.40 71.41
1 2/1 1| BUSI |552 8256 8622 83.08 73.84| BUSI |10.84 75.90 78.07 78.34 68.62| BUSI | 3.43 74.36 76.05 79.77 70.68
112 1 i 7.61 8513 87.16 82.86 73.89 1 10.92 72.82 75.87 77.96 68.29 i 445 7538 76.49 80.35 71.40
1 1|1 2 ||BUSBRA| 7.46 85.13 88.05 82.74 73.57| UCLM |11.98 74.36 75.91 78.12 68.55| UDIAT | 3.69 73.85 78.46 80.19 71.18
1)1 1 11.25 85.13 88.14 83.15 74.05 11.05 7436 77.15 78.83 68.61 3.61 7436 78.89 80.49 71.61
2 1|1 1 15.02 86.25 93.37 81.67 71.70 14.85 75.00 83.77 78.63 68.31 16.17 66.25 72.62 82.80 72.82
1 2/1 1| ucLM | 898 8500 9331 81.73 71.65| UCLM |11.84 80.00 84.18 78.40 67.95| UCLM |15.09 68.75 70.39 82.76 72.64
112 1 1 11.82 90.00 93.31 82.73 7232 ! 13.57 77.50 82.76 79.32 69.20| | 1420 68.75 71.26 82.62 72.75
1 1] 1 2 ||BUSBRA|12.02 85.00 91.55 83.01 72.75| BUSI |[12.27 7625 82.35 78.82 68.59| UDIAT [13.13 67.50 73.83 82.76 72.77
111 1 9.60 88.75 94.93 82.79 72.65 12.40 80.00 85.60 80.22 69.78 13.56 71.25 73.36 83.16 73.27
211 1 7.07 83.67 79.49 88.19 79.84 427 89.80 92.52 83.95 74.37 17.78 83.67 82.69 8542 75.98
1 2] 1 1| UDIAT | 3.13 83.67 77.78 88.04 79.56| UDIAT | 3.13 89.80 94.02 84.14 74.26| UDIAT |12.32 83.67 88.03 85.14 75.63
1112 1 i 5.62 8571 76.71 87.94 79.63 I 4.16 93.88 90.81 83.57 74.15 1A 14.55 87.76 84.40 85.57 76.15
1 1|1 2 ||BUSBRA| 593 83.67 78.21 8837 80.13| BUSI | 435 91.84 9295 83.89 74.49| UCLM |11.47 83.67 8526 85.31 75.86
111 1 525 87.76 79.27 88.45 80.13 447 91.84 96.15 85.39 76.09 12.33 85.71 88.25 85.83 76.46

Table 5. Loss Weight Configurations. We report the per-task performance of different loss weight configurations across 12 cross-device
tasks, evaluated under 5 metrics: KID, Acc, AUC, Dice, and IoU. Bold denotes the best result, and underline indicates the second-best.

effect of Ly, thereby limiting the selection of suitable
class-specific prompts, P..

Based on these findings, the balanced loss weighting pro-
vides the most reliable performance, achieving 4/5 best
metrics, including Acc of 80.22, AUC of 82.20, Dice of
83.41, and IoU of 73.89. For a comprehensive comparison,
we provide the per-task results in Tab. 5.

F.3. Sensitivity of Pattern-matching Parameters

We analyze the sensitivity of our pattern-matching mod-
ule with respect to the number of ViT blocks as shown in
Tab. 6, which reports the averaged results over 12 cross-
device tasks. The floating-point operations (FLOPs) are
measured with an input image size of 256 x 256. We ob-
serve that the configuration with 3 ViT blocks achieves the
best overall trade-off, obtaining the lowest KID (10.06) and
highest Acc (80.22). Specifically, compared to 5 blocks,
the performance gap is marginal (only 0.37 in AUC and
0.16 in Dice), while the FLOPs are reduced from 64.30G
to 55.70G. More importantly, compared to the 2-block set-
ting, 3 blocks show a substantial improvement of 2.48% in
Acc (from 77.74 to 80.22) and consistent gains across other
metrics.

These results indicate that using 3 ViT blocks provides
the most efficient balance between computational cost and
performance. Hence, we adopt 3 blocks as the default con-
figuration of the pattern-matching module. For comprehen-
sive comparison, we also provide the per-task performance
in Tab. 7.

#Blocks || KID| Acc? AUC Dicel IoU FLOPs|
2 10.07 77.74 79.89 8285 7330 51.40G

3 10.06 80.22 82.20 8341 73.89 55.70G

5 10.61 80.21 82.57 83.57 7397 64.30G
Table 6. Sensitivity of Pattern-matching Parameters. We

present the average performance of different numbers of ViT
blocks in the pattern-matching module across 12 cross-device
tasks, evaluated on 5 metrics (KID, Acc, AUC, Dice, IoU) and
computational cost (FLOPs). Bold denotes the best result, and
underline indicates the second-best. The per-task results are re-
ported in Tab. 7.

G. Additional Analyses

G.1. Comparison on Diagnostic Semantics

To demonstrate the capability of UI-Styler in preserving di-
agnostic semantics, we conduct a qualitative comparison
of stylized results produced by unpaired image translation
methods. Each comparison is performed on the same source
image from BUSBRA with target-style counterparts from
BUSI, UCLM, and UDIAT. According to the medical ultra-
sound literature [11, 12, 17], the tumor region is a critical
feature for accurate diagnosis.

As shown in Fig. 2, previous methods often produce in-
consistencies in tumor areas (highlighted by red boxes [J),
as they mainly operate at the domain level, which imposes
the target style onto the source content. As a result, different
target devices can yield varying outcomes even for the same
source image. In contrast, UI-Styler consistently preserves
tumor regions across all tasks, providing strong evidence of
its ability to maintain diagnostic semantics when incorpo-



#Blocks|| Tasks |KID| Acc? AUCT Dicet IoUt | Tasks |KID| Acct AUC? Dicel IoU? | Tasks |KID| Accf AUCT Dicet IoUt

2 BUSBRA| 12.17 74.78 74.33 83.92 74.05 BUSBRA| 14.40 74.07 77.27 82.08 71.68 |BUSBRA|11.67 66.61 68.56 85.78 76.83
3 11.20 75.84 76.33 84.52 74.74 1 1691 75.13 76.78 82.06 71.73 1 9.14 7247 71.52 86.04 77.52
5 BUSI |11.87 76.55 77.40 84.24 74.46| UCLM |15.19 77.62 78.30 82.29 71.98| UDIAT |13.61 69.45 72.52 86.83 77.80
2 BUSI | 7.04 83.59 86.33 83.14 74.03| BUSI |10.67 73.85 75.76 77.80 68.08| BUSI | 4.12 7436 77.63 80.21 71.09
3 1 11.25 85.13 88.14 83.15 74.05 1 11.05 74.36 77.15 78.83 68.61 1 3.61 74.36 78.89 80.49 71.61
5 BUSBRA| 6.43 84.62 89.17 83.20 74.26| UCLM |11.02 74.36 79.20 78.07 68.35| UDIAT | 429 76.41 78.62 80.49 72.48
2 UCLM |12.24 86.25 93.44 82.54 72.64| UCLM |12.82 77.50 82.08 78.35 67.91| UCLM |12.94 68.75 71.33 82.61 72.65
3 i 9.60 88.75 94.93 82.79 72.65 N 12.40 80.00 85.60 80.22 69.78 1 13.56 71.25 73.36 83.16 73.27
5 BUSBRA| 13.45 88.75 94.46 83.05 72.86| BUSI |12.57 80.00 85.73 79.71 69.28 | UDIAT |13.20 71.50 74.92 83.96 73.06
2 UDIAT | 7.26 83.67 77.99 88.73 80.58| UDIAT | 3.78 89.80 90.38 84.37 74.99 | UDIAT |11.69 79.59 83.55 84.64 75.08
3 5.25 87.76 79.27 88.45 80.13 + 447 91.84 96.15 85.39 76.09 + 12.33 85.71 88.25 85.83 76.46
5 BUSBRA| 6.56 85.71 77.99 88.96 80.78| BUSI | 421 91.84 94.02 85.94 75.51| UCLM |14.91 85.71 88.48 86.11 76.81

Table 7. Sensitivity of Pattern-matching Parameters. We report the per-task performance of different numbers of ViT blocks in the
pattern-matching module across 12 cross-device ultrasound tasks, under 5 metrics: KID, Acc, AUC, Dice, and IoU. Bold denotes the best
result, and underline indicates the second-best.
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Figure 2. Comparison on Diagnostic Semantics. We show stylized outputs from unpaired image translation methods, where each row
displays the results generated from the same source-content image alongside target-style counterparts. Red boxes [] indicate zoomed tumor
regions, while yellow ellipses highlight artifact areas where competing methods fail to preserve diagnostic semantics. Please zoom in
to view details more easily.

rating class-aware transfer. three settings:

Furthermore, competing approaches tend to generate un-
desired artifacts (marked by yellow ellipses ), whereas 1. Setting 1 (S1): We denote the before style transfer set-
UI-Styler remains unaffected. ting as no style transfer applied. As shown in Fig. 3a, the
source and target domains remain misaligned.

G.2. Failure Case Analysis 2. Setting 2 (S2): We introduce our pattern-matching mod-
We analyze failure cases within the feature space of the ule to alleviate the domain gap. We refer to this con-
black-box downstream model using t-SNE [19], categoriz- figuration as only domain level, since the alignment fo-
ing them into three cases—easy, medium, and hard—as cuses solely on transferring domain-specific appearance,

shown in Fig. 3. For clarity, we further examine them under as shown in Fig. 3b.
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Figure 3. Failure Case Analysis. We illustrate the t-SNE [19] feature space of the black-box downstream model on the UDIAT—UCLM
task. The analysis is presented under three settings: (a) before style transfer, (b) with domain-level alignment only, and (c) with both
domain- and class-level alignment. We illustrate three failure cases: easy, , and hard, using the same samples across settings. The
easy case is misclassified only before style transfer, the case remains misclassified after domain-level alignment, and the hard case
persists under all settings. Meanwhile, by comparing the same sample across different settings, we show the progressive influence of style
transfer under different settings. Please zoom in for better visibility.

3. Setting 3 (S3): Finally, we simultaneously minimize
both domain-level and class-level discrepancies through
our proposed dual-level stylization module. This con-
figuration is referred to as domain and class levels, as
shown in Fig. 3c.

In the easy case, the source sample (blue-bordered im-
age) is initially misclassified in S1. In S2, the same sample
successfully matches the appearance of the target data (see
more Fig. 3d for the comparison), leading to a correct clas-
sification. Furthermore, this alignment continues improve-
ments with S3, the sample moves further from the decision
boundary, providing more robust predictions.

However, when we consider the case (exam-
ple by the -bordered image), S2 is insufficient to
preserve class-discriminative properties (e.g., the tumor re-
gion highlighted in red-square L] of Fig. 3b), leading to am-
biguous class confusion. In contrast, with S3, the benign-
specific characteristics are preserved (see the red-square [
in Fig. 3c), which effectively drives the misclassified sam-
ple toward the correct class.

More critically, we observe the hard case (shown by the
purple-bordered image), where the sample exhibits inherent
differences in structure and tissue characteristics compared
with the target data. As a result, even with S3, we still en-
counter a misclassification for this specific sample.

H. Discussion

H.1. Can Ul-Styler Achieve Scalability and Gener-
alization?

Scalability. To demonstrate the scalability of UI-Styler in
real-world deployments with multiple source domains, we

explore two training strategies:

1. Single-source setting: the model is trained on one
source domain (either BUSBRA or BUSI) and eval-
uated on the corresponding source—UDIAT task.

2. Multi-source setting: the model is trained jointly on
(BUSBRA+BUSI)—UDIAT and then evaluated on
both source—UDIAT tasks within a unified model,
which alleviates the need for training N x (N — 1)
separate models as required by the single-source set-
ting, where N denotes the number of devices.

As shown in the seen part of Tab. 8, multi-source training
achieves performance comparable to single-source training,
with only a small gap (e.g., BUSBRA—UDIAT AUC 71.52
vs. 71.31 and BUSI—UDIAT Dice 80.49 vs. 80.39), while
consistently outperforming the baseline without style trans-
fer (w/o ST).

Generalization. We further evaluate the generalization
ability of UI-Styler by selecting BUSBRA and BUSI as the
seen source domains, UCLM as the unseen source domain,
and keeping UDIAT as the fixed target.

1. Single-source setting: the model is trained
on BUSBRA—UDIAT and then evaluated on
UCLM—UDIAT.

2. Multi-source setting: the model is trained jointly
on (BUSBRA+BUSI)—UDIAT and evaluated on
UCLM—UDIAT.

As shown in the unseen part of Tab. 8, the single-source
model already achieves solid performance, while the multi-
source setting further improves results across multiple met-
rics, with Acc increasing from 65.00 to 67.50 and AUC
from 70.32 to 72.62. These findings provide strong evi-
dence of UI-Styler’s effectiveness in adapting to new, un-



Tasks | Settings | KID| Acct AUCT Dicet IoUt

Task | Noisy Levels || KID| Acct AUC{ Dice? IoUT

BUSBRA | w/oST | 13.81 5595 6429 8476 75.71

4 Single | 9.4 7247 7152 86.04 77.52

g UDIAT | Mulii | 1224 68.74 7131 85.83 76.93

Q

“ BUSI w/oST | 723 7333 73.16 79.53 70.61

Single | 3.61 7436 78.89 8049 71.61

UDIAT Multi | 400 7538 7843 80.39 71.34

& UCLM | woST | 2090 6375 68.15 8222 72.06

2 { Single | 10.84 65.00 70.32 8271 72.64

5 UDIAT Multi | 9.67 67.50 7262 82.66 72.57
Table 8. Can UI-Styler Achieve Scalability and General-

ization? We assess scalability and generalization with BUS-
BRA and BUSI as the seen source domains, UCLM as the un-
seen source domain, and UDIAT as the fixed target. In the
seen setting, models are trained and evaluated on the cor-
responding source—UDIAT tasks (single: one source; multi:
BUSBRA+BUSI). In the unseen setting, models are trained
on BUSBRA—UDIAT (single) or (BUSBRA+BUSI)—UDIAT
(multi) and evaluated on UCLM—UDIAT. w/o ST denotes train-
ing without style transfer.

seen devices in practical scenarios.

H.2. How Noisy Pseudo Target Labels Affect Per-
formance?

Since pseudo target labels are generated by a black-box
downstream model, label noise is an inevitable factor in
realistic deployments. To investigate the robustness of Ul-
Styler against noisy labels, we conduct experiments on
the BUSI-BUSBRA task by progressively injecting noise
from 0% to 40% into the target domain. Specifically, we
randomly replaced the ground truths with incorrect classes.

As shown in Tab. 9, we observe that introducing a mild
noise level of 10% keeps the results almost unchanged com-
pared to the clean setting (0%). Even higher noise levels
(20-30%) lead to only marginal degradation across most
metrics (e.g., AUC drops only slightly to 87.87 and 87.61),
while all metrics continue to surpass the baseline without
style transfer (w/o ST). These findings indicate that UI-
Styler can tolerate moderate noise levels without noticeable
performance loss. Only at 40% noise, we observe a more
visible decline, with AUC reduced to 86.77 and Dice to
82.39, yet UI-Styler still surpasses the w/o ST baseline on
3/5 metrics (KID, Acc, and IoU).

These findings suggest that although UI-Styler does not
incorporate any explicit noise-mitigation module, its design
exhibits a certain degree of robustness to label noise. We ac-
knowledge that heavy noise can accumulate errors through
the proposed losses (Lgir and Lg,p), which may limit reli-
ability in extreme cases. Nonetheless, the stability under
low-to-moderate noise demonstrates that UI-Styler can op-
erate effectively in realistic settings where the black-box
downstream model achieves at least 70% accuracy.

| woST | 1973 8256 8730 8241 73.37

BUSI 0% 1125 8513 88.14 8315 74.05

1 10% 1120 8513 8793 8292 73.97
BUSBRA 20% 1114 8410 87.87 8270 73.70
30% 11.19 8359 87.61 8268 73.67

40% 1126 83.08 8677 8239 7345

Table 9. How Noisy Pseudo Target Labels Affect Performance?
We report results on the BUSI—-BUSBRA task under different
noise levels (0%, 10%, 20%, 30%, and 40%), where noise is in-
troduced by randomly replacing ground truths with incorrect class
assignments. Even with 40% noisy labels, UI-Styler still surpasses
the baseline without style transfer (w/o ST) on 3/5 metrics (KID,
Acc, and IoU).

Obviously, black-box downstream models must achieve
accuracy well above 70% to be meaningful in medical ap-
plications. Models falling below this accuracy level are
essentially random in outcome and often biased toward a
single class. Consequently, their predictions are unsafe for
diagnosis and provide clinicians with no reliable basis for
decision-making.

I. Cross-device Visual Results

To further assess the effectiveness of the proposed UI-
Styler, we present visual results for all 12 source-to-target
transfer tasks, alongside representative examples that high-
light the unique appearance characteristics of each ultra-
sound dataset, as shown in Fig. 4. Each subfigure corre-
sponds to a specific domain adaptation scenario, where the
top row shows target domain samples, the middle row dis-
plays source domain inputs, and the bottom row presents
the stylized outputs produced by UI-Styler.

Visually, UI-Styler consistently adapts the source im-
age style to match the target domain while preserving tu-
mor structure and lesion boundaries. The translated im-
ages demonstrate improved textural consistency and con-
trast characteristics aligned with the target domain, includ-
ing probe artifacts, intensity ranges, and noise profiles. No-
tably, the stylized outputs retain key diagnostic features
essential for downstream classification and segmentation
tasks.

Beyond enhancing model performance, this visual con-
sistency also supports clinical interpretation. By translating
unfamiliar input styles into the target domain’s appearance,
UI-Styler facilitates diagnostic reasoning for physicians, es-
pecially when deploying models trained on known devices
to new acquisition environments. This alignment reduces
adaptation burden and promotes safe model deployment in
device-diverse clinical settings.
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Table 4. Cross-device Visual Results. We present qualitative results of UI-Styler across all 12 cross-device ultrasound translation tasks.
Each group shows representative examples from the target domain (top), source domain (middle), and the stylized results by UI-Styler
(bottom).
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