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6. Prompt training
Drawing inspiration from DA-Pro [26], our framework
co-optimizes two complementary prompt types: cross-
domain prompts that capture transferable features, and
domain-aware prompts that retain domain-distinctive char-
acteristics. The cross-domain prompts establish detection
head uniformity between source and target environments
through parameter synchronization, whereas the domain-
aware prompts identify unique patterns by amplifying clas-
sification certainty within individual domains.

Our adaptive detection module computes the likelihood
P (y|rj , d,Ω) that region proposal rj is assigned to category
y in domain d:

P (y|rj , d,Ω) =
exp(cos(V(rj), T (tdy))/τ)∑

ω∈Ω

∑C
c=1 exp(cos(V(rj), T (tdc))/τ)

,

(14)
Here, cos(·) denotes cosine similarity, while Ω ∈
{{s}, {t}, {s, t}} determines the prompt sets: source-
only {tsc}Cc=1, target-only {ttc}Cc=1, or their combination
{tsc}Cc=1 ∪ {ttc}Cc=1. For a domain-d image xi with detected
regions {rdj }Mj=1 and corresponding annotations {ldj }Mj=1,
the scross-entropy loss on the source domain is:

LΩ
s = EX s

− 1

M

M∑
j=1

logP (lsj |rsj , s,Ω)

 . (15)

To encourage domain-agnostic representations, we en-
force consistent correct predictions from both classifiers:

Linv
d = Ls,{s} + Ls,{t}. (16)

For domain-specific characteristics, we aim for the dedi-
cated classifier to exhibit stronger confidence through joint
prompt optimization:

Lspec
d = Ls,{s,t}. (17)

The comprehensive learning objective for source data in-
tegrates both aspects:

Ls = Linv
s + Lspec

s . (18)

For the unannotated target domain, we exploit
CLIP’s zero-shot recognition capacity to create pseudo-
annotations. Specifically, we employ the template ”A photo
of [class]” to designate the highest-probability category:

ltgtj = argmax
y

P (y|rtgtj ), (19)

Table 6. mAP(%) comparison with existing methods on Pascal→
Watercolor and Pascal→ Comic tasks.

Methods P → W P → Comic
DBGL [3](ResNet-101) 53.8 29.7
FGRR [4] (ResNet-101) 55.7 32.7

SIGMA++[33] (ResNet-101) 57.1 37.1
DA-Pro [26] (ResNet-50) 58.1 44.6

Ours 58.9 46.3

with probabilities derived from Eq.14. To mitigate noise
from uncertain pseudo-labels, we filter predictions below
confidence threshold τ . The target domain optimization ob-
jective then becomes:

Lt,Ω = EX t

[
− 1

M
logP (ltj |rtj , t,Ω)

]
, (20)

Lt = Lt,{t} + Lt,{s,t}. (21)

The unified optimization framework combines both do-
mains:

Ltotal = Ls + Lt. (22)

7. More experimental results
Additional Experimental Results. To further assess the
effectiveness of SG-FDR under more challenging and di-
verse domain shift conditions, we conduct evaluations
on two harder benchmarks: Pascal→Watercolor and Pas-
cal→Comic. Pascal VOC [12] is a large-scale real-world
dataset with 20 object categories, comprising subsets from
2007 and 2012. Watercolor and Comic [19] are art-style
datasets, each containing 1,000 training and 1,000 test im-
ages, and sharing 6 categories with Pascal VOC. Together,
these benchmarks allow evaluation under more pronounced
domain shifts and in multi-class scenarios. As shown in
Table 6, our method, SG-FDR, using a weaker ResNet-
50 backbone, consistently outperforms the other approachs
across the two benchmarks, further validating the efficacy
of SG-FDR.

Analysis of pseudo labels. To enhance domain-adaptive
prompts, we leverage annotated source data and distill
CLIP’s powerful zero-shot semantic knowledge into the
target-domain detection head. A naı̈ve strategy is to em-
ploy soft labels derived from the fixed prompt “A photo of
[class]”. However, forcing the model’s predictions to align
with such probability distributions causes the learnable



Table 7. The comparison (%) of different options of pesudo labels on Cross-Weather adaptation scenario Cityscapes→Foggy Cityscapes.

Options Cityscapes→Foggy Cityscapes KITTI→Cityscapes Sim10K→Cityscapes
probabilities 54.3 60.8 62.1

pseudo label (DA-Pro) 55.9 61.4 62.9
pseudo label (Ours) 58.9 67.3 68.2

Table 8. Analysis of different initialization of Pc.

Method C →F K →C S →C
Baseline 48.6 59.1 58.9
+random 53.4 62.7 59.6

+CLIP-token-based 55.3 64.8 65.9
+two-stage pretrain 58.9 67.3 68.2

prompt to collapse toward the handcrafted prompt, thereby
limiting discriminative learning. In contrast, threshold-
based pseudo labels (i.e., hard labels) avoid encoding hand-
crafted inter-class relations and instead require the learned
prompt to remain close to the correct category while be-
ing separated from incorrect ones. This promotes a more
discriminative and domain-adaptive prompt space. Our ex-
periments on the three benchmarks (C→ F, K→C, S→C)
verify this effect: replacing hard pseudo labels with proba-
bility supervision leads to a performance drop, as shown in
Table 7.

While pseudo-label noise is a common challenge
across domain adaptation methods, our framework exhibits
markedly stronger robustness under the same pseudo-label
settings. The Semantic-Guided Disentanglement Module
mitigates noisy domain-specific biases through adaptive se-
mantic prompts, while the Adaptive Feature Reconstruc-
tion Module selectively extracts reliable transferable cues.
Together, these modules consistently yield superior per-
formance compared with existing pseudo-label-based ap-
proaches, highlighting the effectiveness of our design. Fu-
ture work will further investigate confidence-aware weight-
ing strategies and iterative pseudo-label refinement.

Analysis of prompt initialization. Table 8 shows that
prompt initialization has a clear impact on cross-domain
performance. Random initialization already improves over
the baseline, indicating that learnable prompts provide use-
ful adaptation capacity. Initializing Pc with CLIP to-
ken (CLIP hand-crafted prompt) embeddings yields further
gains across all tasks, demonstrating the benefit of injecting
pretrained semantic priors. The two-stage pretraining strat-
egy refers to training on the source first, and then initializing
as the c achieves the best results, significantly outperform-
ing other variants, showing that warming up shared prompts
with source supervision leads to more stable optimization
and stronger cross-domain generalization. Overall, seman-
tically enriched initialization consistently enhances prompt

C→
F

S
→

C

Figure 5. Qualitative analysis on the disentanglement effective-
ness of our method under C → F and S → C.

discriminability and transferability.

Disentanglement Evidence Analysis. We conduct a
qualitative evaluation to assess the effectiveness of our pro-
posed disentanglement-based SG-FDR framework. Specif-
ically, we visualize both domain-shared and domain-private
features at the global level. As illustrated in Figure 5, the
domain-shared features captured by our method focus pre-
dominantly on instance objects that are essential for object
detection. Meanwhile, the domain-private features effec-
tively encapsulate domain-unique characteristics, such as
weather-related attributes. These observations indicate that
our approach successfully separates domain-invariant and
domain-specific information.

To quantitatively measure the disentanglement capa-
bility, we compute feature distribution discrepancies un-
der the Cityscapes → Foggy Cityscapes adaptation sce-
nario. We randomly sample 100 foreground object features
per category from each domain and employ two metrics:
Proxy A-distance (PAD) [1] and Earth Mover’s Distance
(EMD) [40]. Results in Table 9 confirm that our method
achieves lower domain divergence in both global and lo-
cal stages. With more discriminative domain-invariant fea-
tures and reduced cross-domain discrepancy, our approach
effectively enhances the baseline through feature disentan-
glement.



Table 9. Quantitative evaluation on the domain distance under the
Cityscapes → Foggy Cityscapes setting.

Method PAD ↓ EMD ↓
DA-Pro [26] 1.65 5.86
FGPro [49] 1.33 2.83

Ours 0.53 1.62
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