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Abstract

Knowledge distillation based on large vision-language mod-
els (VLMs) has recently emerged as a significant solution to
transfer knowledge from the source domain to the target do-
main in unsupervised domain adaptation (UDA) tasks. How-
ever, existing methods employ a two-stage training pipeline,
which not only complicates the training procedure but also
lacks interactions between the source and target domains,
severely hindering real-time cross-domain knowledge trans-
fer. To address these challenges, we propose End-to-End
Knowledge Distillation for UDA with large VLMs (termed
as EKDA). (1) EKDA employs a lightweight prompt learn-
ing mechanism to first embed the knowledge from the source
domain into VLMs, and then simultaneously utilize the im-
age encoder and text encoder of VLMs to perform knowl-
edge distillation on the target domain, significantly reduc-
ing the domain gap. (2) EKDA designs a teacher-student
alternating training strategy to implement real-time collab-
orative interactions across domains, enabling an end-to-end
paradigm to provide accurate source domain-aware supervi-
sion for the target domain. We conduct extensive experiments
on 4 widely recognized benchmark datasets including Office-
31, Office-Home, VisDA-2017, and Mini-DomainNet. Exper-
imental results demonstrate that EKDA achieves significant
performance improvement over the state-of-the-art UDA ap-
proaches, while maintaining a much lower model complexity.
Take Office-Home for example, EKDA has gained at least
2.7% performance improvement while reducing the learnable
parameters by over 80% compared with the state-of-the-art
UDA baselines.

Introduction
There has always been a significant bottleneck in the data-
centric era: the prohibitive cost and expertise required to ac-
quire annotated data, particularly in specialized fields such
as medical imaging and remote sensing (Zhang et al. 2024;
Shin et al. 2023; Cai, Shang, and Yin 2024). This results
in a striking paradox: despite the abundance of unlabeled
data, the scarcity of labeled samples severely limits their de-
ployment in the real world. To bridge this gap, unsupervised
domain adaptation (UDA) (Ben-David et al. 2010; Ganin
and Lempitsky 2015; Wilson and Cook 2020; Zhu et al.
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2023) emerges as a pivotal solution, transferring seman-
tically invariant knowledge from a labeled source domain
to another unlabeled target domain. By addressing domain
shift (Wilson and Cook 2020) caused by variations in imag-
ing protocols, sensor specifications, or demographic dispar-
ities, UDA enables models to generalize effectively across
domains with minimal supervision.

Early UDA methods can be primarily categorized into
two types: distribution alignment-based and adversarial
learning-based approaches. Generally, the former learns
domain-invariant features by minimizing the distribution
discrepancy between the source and target domains, such
as MMD (Long et al. 2015), CORAL (Sun, Feng, and
Saenko 2016) and MDD (Zhang et al. 2019), while the lat-
ter introduces a domain discriminator to distinguish sam-
ples and trains another generator to deceive the discrim-
inator. However, directly completing cross-domain align-
ment may lead to a significant loss of semantic knowledge
and a struggle to handle complex domain differences. To
leverage multi-modal semantic alignment for domain adap-
tation, researchers have begun to explore pretrained large
vision-language models (VLMs) like CLIP (Radford et al.
2021) to address domain shifts. To measure the seman-
tic similarity between two domains, PDA (Bai et al. 2024)
uses a two-branch paradigm: the base branch integrates
class-related representations for discrimination, while the
alignment branch builds feature banks and employs cross-
attention modules to combine features. Other representative
VLMs-based solutions such as DAMP (Du et al. 2024) and
UniMoS (Li et al. 2024a) design modality-aware discrimi-
nators to respectively align visual and textual embeddings,
allowing prompts to capture cross-domain relationships po-
tentially. Although these methods bridge the semantic asso-
ciations between the source domain and the target domain
through VLMs, they require the design of additional cross-
attention or discriminative components to achieve domain
alignment, which introduces excessive and redundant com-
putational costs.

Recently, VLMs-based knowledge distillation means
have been proposed to address domain shifts in a more
lightweight manner, requiring only a small number of learn-
able parameters to achieve domain alignment. For example,
KDPL (Mistretta et al. 2024) (see Figure 1(a)) first trains a
teacher model with data from the source domain, then di-
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Figure 1: Existing VLMs-based knowledge distillation ap-
proaches utilize a fixed teacher model (separated from the
target domain) pre-trained on the source domain: (a) con-
ventional methods leverage respective text features (centers)
of two domains to implement logits distillation; (b) recent
methods leverage shared text features (centers) of two do-
mains to implement logits distillation. (c) Our method dis-
tills the knowledge of the teacher into the student in real
time, ensuring efficient cross-domain alignment.

rectly implements efficient logits distillation in the student
model with data from the target domain, but suffers from a
large domain gap due to the separation of text features (cen-
ters) between two domains. PromptKD (Li et al. 2024b) (see
Figure 1(b)) addresses this issue by using the shared teacher
model’s text features to guide the student model’s visual
encoder, significantly reducing the domain gap. However,
on the one hand, this two-stage training process is overly
cumbersome. On the other hand, once the teacher model is
trained, it becomes fixed, resulting in a lack of real-time in-
teraction between the source domain and the target domain,
which can lead to large semantic deviations.

To address these challenges, we propose End-to-End
Knowledge Distillation for UDA with large VLMs (termed
as EKDA). The core idea is to achieve collaborative opti-
mization (see Figure 1(c)) of cross-domain prompt learn-
ing and knowledge distillation through alternating training
of teacher-student models. Specifically, on the one hand,
the teacher model optimizes only lightweight visual/text
prompts based on the source domain data, which can out-
put source domain-aware image features and pseudo-labels
for each target domain sample. The student model, on the
other hand, implicitly aligns target domain visual features
with the teacher’s text features through visual prompts and a
feature projection layer. Finally, we achieve teacher-student
alternating training through end-to-end knowledge distilla-
tion, which transfers the knowledge of the source domain
to the target domain with real-time cross-domain alignment.

In summary, our work makes three key contributions as fol-
lows.

• New Paradigm. To the best of our knowledge, this is the
first attempt to propose an end-to-end knowledge distil-
lation paradigm that facilitates real-time collaborative in-
teractions between the source domain and target domain,
breaking new ground for UDA with VLMs-based cross-
domain knowledge transfer.

• Novel Method. We introduce a lightweight cross-domain
distillation method EKDA that (1) leverages text fea-
tures from the source domain as shared semantic centers,
and (2) extracts source domain-aware image features and
pseudo-labels for the target domain to implement real-
time knowledge distillation, significantly reducing the
domain gap.

• High Performance. We conduct extensive experiments
on 4 UDA benchmark datasets including Office-31,
Office-Home, VisDA-2017, and Mini-DomainNet. Ex-
perimental results demonstrate that EKDA achieves sig-
nificant performance improvement over the state-of-the-
art approaches, while maintaining a much lower model
complexity.

Related Works
Unsupervised Domain Adaptation
Recent unsupervised domain adaptation (UDA) advance-
ments address distribution shifts through several ap-
proaches. Early methods like MMD (Long et al. 2015) and
CORAL (Sun, Feng, and Saenko 2016) align feature dis-
tributions via statistical matching, while adversarial meth-
ods (DANN (Ganin and Lempitsky 2015), ADDA (Tzeng
et al. 2017)) learn domain-invariant representations using
domain classifiers. Recently, large VLMs (Radford et al.
2021; Jia et al. 2021) enhance UDA via cross-modal ca-
pabilities: CMKD (Zhou and Zhou 2024) fine-tunes CLIP’s
visual encoder at high cost, whereas PDA (Bai et al. 2024),
UniMoS (Li et al. 2024a), and DAMP (Du et al. 2024) use
frozen CLIP with cross-attention modules but incur com-
putational redundancy. KDPL (Mistretta et al. 2024) em-
ploys lightweight distillation yet retains a complex two-
stage pipeline with static teachers, limiting cross-domain
interaction. To overcome these issues, we propose an end-
to-end knowledge distillation paradigm with lightweight
prompts for efficient real-time UDA.

Prompt Tuning for VLMs
Large VLMs like CLIP (Radford et al. 2021) are typically
trained on massive-scale multi-modal data (e.g., hundreds
of millions of image-text pairs) to align visual and textual
representations. These pre-trained VLMs exhibit remarkable
zero-shot generalization for downstream tasks by leveraging
hand-crafted prompts (e.g., "a photo of a [CLASS]") during
inference. However, their massive parameter sizes pose great
challenges for direct deployment in resource-constrained
scenarios. Prompt learning has emerged as an efficient al-
ternative to fine-tuning, where only lightweight learnable
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Figure 2: The overall architecture of EKDA. The teacher model generates image features of the source domain and shared text
features for each category. Based on this, during the knowledge distillation process, the teacher model transfers the knowledge
of the source domain to the student model (on the target domain) in real time, thereby achieving efficient domain alignment.

prompts are optimized while keeping VLMs frozen. For ex-
ample, CoOp (Zhou et al. 2022b) introduces learnable con-
text vectors to replace static text prompts, enabling task-
specific adaptation. Based on this, CoCoOp (Zhou et al.
2022a) extends CoOp with conditional prompts that dynam-
ically adjust to input images. Furthermore, MaPLe (Khat-
tak et al. 2023a) jointly optimizes prompts in both vi-
sion and language branches of VLMs, boosting cross-
modal alignment. Recently, PDA (Bai et al. 2024) employs
a dual-branch prompt-tuning paradigm, combining class-
related representations with cross-domain feature alignment
to significantly improve UDA’s performance. These meth-
ods demonstrate that lightweight prompt tuning can signif-
icantly boost model adaptability without costly full-model
fine-tuning. Inspired by these advances, our approach inte-
grates multi-modal prompt learning with knowledge distilla-
tion to fully leverage the cross-modal alignment capabilities
of VLMs while minimizing computational overhead.

Knowledge Distillation with VLMs
Knowledge distillation (Cho and Hariharan 2019; Jin, Wang,
and Lin 2023; Mirzadeh et al. 2020; Zagoruyko and Ko-
modakis 2017) transfers knowledge from complex teach-
ers to lightweight students via logit matching, feature im-
itation, or relational alignment. While traditionally single-
modality focused, recent work extends distillation to mul-
timodal VLMs: KDPL (Mistretta et al. 2024) enables un-
supervised prompt learning without labels; CLIP-KD (Yang
et al. 2024) identifies feature mimicry with MSE loss as opti-
mal for CLIP distillation; PromptKD (Li et al. 2024b) aligns

logits using KL divergence with teacher-generated prompts.
However, these methods employ a two-stage pipeline (pre-
training teachers then distilling to fixed students), increasing
computational complexity and risking semantic loss due to
absent real-time cross-domain interaction. To address this,
we propose an end-to-end knowledge distillation approach
for UDA that simultaneously trains both teacher and stu-
dent models, enabling real-time source-to-target knowledge
distillation to simplify training and enhance cross-domain
alignment.

Proposed Methodology
Overall Architecture
Formally, given a labeled source domain Ds =
{(xs

i , ys
i )}Ns

i=1 and another unlabeled target domain
Dt = {xt

i}
Nt
i=1, ys

i denotes the ground truth label of xs
i and

both domains share the same label space Y ∈ {1, 2, · · · , C}.
We aim to predict the accurate label for each xt

i ∈ Dt based
on given Ds and Dt. As shown in Figure 2, our proposed
EKDA establishes an end-to-end knowledge distillation
paradigm with VLMs through multi-modal prompt learning
and alternating teacher-student training, which comprises
two key components as follows. (1) The teacher model
learns transferable representations from source domain
data via visual-textual prompt tuning while maintaining
CLIP’s frozen backbone. (2) The student model aligns
the target domain features with the knowledge of the
source domain through three distillation objectives using
alternating optimization. The teacher model first updates
its prompt parameters using source domain supervision,
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then guides the student’s adaptation via both pseudo-label
supervision and feature alignment, enabling real-time
knowledge transfer across domains. We further describe the
workflow of EKDA below.

Training Teacher Model
Based on the source domain data, we embed the knowl-
edge of each image and its corresponding class label into
the teacher model. Following mainstream prompt learning-
based methods (Khattak et al. 2023a; Du et al. 2024), we uti-
lize CLIP (Radford et al. 2021) as the foundational model.
As illustrated in Figure 2, we freeze the image encoder f tea

I
and text encoder f tea

T of the teacher model. For the visual
branch, we input the i-th image xs

i ∈ Ds along with a learn-
able visual prompt P tea

I = {vtea
1 , vtea

2 , · · · , vtea
M } (i.e., M

denotes the prompt token length) into the frozen image en-
coder f tea

I , yielding the image feature Is
i = f tea

I (xs
i , P tea

I ).
As for the text branch, the input to the text encoder f tea

T
is designed as t = (P tea

t , [Classname]), where P tea
t =

{ttea
1 , ttea

2 , . . . , ttea
M } represents a learnable text prompt and

[Classname] denotes one name of C categories (e.g., dog,
cat). This input t is then fed into the frozen text encoder
f tea

T , yielding C text feature T = {T1, T2, · · · , TC}, each
of which represents a shared class center. After obtaining
each image feature Is

i and all C text features, we employ
a commonly-used contrastive learning loss (Khattak et al.
2023b) to train the teacher model as follows:

Ltea
ce = −

Ns∑
i=1

ys
i log exp (sim (Is

i , Tyi
) /τ)∑C

c=1 exp (sim (Is
i , Tc) /τ)

, (1)

where sim(Is
i , Tyi) denotes the cosine similarity between

the i-th image feature Is
i and its corresponding text feature

Tyi
, and τ is the temperature parameter that adjusts the con-

centration level of the softmax distribution.
Note that after training each batch of source domain im-

ages, the teacher model will be temporarily frozen and used
to distill the student model. This process involves alternately
updating the teacher model and the student model, where the
teacher model is updated based on the next batch of source
domain images and subsequently employed to refine the stu-
dent model.

Training Student Model
(1) Similarity comparison with the teacher model. Dur-
ing the student model training, each unlabeled target domain
image xt

i ∈ Dt is first fed into the teacher model to obtain
its corresponding probability distribution and pseudo label
based on the shared class centers. Specifically, the teacher
model first generates source domain-aware image feature
It

i = f tea
I (xt

i, P tea
I ) for xt

i, then calculates each similarity
score between It

i and all C shared text features T as follows:

ptea
ic = exp (sim (It

i , Tc) /τ)∑C
c=1 exp (sim (It

i , Tc) /τ)
. (2)

Based on this, ptea
i = (ptea

i1 , ptea
i2 , · · · , ptea

iC ) denotes the
probability distribution of It

i from the teacher model. In ad-
dition, we can obtain its pseudo-label ŷt

i = arg max(ptea
i )

based on the category to which the index of the maximum
element in the probability distribution belongs.
(2) Similarity comparison with the student model. The
same i-th target domain image xt

i is input into the student
model. The image encoder of the student model not only in-
corporates the visual prompt P stu

I = {vstu
1 , vstu

2 , · · · , vstu
M }

at the initial stage but also introduces deep visual prompt
Dprompt = {d1, d2, ..., dL} at each layer, where L denotes
the number of layers in the image encoder. In this way, the
student model can more finely adjust and output the fea-
ture representation F t

i = fstu
I (xt

i, P stu
I , {d1, d2, ..., dL}),

where fstu
I indicates the frozen image encoder of the student

model. To align with the feature dimension of the teacher
model, F t

i is transformed through a Multi-Layer Percep-
tron (MLP) layer g(·): F t′

i = g(F t
i ). Similarly, the student

model calculates each similarity score between F t′

i and all
C shared text features T as follows:

pstu
ic =

exp
(

sim
(

F t′

i , Tc

)
/τ

)
∑C

c=1 exp
(
sim

(
F t′

i , Tc

)
/τ

) . (3)

Based on this, pstu
i = (pstu

i1 , pstu
i2 , · · · , pstu

iC ) denotes the
probability distribution of F t′

i from the student model.
(3) Cross-domain knowledge distillation. We implement
three key operations to distill knowledge from the teacher
model to the student model. (i) Feature alignment loss:
we design a feature alignment loss to measure the discrep-
ancy between the student model’s feature F t′

i and the teacher
model’s feature It

i :

Lalign = 1
N t

Nt∑
i=1

∥F t′

i − It
i ∥2

2. (4)

(ii) Cross-entropy loss: we construct the cross-entropy loss
between the student model’s prediction pstu

i and its corre-
sponding teacher model’s pseudo label ŷt

i :

Lstu
ce = −

Nt∑
i=1

ŷt
i log(pstu

i ). (5)

(iii) KL divergence loss: we implement the KL divergence
loss to align the student model’s probability distribution pstu

i
with the teacher model’s probability distribution ptea

i :

Lkl = 1
N t

Nt∑
i=1

KL(ϕ(ptea
i ), ϕ(pstu

i )), (6)

where KL(·||·) denotes the KL divergence between two
probability distributions, and ϕ(·) denotes the softmax op-
eration.

Finally, we train the student model with the overall stu-
dent loss:

Lstudent = Lalign + Lstu
ce + Lkl. (7)

By this means, the student model can learn the feature dis-
tribution of the teacher model in real time, thus efficiently
accomplishing cross-domain alignment.
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Experiments
Experimental Settings
(1) Datasets. We adopt 4 widely-used UDA bench-
marks: Office-31 (Saenko et al. 2010) (domains: Ama-
zon, Webcam, DSLR), Office-Home (Venkateswara et al.
2017) (domains: Art, Clipart, Product, Real World),
VisDA2017 (Peng et al. 2017) (synthetic-to-real transfer),
Mini-DomainNet (Litrico, Bue, and Morerio 2023) (do-
mains: Clipart, Painting, Real, Sketch).
(2) Implementation details. We use PyTorch on 4 NVIDIA
A40 GPUs. For fair comparison with mainstream meth-
ods (Zhou et al. 2022b; Khattak et al. 2023a; Bai et al.
2024; Du et al. 2024; Li et al. 2024a; Zhou and Zhou
2024), we adopt CLIP (Radford et al. 2021) with ViT/L-
14 as the teacher’s frozen image encoder. Students use
ViT/B-16 or ResNet-50 (image encoder frozen), updat-
ing only lightweight visual/text prompts and an MLP
layer. Training employs SGD with identical epochs/batch-
size for teacher and student models. Prompt length M=4
is set empirically. Please check our open-sourced project
https://anonymous.4open.science/r/EKDA for more imple-
mentation details.
(3) Baselines. To evaluate the effectiveness of EKDA, we
compare it with representative state-of-the-art (SOTA) base-
lines: (i) ResNet-based methods including DANN (Ganin
and Lempitsky 2015), JAN (Long et al. 2017), MDD (Zhang
et al. 2019), SHOT (Liang, Hu, and Feng 2020),
RCE (Ding et al. 2024), SDAT (Rangwani et al. 2022)
and CMKD (Zhou and Zhou 2024); (ii) ViT-based meth-
ods including Deit (Touvron et al. 2021), CDTrans (Xu
et al. 2022), SSRT (Sun et al. 2022) and TVT (Yang
et al. 2023); (iii) recent prompt learning-based methods in-
cluding CLIP (Radford et al. 2021), CoOp (Zhou et al.
2022b), CoCoOp (Zhou et al. 2022a), VPT (Jia et al. 2022),
IVLP (Khattak et al. 2023a), MaPLe (Khattak et al. 2023a),
ADCLIP (Singha et al. 2023), DAPrompt (Ge et al. 2025),
PDA (Bai et al. 2024), DAMP (Du et al. 2024), RADA-
prompt (Jin et al. 2024), UniMoS (Li et al. 2024a) and
ADAPT (Cui et al. 2025).

Performance Comparisons
(1) High performance on Office-31 and Office-Home. We
compare EKDA with SOTA baselines across various ar-
chitectures, including ResNet50/ViT/prompt learning-based
approaches. On Office-31 (see Table 1), EKDA obtains
obvious advantages with an average accuracy of 91.7%
(ResNet50) and 93.2% (ViT/prompt learning), surpassing
the best candidate (PDA) by 6.6% and 2.0%, respectively.
In addition, on Office-Home (see Table 2), EKDA achieves
an average accuracy of 83.9% with ResNet50, surpass-
ing the best method CMKD (79.3%) by a significant mar-
gin of 4.6%. When evaluated with ViT, EKDA further im-
proves the average accuracy to 89.8%, greatly outperform-
ing the strongest baselines such as DAMP (87.1%) and
PDA (85.7%). In particular, regardless of the image encoder
(ResNet50/ViT-B/16) we adopted for the target domain, our
solution leads the pack in the vast majority of cross-domain
scenarios (highlighted in red), including all tasks on Office-

31 (ResNet50), 4 out of 6 tasks on Office-31 (ViT/prompt
learning), 10 out of 12 tasks on Office-Home (ResNet50),
and 11 out of 12 tasks on Office-Home (ViT/prompt learn-
ing). This is mainly because the real-time cross-domain dis-
tillation strategy can significantly reduce the domain gap,
thereby efficiently achieving semantic alignment between
the source domain and the target domain. These results
demonstrate the effectiveness of EKDA, which applies to
diverse real-world scenarios.

Method A-D A-W D-A D-W W-A W-D Avg
ResNet50

CLIP⋇ 74.1 67.0 72.8 67.0 72.8 74.1 71.3
CoOp 82.3 78.2 77.9 90.7 76.3 96.4 83.6

CoCoOp 82.9 76.7 75.6 88.8 76.7 93.6 82.4
VPT⋇ 74.9 68.4 73.9 68.4 74.1 76.1 72.6

DAPrompt 77.3 71.9 76.7 74.7 77.4 79.7 76.3
PDA 85.1 81.1 76.6 92.8 77.3 97.8 85.1

EKDA 94.4 94.0 75.4 94.0 76.9 99.2 91.7
ViT/Prompt learning

CLIP⋇ 77.7 75.8 79.0 75.8 79.0 77.7 77.5
CoOp 88.5 88.5 82.0 96.1 82.4 99.0 89.4

CoCoOp 86.9 88.2 83.2 94.1 82.8 98.0 88.9
VPT⋇ 89.6 86.5 81.9 96.5 82.8 99.2 89.4

DAPrompt 81.7 80.3 81.2 81.8 81.0 81.3 81.2
IVLP 85.7 89.2 81.9 98.4 80.3 99.2 89.1

MaPLe 86.9 88.6 83.0 97.7 82.0 99.4 89.6
PDA 91.2 92.1 83.5 98.1 82.5 99.8 91.2

EKDA 95.0 96.1 85.3 98.2 86.0 98.6 93.2

Table 1: Performance (%) comparisons on Office-31 with
ResNet50/ViT/Prompt learning based methods. We mark (i)
the best result in red and (ii) the average (Avg) result in bold.
Note that ⋇ denotes the highest performance of a baseline
that has multiple architecture variants.

(2) Efficiency-effectiveness trade-off on VisDA-2017 and
Mini-DomainNet. To demonstrate the robustness and gen-
eralization of EKDA in more complex scenarios, we further
conduct cross-domain validation on complicated VisDA-
2017 and Mini-DomainNet compared with representative
ViT/prompt learning-based methods. On VisDA-2017 (see
Table 3), EKDA attains an average accuracy of 90.1%, sur-
passing the strongest baselines such as DAPrompt (89.5%)
and PDA (89.7%). Notably, EKDA achieves the best per-
formance in 5 out of 12 categories, including challenging
classes like Horse and Truck, demonstrating its robustness
to significant domain shifts. Similarly, on Mini-DomainNet
(see Table 4), EKDA outperforms existing methods with an
average accuracy of 88.4%, exceeding the performance of
ADCLIP (86.9%) and DAMP (87.6%). It achieves the high-
est accuracy in 6 out of 12 domain adaptation tasks, particu-
larly excelling in challenging cross-domain scenarios such
as C-S (Clipart→Sketch) and R-S (Real→Sketch). In ad-
dition, we also record the efficiency-effectiveness trade-off
between the strongest baselines in Table 5. As we see, while
the SOTA methods like PDA rely on more complex training
strategies or additional learnable cross-attention modules,
EKDA achieves superior performance with minimal train-
able parameters (2.02MB), accounting for only 19.03% of
the optimal candidate PDA (10.61MB). Furthermore, EKDA
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Method A-C A-P A-R C-A C-P C-R P-A P-C P-R R-A R-C R-P Avg
ResNet50

DANN 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 57.6
JAN 45.9 61.2 68.9 50.4 59.7 61.0 45.8 43.4 70.3 63.9 52.4 76.8 57.6

MDD 54.9 73.7 77.8 60.0 71.4 71.8 61.2 53.6 78.1 72.5 60.2 82.3 68.1
SHOT 57.1 78.1 81.5 68.0 78.2 78.1 67.4 54.9 82.2 73.3 58.8 84.3 71.8
SDAT 56.0 72.2 78.6 62.5 73.2 71.8 62.1 55.9 80.3 75.0 61.4 84.5 69.5

DAPrompt 54.1 84.3 84.8 74.4 83.7 85.0 74.5 54.6 84.8 75.2 54.7 83.8 74.5
RADA-prompt 59.0 78.4 82.3 67.7 75.9 75.0 69.2 57.2 84.2 77.8 62.7 86.5 72.9

RCE 57.1 81.0 83.3 70.7 77.8 80.3 71.9 59.2 82.4 78.9 62.4 86.3 74.3
PDA 55.4 85.1 85.8 75.2 85.2 85.2 74.2 55.2 85.8 74.7 55.8 86.3 75.3

UniMoS 59.5 89.4 86.9 75.2 89.6 86.8 75.4 58.4 87.2 76.9 59.5 89.7 77.9
DAMP 59.7 88.5 86.8 76.6 88.9 87.0 76.3 59.6 87.1 77.0 61.0 89.9 78.2
CMKD 65.9 86.6 87.3 74.4 87.7 85.8 75.9 64.4 87.9 79.1 67.2 90.0 79.3
EKDA 61.1 90.2 89.5 88.2 91.8 90.8 88.3 66.3 91.4 89.4 67.1 92.3 83.9

ViT/Prompt learning
CLIP⋇ 67.6 89.0 89.4 82.4 89.0 89.4 82.4 67.6 89.4 82.4 67.6 89.0 82.1
Deit⋇ 61.8 79.5 84.3 75.4 78.8 81.2 72.8 55.7 84.4 78.3 59.3 86.0 74.8

CDTrans⋇ 68.8 85.0 86.9 81.5 87.1 87.3 79.6 63.3 88.2 82.0 66.0 90.6 80.5
SDAT 69.1 86.6 88.9 81.9 86.2 88.0 81.0 66.7 89.7 86.2 72.1 91.9 82.4
SSRT 75.2 89.0 91.1 85.1 88.3 89.9 85.0 74.2 91.2 85.7 78.6 91.8 85.4
CoOp 70.0 90.8 90.9 83.2 90.9 89.2 82.0 71.8 90.5 83.8 71.5 92.0 83.9

CoCoOp 70.4 91.4 90.4 83.5 91.8 90.3 83.4 70.9 91.0 83.4 71.2 91.7 84.1
VPT⋇ 71.6 89.9 90.3 82.8 91.0 89.7 82.0 71.5 90.3 84.6 71.7 91.6 83.9

DAPrompt 70.7 91.0 90.9 85.2 91.0 91.0 85.1 70.7 90.9 85.3 70.4 91.4 84.4
TVT 74.9 86.8 89.5 82.8 87.9 88.3 79.8 71.9 90.1 85.5 74.6 90.6 83.6
IVLP 71.4 91.7 90.8 83.6 90.2 89.3 82.2 72.4 90.4 84.1 72.1 92.0 84.2

MaPLe 72.2 91.6 90.3 82.6 90.9 89.8 82.4 71.6 90.1 85.1 72.0 92.1 84.2
PDA 72.9 90.9 91.4 86.3 91.3 91.6 86.2 73.8 91.6 86.4 73.3 92.4 85.7

DAMP 75.7 94.2 92.0 86.3 94.2 91.9 86.2 76.3 92.4 86.1 75.6 94.0 87.1
EKDA 78.6 94.0 94.1 89.9 95.1 94.4 90.2 80.4 94.4 90.9 80.1 95.0 89.8

Table 2: Performance (%) comparisons on Office-Home with ResNet50/ViT/Prompt learning based methods.

Method Plane Bicycle Bus Car Horse Knife Mcycl Person Plant Sktbrd Train Truck Avg
Deit⋇ 98.2 73.0 82.5 62.0 97.3 63.5 96.5 29.8 68.7 86.7 96.7 23.6 73.2

CDTrans⋇ 97.1 90.5 82.4 77.5 96.6 96.1 93.6 88.6 97.9 86.9 90.3 62.8 88.4
SDAT 96.3 80.7 74.5 65.4 95.8 99.5 92.0 83.7 93.6 88.9 85.8 57.2 84.5
SSRT 98.9 87.6 89.1 84.8 98.3 98.7 96.3 81.1 94.8 97.9 94.5 43.1 88.8
TVT 92.9 85.6 77.5 60.5 93.6 98.2 89.3 76.4 93.6 92.0 91.7 55.7 83.9
CoOp 98.7 89.8 94.2 69.7 99.0 71.5 96.3 53.9 91.5 96.3 95.8 35.7 82.7

CoCoOp 99.1 92.4 92.0 71.7 99.1 95.0 95.8 22.7 90.3 95.6 96.0 60.6 84.2
VPT⋇ 98.7 78.2 96.0 68.7 98.8 83.6 97.0 82.5 87.4 94.5 94.3 54.6 86.2

DAPrompt 99.1 92.6 93.1 77.4 98.4 92.2 94.6 84.7 88.3 96.1 93.7 63.4 89.5
MaPLe 98.6 85.8 93.0 68.8 99.2 72.4 96.8 77.1 84.7 96.0 95.9 33.1 83.5
PDA 99.2 91.1 91.9 77.1 98.4 93.6 95.1 84.9 87.2 97.3 95.3 65.3 89.7

EKDA 99.2 90.8 90.1 70.1 99.2 91.9 97.2 85.7 93.8 96.1 97.0 70.0 90.1

Table 3: Performance (%) comparisons on VisDA-2017 with ViT/Prompt learning (ViT-B/16) based methods.

exhibits faster convergence speed, requiring only 10 train-
ing epochs in all cases, whereas other candidates require
many more training epochs (such as 50 epochs of UniMos)
to achieve domain alignment. Despite the increased com-
plexity of these larger benchmarks, EKDA achieves highly
competitive results while maintaining remarkable efficiency.
This excellent cross-domain alignment capability of EKDA
does not stem from the stacking of parameters or modules,
but rather from our ingenious design of distilling knowledge
from the source domain to the target domain in real time.
These results demonstrate that EKDA strikes an optimal
efficiency-effectiveness trade-off, possessing strong gener-
alization capabilities that can be extended to more complex
domain adaptation scenarios.
(3) Model complexity analysis. We further conduct model
complexity analysis of EKDA compared with competitive
methods. Take Office-Home for example (see Figure 3), we

compare the learnable parameters and average accuracy un-
der different image encoders. (i) With the default ViT-B/16
image encoder, EKDA (marked as red square) achieves an
accuracy of 89.8% with around 2 MB learnable parame-
ters, showing the highest performance and almost the lowest
model complexity among others. Note that although CLIP,
CoOp, and CoCoOp have lower parameter counts, they can
hardly complete effective UDA and yield relatively poor re-
sults under the same conditions. (ii) With ResNet50 (RN50)
image encoder, EKDA (marked as orange square) produces
an accuracy of 83.9% with around 2 MB learnable pa-
rameters. Other candidates such as PDA (RN50), CMKD
(RN50), and UniMos (RN50) introduce more training pa-
rameters, but result in lower performance. In summary, our
EKDA demonstrates good performance and parameter effi-
ciency with strong generalization under different image en-
coders.
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Method C-P C-R C-S P-C P-R P-S R-C R-P R-S S-C S-P S-R Avg
ViT⋇ 63.3 79.0 56.4 62.6 83.3 55.4 62.0 70.3 53.5 63.0 63.6 75.8 65.7

CLIP⋇ 80.3 90.5 77.8 82.7 90.5 77.8 82.7 80.3 77.8 82.7 80.3 90.5 82.8
DAPrompt 83.3 92.4 81.1 86.4 92.1 81.0 86.7 83.3 80.8 86.8 83.5 91.9 85.8

ADAPT 83.5 92.4 81.9 88.1 93.0 82.8 88.1 83.7 82.2 88.7 83.7 92.9 86.8
ADCLIP 84.3 93.7 82.4 87.5 93.5 82.4 87.3 84.5 81.6 87.9 84.8 93.0 86.9
UniMoS 86.2 93.2 83.2 86.9 93.2 83.2 86.8 86.0 82.8 87.0 86.2 93.3 87.3
DAMP 86.4 93.3 83.5 87.2 93.4 84.1 87.2 86.5 82.5 87.3 86.6 93.4 87.6
EKDA 85.1 93.2 85.2 90.3 92.9 84.8 90.3 84.9 87.1 90.5 84.1 92.7 88.4

Table 4: Performance (%) comparisons on Mini-DomainNet with ViT/Prompt learning (ViT-B/16) based methods.

Method VisDA-2017 Mini-DomainNet

Epoch Param Avg (%) Epoch Param Avg (%)

PDA 10 10.61 89.7 - - -
UniMoS 10 11.08 88.1 50 11.08 87.3
EKDA 10 2.02 90.1 10 2.02 88.4

Table 5: Efficiency-effectiveness trade-off. Note that Param
denotes the scale of learnable parameters (MB).
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Figure 3: Comparisons of learnable parameters and accu-
racy.

Ablation Studies

(1) Impact of key knowledge distillation operations. We
implement 3 key knowledge distillation operations (see
Equation (7)) to transfer the knowledge from the source do-
main to the target domain. In Table 6, we record the aver-
age accuracy on the target domain with/without key knowl-
edge distillation operations. Firstly, if we refrain from im-
plementing any distillation operations, we will inevitably
encounter suboptimal outcomes across all scenarios, ow-
ing to the dearth of interaction between the source domain
and the target domain, which gives rise to a significant do-
main gap. Secondly, the introduction of the KL divergence
loss (Lkl) plays a pivotal role in knowledge transfer to
bring remarkable performance improvement (e.g., +7.3% on
Office-Home and +11.5% on Office-31), indicating its crit-
icality in aligning domain distributions and preserving se-

Lkl Lstu
ce Lalign Office-Home Office-31 VisDA-2017

82.1 77.5 88.9
✓ 89.4 93.0 89.6
✓ ✓ 89.8 93.1 89.7
✓ ✓ ✓ 89.8 93.2 90.1

Table 6: Performance (%) change with/without key knowl-
edge distillation operations on the target domain.

Visual prompt Deep visual prompt Office-Home Office-31 VisDA-2017

✓ 89.6 93.0 89.5
✓ ✓ 89.8 93.2 90.1

Table 7: Performance (%) change with/without deep visual
prompt for the student model.

mantic consistency. Thirdly, the cross-entropy loss (Lstu
ce )

further refines the target-domain predictions by encourag-
ing confident outputs, contributing to marginal yet consis-
tent improvements (e.g., +0.4% on Office-Home). Finally,
the alignment loss (Lalign) enhances cross-domain feature
adaptation, particularly benefiting VisDA-2017 (+0.4% over
the two-component setup). While Lstu

ce and Lalign provide
auxiliary benefits, their effects are secondary compared to
Lkl, emphasizing that KL divergence serves as the corner-
stone for effective knowledge transfer. These results col-
lectively validate the necessity of a hierarchical distillation
strategy: Lkl ensures robust foundational alignment, while
Lstu

ce and Lalign synergistically refine domain invariance and
prediction reliability.
(2) Impact of deep visual prompt. As shown in Figure 2,
during the training of the student model, in addition to em-
ploying traditional multi-modal prompting mechanisms that
incorporate shallow visual prompt at the input level, we have
also incorporated deep visual prompt within each layer of
the student’s image encoder. In Table 7, we record the aver-
age accuracy on the target domain with/without deep visual
prompt across diverse cross-domain scenarios. As we see,
compared with shallow visual prompt, deep visual prompt
yields higher performance on all datasets, with +0.2% on
Office-Home, +0.2% on Office-31, and +0.6% on VisDA-
2017. Shallow visual prompt primarily enables the student
model’s output to align with the teacher model’s output (e.g.,
text features) by freezing the student model’s image encoder.
In contrast, deep visual prompt further ensures that the out-
put distribution (such as image features and probability dis-
tributions) of the student model dynamically matches that of
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Figure 4: T-SNE visualization results of image features. The
blue denotes the source domain while the red denotes the
target domain.

Figure 5: Grad-CAM visualization results.

the teacher model, thereby facilitating more effective knowl-
edge distillation, particularly on complex datasets.

Visualization
T-SNE and Grad-CAM visualization. We employ two
complementary techniques to demonstrate our method’s ef-
ficacy. Firstly, T-SNE (Van der Maaten and Hinton 2008)
visualization of image features (see Figure 4) reveals that
CLIP and MaPLe exhibit significant source-target domain
gaps due to absent cross-domain interactions, while PDA
shows improved alignment but poor category separation
with clustered data points. In contrast, our EKDA achieves
both clear category distinction and enhanced domain align-
ment. Secondly, Grad-CAM (Selvaraju et al. 2020) analysis
(see Figure 5) indicates current baseline methods partially
identify core image regions but activate biased semantics,
while our EKDA consistently highlights semantically crit-
ical areas, enabling precise feature extraction for superior
domain adaptation.

Conclusion and Future Works
In this paper, we propose EKDA to implement end-to-end
knowledge distillation for UDA that enables real-time cross-
domain interactions between the source domain and target
domain, greatly reducing the domain gap. Extensive experi-
ments on Office-31, Office-Home, VisDA-2017, and Mini-
DomainNet demonstrate that EKDA achieves significant
performance improvement over the SOTA UDA approaches,
while maintaining a much lower model complexity. In ad-
dition, the ablation studies and visualization results further
demonstrate the effectiveness of our proposed training strat-
egy and key operations. In the future, we will continue to ex-
plore (i) more effective knowledge distillation techniques to
measure the distribution discrepancies across domains, and
(ii) more robust prompt learning methods to integrate the
prompt information from the source domain and the target
domain.
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