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Abstract. Recent advancement in the large-scale image-text pre-training
model (such as CLIP) has significantly improved unsupervised domain
adaptation (UDA) by leveraging the pre-trained knowledge to bridge
the source and target domain gap. However, Catastrophic forgetting still
remains to be the main challenge, since traditional fine-tuning method
to adjust CLIP model weights on a target domain can quickly override
CLIP’s pre-trained knowledge. To address the above issue, we propose
to convert CLIP’s features into high-dimensional vector (hypervector)
space to utilize the robustness property of hypervector. We first study
the feature dimension size in the hypervector space to empirically find
the dimension threshold that allows enough feature patterns to be re-
dundant to avoid excessive training (thus mitigating catastrophic for-
getting). To further utilize the robustness of hypervector, we propose
Discrepancy Reduction to reduce the domain shift between source and
target domains, and Feature Augmentation to synthesize labeled target
domain features from source domain features. We achieved the best re-
sults on four public UDA datasets, and we show the generalization of
our method to other applications (few-shot learning, continual learning)
and the model-agnostic property of our method across vision-language
and vision backbones.

1 Introduction

Unsupervised Domain Adaptation (UDA) proposes to mitigate the domain shift
issue [65] by transferring the knowledge from a labeled source domain to an un-
labeled target domain. Past UDA works focus on a discrepancy-based method to
reduce the domain shift between source and target domains [10], and synthetic
method [55] to synthesize the labeled target domain from the source domain.
Recent UDA works [2, 19, 20, 50, 58] leverage the large-scale pre-training as a
new paradigm for UDA and significantly outperform the previous work. For
example, SKD [58] shows that CLIP [41], without fine-tuning (zero-shot pre-
diction), achieves +14% accuracy on DomainNet [39]) vs. SSRT [49] and CD-
Trans [60], where both models were pre-trained on ImageNet and fine-tuned on
UDA dataset. The improvement of CLIP is due to the pre-training on 2 billion
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Fig. 1: Overview. For the source domain, we convert labels and domain names into
prompts and train CLIP supervisedly to match the image feature to the text feature
of the class label. For the target domain, we use zero-shot prediction to obtain pseudo-
labels for unsupervised learning. We propose to utilize the robustness of hypervector
to perform: Forgetting Reduction (constrain fine-tuned features on original CLIP’s
prediction features), Discrepancy Reduction (mitigate domain shift between source and
target features), and Feature Augmentation (synthesize labeled target domain feature
from the source domain).

image-text pairs [45]. However, such large-scale pre-training is prone to catas-
trophic forgetting where the traditional fine-tuning can quickly override CLIP’s
pre-trained knowledge and decrease the accuracy by half [20].

Mitigating catastrophic forgetting is a requirement for leveraging CLIP in
UDA. Most methods [2, 19, 50] chose the simplest way of freezing the vision
encoder in CLIP to avoid fine-tuning, and therefore avoiding catastrophic for-
getting. However, by carefully adjusting the learning rate (PADCLIP) [20], or
using self-knowledge distillation (SKD, use original pre-trained CLIP as a reg-
ularization) [58], both methods show +6% accuracy on VISDA-2017 [40] vs.
frozen vision encoder. Mitigating catastrophic forgetting comes with a cost, for
example, SKD has to re-fine-tune CLIP 5 times, resulting in 5x slower train-
ing speed (fine-tune and reset the weight, but keep the pseudo-label from the
previous round of fine-tuning), in order to improve pseudo-label quality (higher
pseudo-label quality requires less training iterations, and less training iterations
leads to less catastrophic forgetting). PADCLIP proposed catastrophic forgetting
measurement (CFM) in the image space (by measuring the prediction difference
between weak and strong image augmentations) to adjust the learning rate with-
out decreasing the training speed. However, PADCLIP’s dependency on image
space breaks the assumption of traditional UDA works that operate in the fea-
ture space (e.g., the discrepancy-based method minimizes the distance between
source and target features, and the synthetic method synthesizes target features
from source features).

One of the root causes of catastrophic forgetting is the lack of robustness of
the features (a slight change of features after fine-tuning can lead to a differ-
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Fig. 2: Catastrophic Forgetting. We naively fine-tune CLIP (ResNet-101) on VisDA-
2017 source and target domain training set, and test on the target domain validation
set. CLIP forgot the pre-trained knowledge (accuracy -25%), but PADCLIP and our
method can mitigate this (+3.7% and +4.2% respectively). However, Discrepancy Re-
duction (DR) and Feature Augmentation (FA) are not compatible with PADCLIP
(-14% due to the image space dependency), while ours is compatible (+2.6%).

ent prediction). Instead of remediating the catastrophic forgetting symptom by
adjusting the learning rate or adding regularization, we seek to convert CLIP
features into a more robust feature space in the beginning. We propose to fine-
tune CLIP in the high-dimensional vector (hypervector) space [13]. Hypervector
is robust to noise because many representations are redundant as many patterns
represent the same thing. During the fine-tuning, if CLIP matches the text and
image features correctly or makes a small mistake, the hypervectors of these
features are likely to be redundant which leads to a small loss (in other words,
the loss can only be large when the prediction has a significant error). This is
similar to CFM in PADCLIP where CFM aims to lower the learning rate from
weak augmentation example (which PADCLIP is likely to predict correctly),
and lowering the learning rate (or decreasing loss) will lead to less catastrophic
forgetting. The key difference is that our hypervector operates in the feature
space, so it is compatible with discrepancy-based and synthetic methods, while
PADCLIP is not compatible.

We formulate the discrepancy-based and synthetic methods in CLIP by
proposing Forgetting Reduction (FR, we minimize the original and fine-tuned
CLIP features), Discrepancy Reduction (DR, we minimize the cosine distance
between source and target features), and Feature Augmentation (FA, we trained
a generator to synthesize labeled target domain features from source domain fea-
tures) in hypervector space. Fig. 2 shows that PADCLIP’s CFM is not effective
enough to reduce catastrophic forgetting beyond the traditional fine-tuning, and
adding both methods leads to -14% accuracy drops, while ours is compatible
(+2.6% accuracy). We achieved the best results on DomainNet [39], VisDA-
2017 [40], Office-Home [54], and Office-31 [44]. Our method achieves the best
results on CLIP with ResNet-50, ResNet-101, and ViT B/16 backbone. Our
method is model-agnostic where it supports a vision-language model (CLIP)
and vision models (BiT [17], DeiT [52]). Beyond UDA, we show the effective-
ness of catastrophic forgetting mitigation by our method in the continual learn-
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ing setting (accuracy +2.4% on CIFAR-100 and +1.3% on TinyImageNet), and
few-shot learning setting (+1.5% vs. TIP-Adapter-F [64]).

– We proposed a Forgetting Reduction (FR) with hypervectors in CLIP to mit-
igate catastrophic forgetting by utilizing the robustness of high-dimensional
vectors to regularize the fine-tuned vs. original prediction. We show the ev-
idence by studying the hypervector dimension size vs. the accuracy drops
due to catastrophic forgetting.

– We proposed Discrepancy Reduction (DR) and Feature Augmentation (FA)
to formulate the traditional UDA methods (discrepancy-based and synthetic
methods) in the CLIP setting. Both DR and FA are built on the foundation
of our proposed hypervector.

– We achieved the best results on four UDA benchmarks with ResNet and
ViT. Beyond UDA, our method supports few-shot learning and continual
learning, and our method is model-agnostic (supports both vision-language
and vision model).

2 Related Works

Unsupervised Domain Adaptation adapts labeled source domain to un-
labeled target domain. Discrepancy-based method reduces the divergence be-
tween source and target domains by regularizing them into the same distri-
bution [23, 31, 48], or applying adversarial loss to obtain domain-agnostic fea-
tures [22,30,31,42,48,53]. For example, CAN [14] pushes source and target do-
main features into the same distribution by a contrastive loss, and DM-ADA [59]
mixes up source and target domain features during adversarial training to achieve
continuous features regardless of the domain. Data augmentation method syn-
thesizes labeled target domain images/features to augment training data [55,56].
For example, GFCA [11] trains a generator in a few-shot manner to synthesize
cross-domain features. Our method enables discrepancy-based method and fea-
ture augmentation for CLIP [41] in UDA.

Vision Transformer (ViT) in UDA has an advantage of feature alignment
as ViT [8] is more robust to noise than CNN [33]. Recent works [42, 49, 61]
use ViT-B/16 to achieve better performance than CNN. CDTrans [60] pro-
poses cross-attention to further align the source and target domain features,
and PMTrans [68] proposes a lightweight version of CDTrans by mixing image
patches from the source and the target domain. CLIP [41] adds a text encoder to
ViT-B/16 to formulate a vision-language model and is the foundation of recent
works [2, 19, 20, 50, 58]. Several improvements were proposed on top of CLIP,
including, catastrophic forgetting measurement [20] or self-knowledge distilla-
tion [58] to mitigate catastrophic forgetting, Prompt Task-dependent Tuning [21]
to learn prompt for each domain and class, memory-aware knowledge adaptor
to encourage pseudo-label of the confidence classes, and incorporating LLM [2]
to broaden the pre-training knowledge. We follow the previous methods above
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Fig. 3: Feature Visualization. We use Painting→ClipArt from DomainNet to visualize
CLIP features from the naively fine-tuned model vs. our method. Our method’s feature
map has a higher similarity between the source and the target domain, thanks to
Discrepancy Reduction and Feature Augmentation, which allows better utilization of
labeled source domain knowledge.

to use ViT-B/16, and in theory, our improvement is orthogonal and compatible
by converting CLIP features into hypervectors before applying each method.

Pseudo-label in UDA uses a trained model (on labeled source domain) to gen-
erate pseudo labels on unlabeled target domain [2,19,20,25,29,49,50,58,60,69].
Consistency regularization on pseudo-labels [16, 47, 63] ensures the consistency
between the perturbed views of each training sample to promote the prediction
consistency on the unlabeled training data. Inter-class bias in pseudo-labeling is
caused by the prediction error from classes with similar appearance (e.g., dog vs.
wolf), and DebiasPL [21] proposed to mitigate inter-class bias by causal infer-
ence. PADCLIP follows DebiasPL to introduce pseudo-label into CLIP for UDA.
Our method also leverages pseudo-label.

Hypervector is robust to noise due to the high capacity of high-dimensional
vector and hypervector is well-studied in Cognitive Science [13]. For Computer
Vision, hypervector is used in object recognition [38], visual question answer-
ing [36], and scene transformation [15]. Recently, VSAIT [51] proposed to learn
a feature mapping in hypervector space, and show the robustness such that hy-
pervector can tolerate the different image contents (e.g., source image contains
a tree, but target image contains sky) to perform synthetic image generation.
Different from VSAIT, we proposed hypervector for UDA (image classification)
to mitigate catastrophic forgetting and enable CLIP fine-tuning with our Dis-
crepancy Reduction and Feature Augmentation.

3 Methodology

3.1 Formulation of CLIP in UDA

Given Ns labeled source domain Ds = {xs
i , y

s
i }

Ns
i=1 and Nt unlabeled target

domain Dt = {xt
i}

Nt
i=1, we formulate image-text pairs for CLIP by prompt engi-

neering [41] by converting a label into a prompt in the format of “a [DOMAIN]
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of a [CLASS]” (e.g., a real photo of a car). The probability of an image belonging
to class k is calculated by forwarding image and prompt (τ) from all K classes
to CLIP’s vision (f) and text encoder (g):

p̈(ŷi = k|xi) =
exp(cos(g(τk), f(xi)/T )∑K
z=1 exp(cos(g(τz), f(xi)/T )

(1)

where T is the temperature parameter learned by CLIP, cos is a cosine sim-
ilarity [41], and we denote a vector of p̈k as p (probability of a sample in a
minibatch B). The supervised training loss for a labeled source domain (Ls) is
a cross-entropy between model prediction and label:

Ls =
1

B

B∑
i=1

H(ysi |p(xs
i )) (2)

The unsupervised training loss (Lu) is formulated by using the model’s prediction
from an unlabeled target domain (q = p(xt)) as a soft pseudo-label to convert
into a hard pseudo-label by a one-hot encoder (1), and use a fixed threshold
(τ = 0.4) to select high confident pseudo-labels.

Lu =
1

B

B∑
i=1

1[max(qi) ≥ τ ] ·H(argmax(qi)|qi) (3)

3.2 Hypervector Space Conversion

We convert CLIP’s features into hypervector space with Local Sensitivity Hash-
ing (LSH) [38]. LSH projects and normalizes the features using a random matrix
where each row is sampled from a standard normal distribution and normalized
to unit length to achieve the output vectors in the range of [-1, 1]. Our hyper-
vector has a dimensionality of 4096 on each CLIP’s feature (CLIP’s feature size
is 512, so the total hypervector size is 512*4096=2.1M). The [-1, 1] vector range
and the high dimensionality of our hypervector allow us to use Vector Symbolic
Architecture (VSA) to map a hypervector into another hypervector. VSAIT [51]
proposed a hypervector mapping by assuming that each image is represented
with VSA operations: binding/unbinding (⊗, element-wise multiplication) and
bundling (element-wise addition):

vs = c⊗ cs + d⊗ ds, (4)

where vs is a source domain hypervector, c and d are hypervectors represent-
ing contents of the image (e.g., a car and a dog, (we use 2 terms as an exam-
ple)) bound with source-specific hypervectors: cs and ds. A hypervector mapping
(us↔t is achieved by unbinding source-specific hypervectors and binding target-
specific hypervectors (ct and dt).

us↔tgt = cs ⊗ ct + ds ⊗ dt (5)
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Since the binding/unbinding operation is invertible (c ⊗ cs ⊗ cs = c), and
the binding of incorrect attributes is almost orthogonal (cs ⊗ ds ≈ 0, this is
shown in the empirical study [38] that hypervector with dimension >=700 (we
use 4,096) has this property, and we confirm in our ablation study section), the
target domain hypervector (vt) is defined as:

vs ⊗ us↔t = c⊗ cs ⊗ (cs ⊗ ct + ds ⊗ dt)

+ d⊗ ds ⊗ (cs ⊗ ct + ds ⊗ dt)

≈ c⊗ ct + d⊗ dt ≈ vt
(6)

3.3 Feature Augmentation

We augment CLIP’s features by converting them into hypervector space with
LSH (ϕ), and use a generator (G) to synthesize target feature (v̂ti = ϕ(f(x̂t

i)))
with the same label as the input source feature (vsi = ϕ(f(xs

i ))) by learning a
hypervector mapping (us↔t = G(vsi )):

v̂ti = vsi ⊗G(vsi ) (7)

Our G is a modified ResNet-18 that takes a reshaped hypervector from 4096x512
to 4096x32x16 (WxHxC) as input, and we remove all pooling layers, set the
convolutional stride to 1, and add a convolutional layer with kernel size 1x1 at
the end to map the output back to the input shape. We chose ResNet-18 for
simplicity, and we also use our modified ResNet-18 as a discriminator (D) by
changing the last 1x1 convolutional layer to output 2 classes (Fake vs. Real).
We train G and D in an adversarial training manner. During the discriminator
training, we freeze CLIP and G to train D to classify the synthesized target
feature (v̂ti) as 0 and classify the real target feature (vti) as 1:

Ld = max[log(D(vti)) + log(1−D(v̂ti))] (8)

During the generator training, we freeze CLIP and D to train G with a discrim-
inative loss and a cycle loss (convert synthesized target features back to source
features by us↔t). Since us↔t can map source to target and target to source, we
only need a single generator (unlike direct feature transformation that needs 2
generators to map target to source, and source to target):

Lg = min[log(D(vti)) + log(1−D(v̂ti))]

+min[1− cos(v̂ti ⊗ us↔t, vsi )]
(9)

During CLIP training, we freeze D and G and use the synthesized feature to
augment the sample in Eqn. 2:

Lf =
1

B

B∑
i=1

H(ysi |p(v̂ti)) (10)

where p(v̂ti) is achieved by performing Eqn. 1 in the hypervector space (replace
g(τ) with ϕ(g(τ)) and f(xi) with v̂ti).



8 N. Vesdapunt et al.

Algorithm 1 HVCLIP for UDA

Input: Labeled source data Ds = {xs
i , y

s
i }Ns

i=1 and unlabeled target
data Dt = {xt

i}Nt
i=1, number of iteration T .

Output: A fine-tuned CLIP vision encoder (f)
1: Cache original CLIP’s feature (vso, vto) for Eqn. 12;
2: Initialize k = 0;
3: while k < T do
4: k ← k + 1;
5: Select a subset of Ds, Dt sample for batch size B;
6: Extract and convert features to hypervector (vsi , vti);
7: Fine-tune generator (G) with (Eqn. 9).
8: Fine-tune discriminator (D) with (Eqn. 8).
9: Augment CLIP features (Eqn. 7);

10: Fine-tune CLIP with Eqn. 2-3, 10-12;
11: end while

3.4 Discrepancy-based Method

Discrepancy Reduction. We reduce the domain discrepancy between source
and target domain features in the hypervector space by a cosine similarity loss.
As the binding of incorrect attributes is almost orthogonal, the source-target
features pair can be randomly sampled during the training (we do not need
source-target pairs that have the same class, background, number of objects,
etc.).

Lr =
1

B

B∑
i=1

[
1− cos(vsi , v

t
i))

]
(11)

Forgetting Reduction. We reduce the catastrophic forgetting issue by a cosine
similarity loss between the original CLIP’s features (before fine-tuning) and the
features during the fine-tuning in the hypervector space. Since hypervector is
robust, we do not augment images for the original CLIP’s features in hypervector
space (vso, vto) which allows us to cache the original features once to avoid training
overhead:

Lc =
1

B

B∑
i=1

[
2− cos(vso, v

s
i )− cos(vto, v

t
i)
]

(12)

Our final loss is the summation of Eqn. 2-3 (supervised learning and pseudo-
label), Eqn. 8-10 (Feature Augmentation) and Eqn. 11-12 (Discrepancy-based
Method). Pseudo-code can be found in Algorithm 1. Feature augmentation and
discrepancy reduction are complementary because both bridge the domain gap.

4 Experimental Setup

Dataset. We strictly follow the protocol of previous works [2, 19, 20, 49, 50, 60]
to evaluate our methods on four UDA datasets with a single model for each ex-
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periment. VisDA-2017 [40] has 12 classes of 152k synthetic and 55k real images
from COCO [28]. DomainNet [39] has 345 classes of 569k images from 6 domains:
Clipart (clp), Infograph (inf), Painting (pnt), Quickdraw (qdr), Real-world (rel),
and Sketch (skt). Office-Home [54] has 65 classes of 15.5k images from 4 domains:
Art (Ar), Clipart (Cl), Product (Pr), and Real-world (Rw). Office-31 [44] has 31
classes of 4.6k images from 3 domains: Amazon (A), DSLR (D), and Webcam
(W). Similar to past works, we use synthetic as the source and real object as
the target domain for VisDA-2017, and for the other three datasets, we select
one domain as the source and another domain as the target to have 30, 12, and
6 source-target domain combinations of DomainNet, Office-Home, and Office-31.

Training Configuration. We experiment on ResNet-50/101 [12] and ViT-
B/16 [8] with a patch size of 16 × 16 as the vision encoder in CLIP [41]. We
freeze the text encoder and only train the vision encoder in CLIP because the
training size of text is small (e.g., VisDA-2017 has 12 classes from 2 domains, so
the text training size is only 24 samples). We use a learning rate of 1e−6 and batch
size 32 to train all models for 30 epochs. We follow the training configuration in
CLIP by using Adam optimizer with decoupled weight decay regularization [34]
to decay weights, and cosine scheduler [32] to decay the learning rate. For image
augmentation, we follow previous works [20, 50, 66] by using translation, flip-
ping, CTAugment [1], and RandAugment [4]). For our Feature Augmentation,
we iteratively train the generator, and discriminator for 100 iterations each, both
with learning rate 1e−3 by cosine scheduler, and we use generated features to
fine-tune CLIP on every iteration.

5 Results

5.1 Ablation studies

We show the ablation studies by fine-tuning CLIP with the ResNet-101 backbone
on ViSDA-2017. We use both supervised learning and pseudo-label.

Importance of Forgetting/Discrepancy Reduction. Since CLIP suffers
from catastrophic forgetting, we first study the importance of our Forgetting
Reduction. Tab. 1 shows that CLIP without fine-tuning achieves 82.3% and
fine-tuning leads to -25.2% accuracy drops (row: 1,3). Our Forgetting Reduction
mitigates the catastrophic forgetting to increase the accuracy by +4.2% and
ours is more effective than PADCLIP’s CFM (only increases accuracy by +3.7%,
row: 1,8,13). We further use our Discrepancy Reduction to mitigate the feature
discrepancy between the source and the target domain to improve accuracy by
+1.1% (row: 8,9).

Importance of Feature Augmentation. Our Feature Augmentation expands
the labeled domain knowledge by synthesizing the labeled target domain features
to further improve the accuracy by +1.5% (row: 9,12). We also show that our
cycle loss (Eq.9) provides +1% improvement (row: 10, 12). We visualize the ef-
fect of our Discrepancy Reduction and our Feature Augmentation in Fig. 3) by
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Table 1: Ablation study. We fine-tune CLIP (ResNet-101) on VisDA-2017 source and
target domain training set, and test on VisDA-2017 target domain validation set. Row
1,2 shows that hypervector does not degrade performance. Row 1,3 shows that fine-
tuning leads to catastrophic forgetting. Row 5-8 shows that hypervector is effective at
dimension 1024 onwards (similar observation with past work [38], and we use feature
dimension = 512 * hypervector dimension). Row 9,10,12 show the effectiveness of our
methods. Row 11,12 show that removing hypervector breaks discrepancy-based method
and feature augmentation. Row 8,13 shows that ours is more effective at mitigating
catastrophic forgetting than PADCLIP. Row 13-15 shows that PADCLIP is not com-
patible with discrepancy-based method and feature augmentation.

# Method Forgetting
Reduction

Discrepancy
Reduction

Feature
Augment

Cycle
Loss

Hypervector
Dimension Accuracy

1 Zero-shot ✗ ✗ ✗ ✗ ✗ 82.3
2 ✗ ✗ ✗ ✗ 4096 82.0

3 Fine-tune ✗ ✗ ✗ ✗ ✗ 57.1
4 ✗ ✗ ✗ ✗ 4096 61.1

5

HVCLIP
(Ours)

✓ ✗ ✗ ✗ 64 68.4
6 ✓ ✗ ✗ ✗ 256 77.5
7 ✓ ✗ ✗ ✗ 1024 84.7
8 ✓ ✗ ✗ ✗ 4096 86.5
9 ✓ ✓ ✗ ✗ 4096 87.6
10 ✓ ✓ ✓ ✗ 4096 88.1
11 ✓ ✓ ✓ ✓ ✗ 68.5
12 ✓ ✓ ✓ ✓ 4096 89.1

13 PADCLIP
(CFM) [20]

✗ ✗ ✗ ✗ ✗ 86.0
14 ✓ ✓ ✗ ✗ ✗ 77.8
15 ✓ ✓ ✓ ✓ ✗ 72.1

reshaping the hypervector feature from 2.1M to 2048x1024 and downsample to
16x8 to visualize each feature, and we use t-SNE [7] to visualize the feature dis-
tribution. Our source and target domain features of the same class but different
domain images have a higher similarity than a traditional fine-tuning method.

Importance of Hypervector. The robustness of the hypervector allows our
Forgetting Reduction to constrain the augmented image (during fine-tuning)
and the unaugmented original CLIP’s prediction (so that the original CLIP’s
prediction can be cached to speed up the training), allows our Discrepancy Re-
duction to perform on an unpaired setting (source and target domain images are
unaligned), and allows our Feature Augmentation to perform on an unpaired fea-
ture translation setting (source and target domain features are also unaligned).
Tab. 1 (row: 11,12) shows that removing hypervector collapses our formulation
(accuracy decreases by -20.6%). Similarly for PADCLIP, CFM operates in the
image space, but our Disprecancy Reduction and Feature Augmentation oper-
ates in the feature space, so PADCLIP is not compatible with them (accuracy
decreases by -13.9%, row 13-15). We also studied the dimension of hypervector
and observed the effective dimension to be 1024 onwards (row: 5-8).
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Table 2: Accuracies (%) on VisDA-2017. Full table in Appendix.

Method plane bcycl bus car horse knife mcycl person plant sktbrd train truck Avg.

ResNet-101 [12]

R
es

N
et

-1
01

55.1 53.3 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 52.4
FixBi [37] 96.1 87.8 90.5 90.3 96.8 95.3 92.8 88.7 97.2 94.2 90.9 25.7 87.2
AaD [62] 97.4 90.5 80.8 76.2 97.3 96.1 89.8 82.9 95.5 93.0 92.0 64.7 88.0
PADCLIP [20] 96.7 88.8 87.0 82.8 97.1 93.0 91.3 83.0 95.5 91.8 91.5 63.0 88.5
SKD [58] 98.8 87.8 92.0 72.0 98.7 93.4 94.8 75.1 92.5 96.0 95.9 72.0 89.1
VFR [19] 97.2 89.3 87.6 83.1 98.4 95.4 92.2 82.5 94.9 93.2 91.3 64.7 89.2
Ours 98.8 90.1 90.8 82.2 97.3 95.5 91.8 82.9 94.9 92.8 92.2 70.8 90.0

ViT-B [8]

V
iT

-B
/1

6

99.1 60.7 70.6 82.7 96.5 73.1 97.1 19.7 64.5 94.7 97.2 15.4 72.6
PMTrans [68] 98.9 93.7 84.5 73.3 99.0 98.0 96.2 67.8 94.2 98.4 96.6 49.0 87.5
SSRT [49] 98.9 87.6 89.1 84.8 98.3 98.7 96.3 81.1 94.9 97.9 94.5 43.1 88.8
PADCLIP [20] 98.1 93.8 87.1 85.5 98.0 96.0 94.4 86.0 94.9 93.3 93.5 70.2 90.9
DIFO [50] 97.5 89.0 90.8 83.5 97.8 97.3 93.2 83.5 95.2 96.8 93.7 65.9 90.3
ADCLIP [46] 99.6 92.8 94.0 78.6 98.8 95.4 96.8 83.9 91.5 95.8 95.5 65.7 90.7
SKD [58] 99.6 95.2 94.3 74.5 99.6 98.0 95.9 79.8 89.8 99.2 96.6 71.8 91.2
VFR [19] 98.4 94.3 89.0 85.4 98.5 98.3 96.1 86.3 95.1 95.2 92.5 70.9 91.7
Ours 99.0 93.7 92.1 84.5 98.8 96.2 94.2 88.6 96.9 96.7 94.5 74.4 92.5

Table 3: Accuracies (%) on Office-Home. *Only LLaVO [2] uses FLAN-T5 LLM.

Method Ar�Cl Ar�Pr Ar�RwCl�Ar Cl�Pr Cl�Rw Pr�Ar Pr�Cl Pr�RwRw�ArRw�ClRw�Pr Avg.

ResNet-50 [12]

R
es

N
et

-5
0

34.9 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
SHOT [27] 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
FixBi [37] 58.1 77.3 80.4 67.7 79.5 78.1 65.8 57.9 81.7 76.4 62.9 86.7 72.7
VFR [19] 58.1 85.0 84.5 77.4 85.0 84.7 76.5 58.8 85.7 75.9 60.4 86.4 76.5
PADCLIP [20] 57.5 84.0 83.8 77.8 85.5 84.7 76.3 59.2 85.4 78.1 60.2 86.7 76.6
SKD [58] 61.6 86.8 86.7 78.0 87.4 86.8 77.3 61.0 87.1 79.6 64.1 88.9 78.8
Ours 62.0 85.8 86.2 77.8 84.3 86.8 80.7 66.5 87.8 80.3 64.9 90.4 79.5

ViT-B [8]

V
iT

-B
/1

6

54.7 83.0 87.2 77.3 83.4 85.5 74.4 50.9 87.2 79.6 53.8 88.8 75.5
SSRT [49] 75.2 89.0 91.1 85.1 88.3 89.9 85.0 74.2 91.3 85.7 78.6 91.8 85.4
PADCLIP [20] 76.4 90.6 90.8 86.7 92.3 92.0 86.0 74.5 91.5 86.9 79.1 93.1 86.7
VFR [19] 78.2 90.4 91.0 87.5 91.9 92.3 86.7 79.7 90.9 86.4 79.4 93.5 87.3
PMTrans [68] 81.2 91.6 92.4 88.9 91.6 93.0 88.5 80.0 93.4 89.5 82.4 94.5 88.9
SKD [58] 79.6 93.7 92.7 89.5 93.7 92.9 89.1 81.1 92.6 90.2 81.6 94.2 89.2
LLaVO* [2] 85.4 96.6 94.1 90.3 97.1 94.4 87.9 85.7 94.5 90.1 85.5 97.3 91.6
Ours 86.3 96.4 94.0 91.6 97.9 94.6 87.5 85.3 94.8 89.9 88.1 97.0 92.0

Table 4: Accuracies (%) on Office-31. Full table in Appendix.

Method A�W D�W W�D A�D D�A W�A Avg.

ResNet-50 [12]

R
es

N
et

-5
0

68.4 96.7 99.3 68.9 62.5 60.7 76.1
SHOT [27] 90.1 98.4 99.9 94.0 74.7 74.3 88.6
CDAN+TN [57] 95.7 98.7 100 94.0 73.4 74.2 89.3
MDD+SCDA [24] 95.3 99.0 100 95.4 77.2 75.9 90.5
FixBi [37] 96.1 99.3 100 95.0 78.7 79.4 91.4
Ours 96.2 99.4 100 96.0 80.1 80.6 92.1

ViT-B [8]

V
iT

-B
/1

6

91.2 99.2 100 90.4 81.1 80.6 90.4
SSRT [49] 97.7 99.2 100 98.6 83.5 82.2 93.5
PADCLIP [20] 97.9 99.2 100 98.5 84.6 85.3 94.3
VFR [66] 98.1 99.4 100.0 98.7 84.4 85.5 94.4
PMTrans [68] 99.1 99.6 100 99.4 85.7 86.3 95.0
Ours 99.3 100 100 99.4 87.3 86.8 95.5
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Table 5: Accuracies (%) on DomainNet. Column labels are source domains and the
row labels are target domains. Full table in Appendix.

ResNet
-101 [12] clp inf pnt qdr rel skt Avg. ViT

-B/16 [8] clp inf pnt qdr rel skt Avg.

clp - 19.3 37.5 11.1 52.2 41.0 32.2 clp - 27.2 53.1 13.2 71.2 53.3 43.6
inf 30.2 - 31.2 3.6 44.0 27.9 27.4 inf 51.4 - 49.3 4.0 66.3 41.1 42.4
pnt 39.6 18.7 - 4.9 54.5 36.3 30.8 pnt 53.1 25.6 - 4.8 70.0 41.8 39.1
qdr 7.0 0.9 1.4 - 4.1 8.3 4.3 qdr 30.5 4.5 16.0 - 27.0 19.3 19.5
rel 48.4 22.2 49.4 6.4 - 38.8 33.0 rel 58.4 29.0 60.0 6.0 - 45.8 39.9
skt 46.9 15.4 37.0 10.9 47.0 - 31.4 skt 63.9 23.8 52.3 14.4 67.4 - 44.4
Avg. 34.4 15.3 31.3 7.4 40.4 30.5 26.6 Avg. 51.5 22.0 46.1 8.5 60.4 40.3 38.1

SSRT
[49] clp inf pnt qdr rel skt Avg. PAD

CLIP [20] clp inf pnt qdr rel skt Avg.

clp - 29.4 57.2 26.0 72.6 58.1 48.7 clp - 73.6 75.4 74.6 76.4 76.3 75.3
inf 57.0 - 54.4 12.8 69.5 48.4 48.4 inf 55.1 - 54.3 53.6 54.9 54.9 54.6
pnt 62.9 27.4 - 15.8 72.1 53.9 46.4 pnt 71.1 70.6 - 70.0 72.7 71.7 71.2
qdr 44.6 8.9 29.0 - 42.6 28.5 30.7 qdr 36.8 18.0 32.0 - 31.7 34.9 30.7
rel 66.2 31.0 61.5 16.2 - 52.9 45.6 rel 84.2 83.5 83.5 83.1 - 83.6 83.6
skt 69.0 29.6 59.0 27.2 72.5 - 51.5 skt 68.1 66.6 67.2 66.1 67.5 - 67.1
Avg. 59.9 25.3 52.2 19.6 65.9 48.4 45.2 Avg. 63.1 62.5 62.5 69.5 60.6 64.3 63.7

LLaVO
[2] clp inf pnt qdr rel skt Avg. Ours clp inf pnt qdr rel skt Avg.

clp - 56.0 71.5 19.9 87.1 74.2 61.8 clp - 75.2 77.1 73.8 76.2 77.1 75.9
inf 82.0 - 72.7 21.5 86.9 72.9 67.2 inf 65.4 - 54.7 51.4 70.2 57.8 59.9
pnt 82.3 55.3 - 17.5 86.8 72.8 63.0 pnt 69.6 72.2 - 70.1 71.6 72.4 71.2
qdr 79.2 52.5 66.3 - 84.8 70.7 70.7 qdr 52.0 18.2 38.5 - 62.4 41.8 42.6
rel 83.7 55.7 74.2 18.8 - 73.6 61.2 rel 82.0 82.5 80.4 80.5 - 86.8 82.4
skt 83.1 55.3 75.4 21.4 87.1 - 64.4 skt 76.3 65.0 63.6 67.2 75.5 - 69.5
Avg. 82.1 55.0 72.0 19.8 84.2 72.8 64.7 Avg. 69.1 62.6 62.9 68.6 71.2 67.2 66.9

5.2 External Comparison

We achieved state-of-the-art results on four public datasets using the ViT-B/16
backbone, and we tested convolutional backbones (ResNet-50 and ResNet-101)
for a fair comparison.

VisDA-2017. We use ResNet-101 as CLIP’s backbone to perform a fair compar-
ison against past works. Tab. 2 shows that for ResNet-101, our method improves
8 out of 12 classes against the previous best method (VFR [19]), and our method
with ResNet-101 backbone outperforms the recent works with ViT-B backbone
(PMTrans [68], SSRT [49]). For the ViT-B/16 backbone, our method also out-
performs VFR [19] for 8 out of 12 classes to achieve the new state-of-the-art.

Office-Home/31. We tested ResNet-50 as CLIP’s backbone for a fair compar-
ison. On Office-Home, Tab. 3 shows that our method improves +0.7% accuracy
over SKD [58] on the ResNet-50 backbone. On ViT-B/16 backbone, LLaVO [2]
integrated an extra LLM model (FLAN-T5 [3]) to achieve the previous best re-
sult, but we outperform LLaVO without adding any LLM by +0.4% accuracy.
For Office-31, the dataset size is small such that the average number of images per
class on a single domain is only 49 images (shared by both training and testing),
so the accuracy is close to saturation. We achieve +0.7% and +0.5% accuracy
improvement over the previous best models (FixBi [37] and PMTrans [68]) on
ResNet-50 and ViT-B/16 respectively. Note that the test set is saturated (e.g.,
SKD [58] uses 5x slower training to achieve +0.3% accuracy vs. PADCLIP [20])
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Table 6: Classification accuracy for few-shot learning with ResNet-101 for ImageNet
and ViT-B for DomainNet. Oracle CLIP was fine-tuned on the whole training set.

Methods Shot Accuracy

CLIP [41]

Im
ag

eN
et

0 62.5
Tip-Adapter [64] 16 64.8
CLIP-Adapter [9] 16 65.4
CLIP + CoOp [67] 16 66.6
Tip-Adapter-F [64] 16 68.6
PADCLIP [20] 16 69.0
VFR [19] 16 69.2
Ours 16 70.1

Methods Shot Accuracy

CLIP [41]

D
om

ai
nN

et

0 56.6
Oracle CLIP [41] - 63.7
PADCLIP [20] 16 59.2
Ours 16 60.1
PADCLIP [20] 32 60.8
Ours 32 61.4

Table 7: Model-agnostic property of our method on vision-language (CLIP) and vision
backbone (BIT, DeiT). We tested PADCLIP and our method on VISDA-2017. We use
ViT-B/16 backbone for CLIP.

Model Accuracy
PADCLIP [20] Ours

CLIP [41] 90.9 91.7
BIT [17] 88.1 89.0
DeiT [52] 88.4 89.9

DomainNet. We use the ViT-B/16 backbone to compare against previous
works. Similar to LLaVO [2], VFR [19], SKD [58], PADCLIP [20], our method
has a significant improvement over non-CLIP methods (e.g., accuracy +21.7%
against SSRT [49]). Our method improves QuickDraw domain over LLaVO [2]
(e.g., +27% on ClipArt→QuickDraw and +52.6% on QuickDraw→Painting) be-
cause QuickDraw rarely existed in CLIP’s pre-training data and does not exist
in LLM’s training data (so LLaVO struggles with QuickDraw), but our model
learned to reduce the discrepancy between source and target domain to achieve
+2.2% accuracy over LLaVO (the previous best result).

5.3 Applications

Few-shot Learning. Our method preserves CLIP’s few-shot learning ability
because we did not modify CLIP’s backbone (no extra layers on top of any fea-
tures). Tab. 6 shows the few-shot learning results on ImageNet [5] and Domain-
Net [39]. For ImageNet, we use CLIP with ResNet-101 backbone on ImageNet 16-
shot for a fair comparison with past works (+3.8% vs. CLIP-Adapter, +2.6% [9]
vs. CoOP [67], +0.6% vs. Tip-Adapter-F [64], and +0.9% vs. VFR [19]). For Do-
mainNet, we outperform PADCLIP by 0.9% and 0.6% for 16-shot and 32-shot
respectively.

Continual Learning. We show the generalization of our Forgetting Reduc-
tion to the Continual Learning setting. We follow ZSCL [66] to evaluate the
class-incremental setting, and we outperform ZSCL on 20 steps/last accuracy
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Table 8: Continual learning accuracy on class-incremental setting.

Model
CIFAR-100 [18] TinyImageNet [35]

10 steps 20 steps 10 steps 20 steps
Average Last Average Last Average Last Average Last

CLIP [41] 74.5 65.9 75.2 65.7 69.6 65.6 69.5 65.3
Fine-tuned CLIP [41] 65.5 53.2 59.7 43.1 57.1 41.5 54.6 44.6
LwF [26] 65.9 48.0 60.6 40.6 57.6 44.0 54.8 42.3
iCaRL [43] 79.4 71.0 73.3 64.6 73.5 66.0 69.7 64.7
LwF-VR [6] 78.8 70.8 74.5 63.5 74.1 67.1 70.0 63.9
ZSCL [66] 82.2 73.7 80.4 69.6 78.6 71.6 77.2 68.3
Ours 82.6 75.4 81.7 72.0 79.2 73.5 77.4 69.6

by +2.4% and +1.3% on CIFAR-100 [18] and TinyImageNet [35] respectively.

Model-Agnostic. We show the model-agnostic property of our method across
different backbones. Tab. 7 shows that we outperform PADCLIP by +0.8%,
0.9%, +1.5% for CLIP (ViT-B/16), BiT ( [17]) and DeiT-B [52]. Our method
supports both vision-language model (CLIP) and vision models (BiT and DeiT).

5.4 Computational Complexity.

On a single Nvidia Tesla V100 GPU, the baseline of fine-tuning CLIP on the
labeled source domain from VisDA-2017 requires 16.5 hours, and adding pseudo-
labels increases the training time to 23 hours. We first cache the original CLIP
prediction on the entire training set for Forgetting Reduction (only needs once).
We then convert CLIP’s features into hypervector space and perform Forget-
ting Reduction (+0.5 hour), Discrepancy Reduction (+0.5 hour), and Feature
Augmentation (+6 hours), so the total training time is 30 hours.

6 Conclusion

We propose a High-dimensional Vector in CLIP (HVCLIP) by converting CLIP’s
features into hypervector space to utilize the robustness of the high-dimensional
vector. Hypervector allows us to propose: Forgetting Reduction (to mitigate the
catastrophic forgetting), Discrepancy Reduction (to mitigate domain shift be-
tween source and target domains), and Feature Augmentation (to synthesize
labeled target domain). We achieved the best results on four public datasets and
we show the generalization of our method to another application (few-shot learn-
ing, continual learning), and across vision-language (CLIP) and vision backbones
(BiT, DeiT).
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1 Appendix

1.1 Full Result Tables

We include tables for VisDA-2017 [21] (Tab. 2), Office-31 [23] (Tab. 1), Office-
Home [28] (Tab. 3), DomainNet [20] (Tab. 4) from External Comparison section.

Table 1: Accuracies (%) on Office-31.

Method A�W D�W W�D A�D D�A W�A Avg.

ResNet-50 [8]

R
es

N
et

-5
0

68.4 96.7 99.3 68.9 62.5 60.7 76.1
DANN [5] 82.0 96.9 99.1 79.7 68.2 67.4 82.2
SAFN+ENT [32] 90.1 98.6 99.8 90.7 73.0 70.2 87.1
SUDA [36] 90.8 98.7 100 91.2 72.2 71.4 87.4
CaCo [9] 89.7 98.4 100 91.7 73.1 72.8 87.6
SHOT [16] 90.1 98.4 99.9 94.0 74.7 74.3 88.6
CDAN+TN [29] 95.7 98.7 100 94.0 73.4 74.2 89.3
MDD+SCDA [15] 95.3 99.0 100 95.4 77.2 75.9 90.5
FixBi [19] 96.1 99.3 100 95.0 78.7 79.4 91.4
Ours 96.2 99.4 100 96.0 80.1 80.6 92.1

ViT-B [3]

V
iT

-B
/1

6

91.2 99.2 100 90.4 81.1 80.6 90.4
SHOT [16] 94.3 99.0 100. 95.3 79.4 80.2 91.4
CDTrans∗ [33] 96.7 99.0 100 97.0 81.1 81.9 92.6
SSRT [26] 97.7 99.2 100 98.6 83.5 82.2 93.5
TVT [34] 96.4 99.4 100 96.4 84.9 86.1 93.8
PADCLIP [12] 97.9 99.2 100 98.5 84.6 85.3 94.3
VFR [37] 98.1 99.4 100.0 98.7 84.4 85.5 94.4
PMTrans [38] 99.1 99.6 100 99.4 85.7 86.3 95.0
Ours 99.3 100 100 99.4 87.3 86.8 95.5

References

1. Chen, L., Chen, H., Wei, Z., Jin, X., Tan, X., Jin, Y., Chen, E.: Reusing the
task-specific classifier as a discriminator: Discriminator-free adversarial domain
adaptation. In: CVPR. pp. 7181–7190 (2022)
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Table 2: Accuracies (%) on VisDA-2017. ∗CDTrans uses DeiT-base backbone.

Method plane bcycl bus car horse knife mcycl person plant sktbrd train truck Avg.

ResNet-101 [8]

R
es

N
et

-1
01

55.1 53.3 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 52.4
DANN [5] 81.9 77.7 82.8 44.3 81.2 29.5 65.1 28.6 51.9 54.6 82.8 7.8 57.4
CDAN [18] 85.2 66.9 83.0 50.8 84.2 74.9 88.1 74.5 83.4 76.0 81.9 38.0 73.9
SAF [32] 93.6 61.3 84.1 70.6 94.1 79.0 91.8 79.6 89.9 55.6 89.0 24.4 76.1
SWD [13] 90.8 82.5 81.7 70.5 91.7 69.5 86.3 77.5 87.4 63.6 85.6 29.2 76.4
CaCo [9] 90.4 80.7 78.8 57.0 88.9 87.0 81.3 79.4 88.7 88.1 86.8 63.9 80.9
SUDA [36] 91.5 79.7 71.9 66.5 88.5 81.1 85.6 79.5 86.2 86.5 79.9 74.3 80.9
DTA [14] 93.7 82.2 85.6 83.8 93.0 81.0 90.7 82.0 95.1 78.1 86.4 32.1 81.5
CGDM [4] 93.4 82.7 73.2 68.4 92.9 94.5 88.7 82.1 93.4 82.5 86.8 49.2 82.3
FixBi [19] 96.1 87.8 90.5 90.3 96.8 95.3 92.8 88.7 97.2 94.2 90.9 25.7 87.2
SHOT [16] 94.3 88.5 80.1 57.3 93.1 94.9 80.7 80.3 91.5 89.1 86.3 58.2 82.9
MCC+NWD [1] 96.1 82.7 76.8 71.4 92.5 96.8 88.2 81.3 92.2 88.7 84.1 53.7 83.7
SDAT [22] 95.8 85.5 76.9 69.0 93.5 97.4 88.5 78.2 93.1 91.6 86.3 55.3 84.3
MSGD [31] 97.5 83.4 84.4 69.4 95.9 94.1 90.9 75.5 95.5 94.6 88.1 44.9 84.6
CAN [10] 97.0 87.2 82.5 74.3 97.8 96.2 90.8 80.7 96.6 96.3 87.5 59.9 87.2
AaD [35] 97.4 90.5 80.8 76.2 97.3 96.1 89.8 82.9 95.5 93.0 92.0 64.7 88.0
PADCLIP [12] 96.7 88.8 87.0 82.8 97.1 93.0 91.3 83.0 95.5 91.8 91.5 63.0 88.5
SKD [30] 98.8 87.8 92.0 72.0 98.7 93.4 94.8 75.1 92.5 96.0 95.9 72.0 89.1
VFR [11] 97.2 89.3 87.6 83.1 98.4 95.4 92.2 82.5 94.9 93.2 91.3 64.7 89.2
Ours 98.8 90.1 90.8 82.2 97.3 95.5 91.8 82.9 94.9 92.8 92.2 70.8 90.0

ViT-B [3]

V
iT

-B
/1

6

99.1 60.7 70.6 82.7 96.5 73.1 97.1 19.7 64.5 94.7 97.2 15.4 72.6
TVT [34] 92.9 85.6 77.5 60.5 93.6 98.2 89.4 76.4 93.6 92.0 91.7 55.7 83.9
SHOT [16] 97.9 90.3 86.0 73.4 96.9 98.8 94.3 54.8 95.4 87.1 93.4 62.7 85.9
PMTrans [38] 98.9 93.7 84.5 73.3 99.0 98.0 96.2 67.8 94.2 98.4 96.6 49.0 87.5
CDTrans∗ [33] 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
SSRT [26] 98.9 87.6 89.1 84.8 98.3 98.7 96.3 81.1 94.9 97.9 94.5 43.1 88.8
SDAT [22] 98.4 90.9 85.4 82.1 98.5 97.6 96.3 86.1 96.2 96.7 92.9 56.8 89.8
DIFO [27] 97.5 89.0 90.8 83.5 97.8 97.3 93.2 83.5 95.2 96.8 93.7 65.9 90.3
ADCLIP [24] 99.6 92.8 94.0 78.6 98.8 95.4 96.8 83.9 91.5 95.8 95.5 65.7 90.7
PADCLIP [12] 98.1 93.8 87.1 85.5 98.0 96.0 94.4 86.0 94.9 93.3 93.5 70.2 90.9
SKD [30] 99.6 95.2 94.3 74.5 99.6 98.0 95.9 79.8 89.8 99.2 96.6 71.8 91.2
VFR [11] 98.4 94.3 89.0 85.4 98.5 98.3 96.1 86.3 95.1 95.2 92.5 70.9 91.7
Ours 99.0 93.7 92.1 84.5 98.8 96.2 94.2 88.6 96.9 96.7 94.5 74.4 92.5
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Table 3: Accuracies (%) on Office-Home. ∗CDTrans uses DeiT-Base backbone.

Method Ar�Cl Ar�Pr Ar�RwCl�Ar Cl�Pr Cl�Rw Pr�Ar Pr�Cl Pr�RwRw�ArRw�ClRw�Pr Avg.

ResNet-50 [8]

R
es

N
et

-5
0

34.9 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1
CDAN+E [18] 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8
SAFN [32] 52.0 71.7 76.3 64.2 69.9 71.9 63.7 51.4 77.1 70.9 57.1 81.5 67.3
CDAN+TN [29] 50.2 71.4 77.4 59.3 72.7 73.1 61.0 53.1 79.5 71.9 59.0 82.9 67.6
FGDA+MDD [7] 57.1 77.5 81.0 68.4 77.2 75.9 65.8 55.8 81.0 74.3 60.5 83.6 71.5
SHOT [16] 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 [22] 58.2 77.1 82.2 66.3 77.6 76.8 63.3 57.0 82.2 74.9 64.7 86.0 72.2
MSGD [31] 58.7 76.9 78.9 70.1 76.2 76.6 69.0 57.2 82.3 74.9 62.7 84.5 72.4
MCC+NWD [1] 58.1 79.6 83.7 67.7 77.9 78.7 66.8 56.0 81.9 73.9 60.9 86.1 72.6
FixBi [19] 58.1 77.3 80.4 67.7 79.5 78.1 65.8 57.9 81.7 76.4 62.9 86.7 72.7
AaD [35] 59.3 79.3 82.1 68.9 79.8 79.5 67.2 57.4 83.1 72.1 58.5 85.4 72.7
CST [17] 59.0 79.6 83.4 68.4 77.1 76.7 68.9 56.4 83.0 75.3 62.2 85.1 73.0
DCAN+SCDA [15] 60.7 76.4 82.8 69.8 77.5 78.4 68.9 59.0 82.7 74.9 61.8 84.5 73.1
KUDA [25] 58.2 80.0 82.9 71.1 80.3 80.7 71.3 56.8 83.2 75.5 60.3 86.6 73.9
VFR [11] 58.1 85.0 84.5 77.4 85.0 84.7 76.5 58.8 85.7 75.9 60.4 86.4 76.5
PADCLIP [12] 57.5 84.0 83.8 77.8 85.5 84.7 76.3 59.2 85.4 78.1 60.2 86.7 76.6
SKD [30] 61.6 86.8 86.7 78.0 87.4 86.8 77.3 61.0 87.1 79.6 64.1 88.9 78.8
Ours 62.0 85.8 86.2 77.8 84.3 86.8 80.7 66.5 87.8 80.3 64.9 90.4 79.5

ViT-B [3]

V
iT

-B
/1

6

54.7 83.0 87.2 77.3 83.4 85.5 74.4 50.9 87.2 79.6 53.8 88.8 75.5
SHOT [33] 67.1 83.5 85.5 76.6 83.4 83.7 76.3 65.3 85.3 80.4 66.7 83.4 78.1
DIFO [27] 70.6 90.6 88.8 82.5 90.6 88.8 80.9 70.1 88.9 83.4 70.5 91.2 83.1
CDTrans∗ [33] 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
TVT [34] 74.9 86.8 89.5 82.8 88.0 88.3 79.8 71.9 90.1 85.5 74.6 90.6 83.6
SDAT [22] 70.8 87.0 90.5 85.2 87.3 89.7 94.1 70.7 90.6 88.3 75.5 92.1 84.3
SSRT [26] 75.2 89.0 91.1 85.1 88.3 89.9 85.0 74.2 91.3 85.7 78.6 91.8 85.4
PADCLIP [12] 76.4 90.6 90.8 86.7 92.3 92.0 86.0 74.5 91.5 86.9 79.1 93.1 86.7
VFR [11] 78.2 90.4 91.0 87.5 91.9 92.3 86.7 79.7 90.9 86.4 79.4 93.5 87.3
PMTrans [38] 81.2 91.6 92.4 88.9 91.6 93.0 88.5 80.0 93.4 89.5 82.4 94.5 88.9
SKD [30] 79.6 93.7 92.7 89.5 93.7 92.9 89.1 81.1 92.6 90.2 81.6 94.2 89.2
LLaVO [2] 85.4 96.6 94.1 90.3 97.1 94.4 87.9 85.7 94.5 90.1 85.5 97.3 91.6
Ours 86.3 96.4 94.0 91.6 97.9 94.6 87.5 85.3 94.8 89.9 88.1 97.0 92.0

2. Chen, S., Zhang, Y., Jiang, W., Lu, J., Zhang, Y.: Large language models as visual
cross-domain learners (2024)

3. Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner,
T., Dehghani, M., Minderer, M., Heigold, G., Gelly, S., et al.: An image is worth
16x16 words: Transformers for image recognition at scale. ICLR (2021)

4. Du, Z., Li, J., Su, H., Zhu, L., Lu, K.: Cross-domain gradient discrepancy mini-
mization for unsupervised domain adaptation. In: CVPR. pp. 3937–3946 (2021)

5. Ganin, Y., Lempitsky, V.: Unsupervised domain adaptation by backpropagation.
In: ICML. pp. 1180–1189 (2015)

6. Gao, J., Hua, Y., Hu, G., Wang, C., Robertson, N.M.: Reducing distributional
uncertainty by mutual information maximisation and transferable feature learning.
In: ECCV. pp. 587–605. Springer (2020)

7. Gao, Z., Zhang, S., Huang, K., Wang, Q., Zhong, C.: Gradient distribution align-
ment certificates better adversarial domain adaptation. In: ICCV. pp. 8937–8946
(2021)

8. He, K., Zhang, X., Ren, S., Sun, J.: Deep residual learning for image recognition.
In: CVPR. pp. 770–778 (2016)

9. Huang, J., Guan, D., Xiao, A., Lu, S., Shao, L.: Category contrast for unsupervised
domain adaptation in visual tasks. In: CVPR. pp. 1203–1214 (2022)

10. Kang, G., Jiang, L., Yang, Y., Hauptmann, A.G.: Contrastive adaptation network
for unsupervised domain adaptation. In: Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition. pp. 4893–4902 (2019)
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Table 4: Accuracies (%) on DomainNet. In each sub-table, the column-wise means
source domain and the row-wise means target domain.

SWD
[13] clp inf pnt qdr rel skt Avg. ResNet

-101 [8] clp inf pnt qdr rel skt Avg. CGDM
[4] clp inf pnt qdr rel skt Avg.

clp - 14.7 31.9 10.1 45.3 36.5 27.7 clp - 19.3 37.5 11.1 52.2 41.0 32.2 clp - 16.9 35.3 10.8 53.5 36.9 30.7
inf 22.9 - 24.2 2.5 33.2 21.3 20.0 inf 30.2 - 31.2 3.6 44.0 27.9 27.4 inf 27.8 - 28.2 4.4 48.2 22.5 26.2
pnt 33.6 15.3 - 4.4 46.1 30.7 26.0 pnt 39.6 18.7 - 4.9 54.5 36.3 30.8 pnt 37.7 14.5 - 4.6 59.4 33.5 30.0
qdr 15.5 2.2 6.4 - 11.1 10.2 9.1 qdr 7.0 0.9 1.4 - 4.1 8.3 4.3 qdr 14.9 1.5 6.2 - 10.9 10.2 8.7
rel 41.2 18.1 44.2 4.6 - 31.6 27.9 rel 48.4 22.2 49.4 6.4 - 38.8 33.0 rel 49.4 20.8 47.2 4.8 - 38.2 32.0
skt 44.2 15.2 37.3 10.3 44.7 - 30.3 skt 46.9 15.4 37.0 10.9 47.0 - 31.4 skt 50.1 16.5 43.7 11.1 55.6 - 35.4
Avg. 31.5 13.1 28.8 6.4 36.1 26.1 23.6 Avg. 34.4 15.3 31.3 7.4 40.4 30.5 26.6 Avg 36.0 14.0 32.1 7.1 45.5 28.3 27.2

CDAN
[18] clp inf pnt qdr rel skt Avg. MIM

TFL [6] clp inf pnt qdr rel skt Avg. MDD
[15] clp inf pnt qdr rel skt Avg.

clp - 20.4 36.6 9.0 50.7 42.3 31.8 clp - 15.1 35.6 10.7 51.5 43.1 31.2 clp - 20.4 43.3 15.2 59.3 46.5 36.9
inf 27.5 - 25.7 1.8 34.7 20.1 22.0 inf 32.1 - 31.0 2.9 48.5 31.0 29.1 inf 32.7 - 34.5 6.3 47.6 29.2 30.1
pnt 42.6 20.0 - 2.5 55.6 38.5 31.8 pnt 40.1 14.7 - 4.2 55.4 36.8 30.2 pnt 46.4 19.9 - 8.1 58.8 42.9 35.2
qdr 21.0 4.5 8.1 - 14.3 15.7 12.7 qdr 18.8 3.1 5.0 - 16.0 13.8 11.3 qdr 31.1 6.6 18.0 - 28.8 22.0 21.3
rel 51.9 23.3 50.4 5.4 - 41.4 34.5 rel 48.5 19.0 47.6 5.8 - 39.4 32.1 rel 55.5 23.7 52.9 9.5 - 45.2 37.4
skt 50.8 20.3 43.0 2.9 50.8 - 33.6 skt 51.7 16.5 40.3 12.3 53.5 - 34.9 skt 55.8 20.1 46.5 15.0 56.7 - 38.8
Avg. 38.8 17.7 32.8 4.3 41.2 31.6 27.7 Avg. 38.2 13.7 31.9 7.2 45.0 32.8 28.1 Avg. 44.3 18.1 39.0 10.8 50.2 37.2 33.3

ViT-B
[3] clp inf pnt qdr rel skt Avg. SSRT

[26] clp inf pnt qdr rel skt Avg. CDTr-
ans [33] clp inf pnt qdr rel skt Avg.

clp - 27.2 53.1 13.2 71.2 53.3 43.6 clp - 29.4 57.2 26.0 72.6 58.1 48.7 clp - 33.8 60.2 19.4 75.8 59.8 49.8
inf 51.4 - 49.3 4.0 66.3 41.1 42.4 inf 57.0 - 54.4 12.8 69.5 48.4 48.4 inf 55.5 - 54.0 9.0 68.2 44.7 46.3
pnt 53.1 25.6 - 4.8 70.0 41.8 39.1 pnt 62.9 27.4 - 15.8 72.1 53.9 46.4 pnt 61.7 28.5 - 8.4 71.4 55.2 45.0
qdr 30.5 4.5 16.0 - 27.0 19.3 19.5 qdr 44.6 8.9 29.0 - 42.6 28.5 30.7 qdr 42.5 8.8 24.2 - 37.6 33.6 29.3
rel 58.4 29.0 60.0 6.0 - 45.8 39.9 rel 66.2 31.0 61.5 16.2 - 52.9 45.6 rel 69.9 37.1 66.0 10.1 - 58.9 48.4
skt 63.9 23.8 52.3 14.4 67.4 - 44.4 skt 69.0 29.6 59.0 27.2 72.5 - 51.5 skt 70.6 32.8 62.2 21.7 73.2 - 52.1
Avg. 51.5 22.0 46.1 8.5 60.4 40.3 38.1 Avg. 59.9 25.3 52.2 19.6 65.9 48.4 45.2 Avg. 60.0 28.2 53.3 13.7 65.3 50.4 45.2

PMTr-
ans [38] clp inf pnt qdr rel skt Avg. VFR

[11] clp inf pnt qdr rel skt Avg. SKD
[27] clp inf pnt qdr rel skt Avg.

clp - 33.8 60.2 19.4 75.8 59.8 49.8 clp - 70.2 72.4 73.1 75.5 74.9 73.2 clp - 52.7 72.0 36.3 85.1 71.5 63.5
inf 55.5 - 54.0 9.0 68.2 44.7 46.3 inf 54.8 - 54.6 50.8 56.1 56.2 54.5 inf 78.5 - 72.2 30.4 85.0 69.5 67.1
pnt 61.7 28.5 - 8.4 71.4 55.2 45.0 pnt 69.9 68.5 - 64.3 74.6 70.2 69.5 pnt 78.7 49.8 - 29.6 84.5 69.7 62.4
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