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Abstract

The recent growth of large foundation models that can easily generate pseudo-labels
for huge quantity of unlabeled data makes unsupervised Zero-Shot Cross-Domain Im-
age Retrieval (UZS-CDIR) less relevant. In this paper, we therefore turn our attention
to weakly supervised ZS-CDIR (WSZS-CDIR) with noisy pseudo labels generated by
large foundation models such as CLIP. To this end, we propose CLAIR to refine the noisy
pseudo-labels with a confidence score from the similarity between the CLIP text and im-
age features. Furthermore, we design inter-instance and inter-cluster contrastive losses
to encode images into a class-aware latent space, and an inter-domain contrastive loss to
alleviate domain discrepancies. We also learn a novel cross-domain mapping function in
closed-form, using only CLIP text embeddings to project image features from one do-
main to another, thereby further aligning the image features for retrieval. Finally, we en-
hance the zero-shot generalization ability of our CLAIR to handle novel categories by in-
troducing an extra set of learnable prompts. Extensive experiments are carried out using
TUBerlin, Sketchy, Quickdraw, and DomainNet zero-shot datasets, where our CLAIR
consistently shows superior performance compared to existing state-of-the-art methods.
We release our code at this https URL.

1 Introduction

Cross-Domain Image Retrieval (CDIR) is the task of retrieving images from a target domain
that are pertinent to a query image from a source domain. The vanilla CDIR setting relies
on supervised training with category labels and/or pairing annotations from both domains,
limiting its real-world applicability due to high annotation costs. Zero-shot CDIR [16, 23]
addresses this by training on a closed set of categories and generalizing to unseen ones at test
time. However, it still necessitates an annotated training set. Unsupervised CDIR [9, 29]
aims for label-free domain alignment, but its application is limited to a closed set of seen
categories, and is increasingly becoming obsolete with the availability of large foundation
models such as CLIP [21] that are capable of generating pseudo labels on large amounts of
unlabeled data.
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Figure 1: From left to right, CDIR assumes both class labels and paired images across
domains are provided during training. In UCDIR, class labels and paired annotations are no
longer available. ZS-UCDIR introduces new unseen classes during the test phase. The use
of foundation model converts the problem into WSZS-CDIR, where the model is trained
under weak supervision of noisy pseudo labels.

In view of these limitations, we investigate the problem of Weakly Supervised Zero-Shot
CDIR (WSZS-CDIR). As illustrated in Figure 1, this task is a variant of the recently pro-
posed Unsupervised Zero-Shot CDIR (UZS-CDIR) problem setting of image sketches [32]
(also known as Zero-Shot Sketch-Based Image Retrieval, i.e. ZS-SBIR) with two important
differences: 1) We aim to generalize our model across any domain instead of limiting to only
sketch image domain. 2) The existence of many large foundation models has significantly
reduced the difficulty in obtaining pseudo-labels for training. Consequently, we have con-
verted UZS-CDIR into a WSZS-CDIR problem. Nonetheless, several challenges remain :
1) The pseudo-labels generated from large foundation models tend to be extremely noisy. A
naive use of these noisy pseudo-labels to train the model cannot yield good performance. 2)
A robust method to extract semantic-aware and domain-invariant features for effective cross-
domain alignment is still needed. 3) A simple training on the pseudo-labels of the available
data limits the model to the class categories in the training data and does not give the model
zero-shot ability to generalize on unseen categories.

We propose CLAIR in this paper, which stands for CLIP-Aided Weakly Supervised
framework for Zero-Shot Cross-Domain Image Retrival. Our CLAIR leverages CLIP to
generate noisy pseudo-labels of the unlabeled training data from any two domains. We miti-
gate the noisy pseudo-labels issue by computing the confidence scores of the pseudo-labels
assigned to the training images in both query and target domains based on the similarity be-
tween their CLIP text and image features. To effectively align distinct image domains into a
shared class-aware latent space, we design inter-instance and inter-cluster contrastive losses
for encoding semantic features, and an inter-domain contrastive loss to alleviate domain
discrepancies. We further improve domain alignment by deriving a closed-form mapping
function using easily generated paired cross-domain CLIP text prompts and directly apply-
ing it to image features. Lastly, we enhance zero-shot generalization ability by concatenating
a set of learnable prompts [30] with image features into the encoder for training.

Our CLAIR framework undergoes end-to-end training that alternates between optimiz-
ing the parameters of the domain alignment encoder network and the pseudo-labels in a
refinement process. During inference, we pass images of both domains through the domain
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alignment encoder to obtain image features for ranking.
Our main contributions can be summarized as follows:

1. We introduce the problem setting of Weakly Supervised Zero-Shot Cross-Domain Im-
age Retrieval (WSZS-CDIR), and develop a novel framework CLAIR that tackles all
the challenges of this setting.

2. We propose a novel domain mapping function that requires no training images to re-
duce the domain gap.

3. We propose a multi-granular contrastive learning loss that minimizes feature distance
between semantically similar samples across instances, clusters and domains.

4. We validate the efficacy of our proposed framework with extensive experiments on the
TUBerlin Extended, Sketchy Extended, Quickdraw Extended and DomainNet Zero-
Shot datasets. The latter is a modified train/test split of DomainNet, specifically tai-
lored by us for the evaluation of zero-shot tasks spanning multiple domains.

2 Related Work

Unsupervised Cross-Domain Image Retrieval. [10] uses optimal transport to establish
paired domain correspondence. [9] combines cluster-wise contrastive loss and a cross-
domain distance of distance loss to reduce the domain gap, while [29] minimizes cross-
domain discrepancy of both classifiers by enforcing consistent predictions of the same im-
age. However, UCDIR approaches do not work under the zero-shot setting.

Zero-shot Sketch-based Image Retrieval. While early works relied on word embeddings
[5, 35], later approaches have moved away from such semantics. [11, 22] adopts test-time
training to improve domain alignment before inference. [16, 26] applied Vision Transform-
ers (ViTs) [6] to train a Zero-shot model. [23] is the first to utilize CLIP for ZS-SBIR tasks.
However, these approaches all require a training dataset with explicit categorical labels or
paired images across domains. More recently, [32] proposes self-distillation with DINO [19]
to tackle ZS-SBIR with an Unsupervised constraint (UZS-SBIR).

Contrastive Language Pre-training. CLIP [21] is a cross-modal visual-language foun-
dation model trained on a substantial dataset comprising approximately 400 million paired
samples. Its robustness and generalizability have been showcased in various downstream
applications such as Image Classification [2], ZS-SBIR [23], Zero-shot Semantic Segmenta-
tion [36], prompt-guided semantic editing [1], etc. We adopt CLIP to generate pseudo labels
for weak supervision and for zero-shot generalization across domains.

Prompt Learning. Fundamentally, the concept involves modifying inputs to add context to
foundation models, improving performance. [30] optimized a frozen model with learnable
prompts for specific tasks. [12] showed that adding a small amount of learnable prompts
boosts ViT performance across various downstream tasks. [7, 25] demonstrated the effi-
ciency of prompt-learning CLIP for Unsupervised Domain Adaptation (UDA). We integrate
prompt learning to improve our model’s ability to retrieve unseen classes.

3 Problem Definition

We follow the settings of UZS-CDIR. Given a query image 14 € R"*¢ from domain A,
our task is to retrieve images of the same category in domain B, where i is the index of
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Figure 2: An overview of our proposed CLAIR. Before training, CLIP is used to initialize
pseudo-labels. A Cross-domain mapping function Q42 provides initial feature alignment,
with parameters updated during training. Learnable prompts v are input along with images
to the domain alignment encoder Eg,, mirrored with a momentum encoder Eg, for training
stability. During training, Ey, is optimized using contrastive losses on multiple granualities,
guided by pseudo-labels and samples from the features X4, generated by Eg, . Pseudo-
labels are updated at every epoch end via a refinement loss supervised by X;4in, With gradient
scaling biased to unconfident labels. The prompts v and both Eg, and Eg, are shared across
domains. During inference, Eg, is used to produce image features. The framework is best
viewed in color.

the image. Different from the traditional zero-shot setting where training images from both
domains are labeled, our setting utilizes only the unlabeled training images Iﬁam = {IiA }f’: 1
and I8 . = {If }’]V:l, and the set of training categories names Y4, As defined in [18] for
CLIP-based zero-shot problems, we evaluate our model on novel categories, i.e., ¥rqin N
Yiest = . Additionally, training images across the two domains are unpaired. We convert
UZS-CDIR into WSZS-CDIR by generating noisy pseudo labels of the unlabeled training

data using CLIP.

4 Our Methodology

Fig. 2 shows an illustration of our CLAIR for WSZS-CDIR. Formally, we train a domain
alignment encoder Eg, : I; — x; € R¢ that projects images from both domains to a common
feature space. We denote yf € RX as the pseudo-label vector of the embedding vector x‘:‘ and
its corresponding image I{‘, where K is the number of classes in the training dataset. Eg, is
mirrored by a momentum encoder Eg, : [; — %; € R¢, whose weights are updated at the end
of every epoch by 6y <— m6y + (1 —m)6,, where m is a hyperparameter. It provides a stabler
set of embeddings to be used as loss supervision [4]. During inference, image features are
encoded using only Eg, .

4.1 Pseudo-Label Initialization

We employ CLIP text encoder E; to generate text embeddings {w j}le for the K training

classes, using the prompts { “A {domain} of a {class j}” le. For each image in each dataset,

its CLIP image embedding f; is obtained. The pseudo-label weights y; are then calculated
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The j-th element of y; is the cosine similarity score between the image /; corresponding
to the image embedding f; and the class text embedding w;. The set of vectors YA =
{yA} 1 € RV*K and Y8 = {y 1 € RM>K thus forms the weights of the pseudo-labels,and
the pseudo-label class ass1gnment ¥; can be obtained by taking the argmax of &(y;), where
o (+) is the Softmax operator.

4.2 Pseudo-Label Refinement

To refine the quality of pseudo-labels, we alternate training between updating the parameters
of Eg, and the pseudo-label weights [2]. Every epoch end, we fix our network and update

A and Y2 for n, steps using the Kullback-Leiber (KL) loss function. Specifically, we apply
the gradients for every y; €Y, i.e.:

yi < yi—y(yi)oVy,KL(c[&] | olyi]), (2
K
Hw; " c (vij—0.5)?
where £; = Jj} , and yi) = v exp | ——L 1 . 3
{ [l S 2y Vo {AWVZE 225 =1

We drop the domain superscripts in this section for brevity. In this loss function, o[%;]
and o[y;] are the target and predicted distributions respectively. £ is obtained by a cosine
similarity operation with the features X; in a memory bank encoded by Eg, and text embed-
dings w; in a similar process used to initialize y;. y/(y;) is a normal distribution function
of y; centered at 0.5, used to scale the loss gradients and maximize updating of the least-
confident parameters, i.e., those with values around 0.5. ¢y, and Ay, are hyperparameters that
correspond to the weight and the standard deviation of y/(y;) respectively.

Subsequently, we fix Y4 and Y2 to use as supervision for training Eg,. For symmetry, we
include Lgz, which flips the inputs of the KL loss. This alternation of model training and
pseudo-label refinement continues until convergence or upon reaching the maximum number
of epochs.

4.3 Multi-Granular Contrastive Losses

We propose a multi-granular contrastive learning approach to align features on three levels
of granularity using the pseudo-labels as supervision. On an instance-level, we apply the
standard contrastive loss from [3]:

Zl exp (x; x}/7T) @

II s
|I‘ icl Y sc1€xp (xi xa/f)

where x; and x; are features vectors of different augmentations of /; encoded by Ey,, while %,
represents feature vector in the memory bank encoded by Eg,. 7 is an adjustable temperature
hyperparameter. We denote I as indices of the entire training dataset for one domain, and |I|
as its cardinality.

To ensure that our model learns more semantically meaningful features, we extend con-
trastive loss to the cluster level. We form positive pairs between instances of the same cluster
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within a domain, where each cluster contains samples of the same pseudo-labels. We define
the inter-cluster loss on domain A as:

—1
‘C/IAC ‘IA| ZA |PA( )| ()Cl“,)(;,xg)? (Sa)
el
where oA Y log exp (X?’Tig/f) 5b)
peri() [ aemexp (i /)]

To help bridge the domain gap, we further extend the loss function to the domain level. We
form positive pairs between instances of the same cluster across domains. We define the
inter-domain loss on domain A as:

A -1
L‘ID |IA| ZIA |PB( )|DA(X7\axlg7xg) (6a)
where DA — Z log exp( x%/ ) (6b)
pePB(i) ZaeIBeXp(' xB/T)

Here, P(i) represents the indices for the set of samples belonging to the same assigned
pseudo-class as I;, and |P(i)| as its cardinality. Specifically, for an image /# from domain A,
PA()={pecI? :i‘; =#}and PP(i)={pecI® :yﬁ =1}, £ and L5, can be calculated
in the same way.

For every loss objective, we average the loss between domains, i.e. £ = O.S(CA + LB )s
thus forming our full training objective:

Liotal = Wk Lxr +wiu Ly +wicLic+wipLip, @)

where wg, wyr, wic, and wyp are hyperparameters to balance the loss terms.

4.4 Cross-Domain Mapping Function

While paired cross-domain images are not available, it is trivial to generate paired text em-
beddings using prompt templates. We make the assumption that embeddings of domain-
specific prompt templates are a good approximation for their image counterparts, and there-
fore a mapping function obtained from the text embeddings would work on the image em-

beddings:
ot =wf — Qt =45, ®)

where Q is a transformation matrix that maps features from one domain to another. Paired
text embeddings w* and w? can be obtained from encoding the text template “A {domain}
of {object}” using text encoder E;. For example, “An infograph of an airplane” is paired
with “A photo of an airplane”. Using internet-sourced object names, we create 3,000 text
embeddings pairs for each domain pair. If Q is assumed to be orthogonal, then the optimal
solution argming || Qw” — w?B||? can be solved in closed-form:

Q=uv', 9

where UZV T is the decomposition of wPwA T [24]. Q can be directly inserted into our model
even before training to improve performance. We found empirically that allowing the pa-
rameters of Q update along with the rest of the model during training yields better results. It
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should be noted that the cross-domain mapping function improves cross-domain alignment
without being adversely affected by noisy pseudo labels since it is learned fully from text
embeddings.

4.5 Prompt Learning

To handle unseen categories and prevent catastrophic forgetting, we follow [23] to freeze all
layers of our CLIP-pretrained domain alignment encoder except for the Layer Norm layers.
A set of learnable prompts v € R"?*% is then concatenated with image features from both
domains for knowledge distillation and preserving the generalization ability of CLIP. n,
and d,, are hyperparameters that correspond to the number and dimensionality of prompts
respectively.

The remaining trainable parameters of Eg, and v are updated using the loss functions
described in the above sections. Limiting the training to a smaller subset of features has the
added benefit of expediting convergence, leading to reduced overall training time.

In summary, we integrate CLIP extensively into our framework, encompassing pseudo-
label initialization, multi-granular contrastive losses, the approximation of a no-train domain-
aligning mapping function, and prompt learning. Detailed descriptions of our hyperparame-
ter tuning strategy can be found in the supplementary material.

5 Experiments

5.1 Dataset

We evaluate on the established ZS-SBIR datasets Sketchy Extended [17], TUBerlin Ex-
tended [34] and QuickDraw Extended [5], and follow [31] by reporting Precision scores
for Sketch to Image domain. Additionally, we propose DomainNet Zero-Shot, a subset
of DomainNet [20] which spans across 6 domains (Clipart (C), Infograph (I), Sketch (S),
Quickdraw (Q), Painting (P) and Real (R)) and shares the same 345 categories as the origi-
nal Quickdraw dataset [8]. Thus, we follow [5] and split DomainNet into the same train/test
split, resulting in over 200,000 samples across 6 domains. Following [9], we report results
on 6 domain pairings: C-S, I-R, I-S, P-C, P-Q and Q-R, ensuring that every domain is ex-
perimented on twice, and retrieval is evaluated bidirectionally (i.e. C—S and S—C). We plot
the distribution of images across classes and domains for visualization in the supplementary
material. Finally, we randomly sample approximately 12 samples per training category for
every dataset, which we set aside as a validation dataset.

5.2 Implementation Details

Our proposed approach is implemented in PyTorch on a 24GB NVIDIA RTX 4090 GPU.
For both initializing the pseudo-labels and warm-starting our backbone encoder, we use the
ViT encoder of CLIP with ViT-B/32 weights. Only the prompts and the weights of Layer
Normalization layers in Eg, are set to update in training. These parameters are trained with a
SGD optimizer with learning rate set to 0.0002, applied with a cosine learning rate schedule
that gradually reduces it to 0, and with early stopping employed for regularization. Following
[23], we inject our prompts v € R'9%768 into the first layer of the transformer, and use the
same encoder and prompts for both domain inputs. Resizing all images to 224 x 224 pixels,
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) Sketchy TUBerlin = Quickdraw Sketchy TUBerlin ~ Quickdraw
Setting Method par00  P@100  P@200 Setting Method  He200  P@100  P@200
CDS[13] 2499 18.58 6.49 TCN [27] 60.8 61.6 29.8
PCS[33]  13.29 13.89 3.65 TVT[26] 618 66.2 293
CoDA[29]  17.02 15.85 5.15 PSKD [ViT] [28]  64.5 66.2 29.8
US ZS CLIP-UCDIR [9]  40.63 38.75 8.90 Sketch3T [22] 64.8 67.1 -
Vanilla CLIP [21]  35.01 45.40 8.42 FSZS ZSE-SBIR[16] 6240 6570 21.60
AMA[32] 5850  59.20 19.20 SketchLVM [23] 7250  73.20 38.80
wszs CLAIR-A(Qurs-A) 6464 TLI7 21.49 DrCLIP[15] 7060 76.30 31.20
CLAIR-B (Ours-B)  65.74 72.11 23.07 DCDL [14]  76.90 74.10 29.60

Table 1: Experimental results on the Zero-Shot test splits of Sketchy Extended, TUBerlin
Extended and QuickDraw Extended datasets. Bold represent best results. Unsupervised
Zero-Shot (US ZS): The model is trained with unlabeled images. Weakly Supervised Zero-
Shot (WS ZS): The model is trained with noisy pseudo labels generated from CLIP. Fully
Supervised Zero-Shot (WS ZS): The model is trained with image labels as supervision.
CLAIR-A uses the same hyperparameters across all experiments while CLAIR-B follows
AMA to tune hyperparameters on Sketchy. More details on our baseline methods can be
found in the supplementary section.

DomainNet Zero-Shot
Method C—S S—C I=-R R—=I I=-S S—=I P—=C C—=P P—=Q Q=P Q—R R—=Q Avg

CDS [13] 36.64 39.07 3826 2461 2451 1827 3787 39.68 827 11.28 1260 8.14 2493
PCS[33] 3437 30.71 1785 3437 1799 1759 3572 2635 838 6.55 1382 1195 21.30

CoDA [29] 30.65 3285 3531 1822 19.67 15.06 2937 3330 599 722 799 6.49  20.18
CLIP-UCDIR [9] 4243 41.06 21.02 2473 2835 3502 4325 4232 931 1027 10.68 9.78 2652
Vanilla CLIP [21] 67.07 63.57 56.62 4124 49.13 2850 61.00 5144 3445 950 841 3839 4244
CLAIR-A (Ours) 81.61 76.24 56.79 68.92 51.53 60.34 74.73 81.19 4493 2624 2632 51.14 5833

Table 2: Precision at top 50 (%) on the Zero-shot test splits of all domain pairings in the
DomainNet Zero-Shot dataset, compared against Unsupervised baselines. Domains: C -
Clipart, S - Sketch, I - Infograph, P - Painting, Q - Quickdraw, R - Real.

we train our model with a batch size of 64 for 25 epochs, and it maps the input image into
a feature space x € R%. With the reduced learnable parameters, we observed quick training
convergence: 9.5 GB RAM and 21 minutes across all DomainNet Zero-Shot pairings, and
2.1 GB RAM and 25 seconds for inference.

5.3 Evaluation Metrics

As our objective involves category-level image retrieval, we adopt the evaluation metrics
from [9, 13] and calculate precision at the top k retrievals (P@k) for all samples across all
classes. We report P@100 for TUBerlin Extended and P@200 for Sketchy Extended and
Quickdraw Extended datasets, aligning with ZS-SBIR literature. For DomainNet Zero-Shot,
we report P@50 scores bidirectionally for each domain pair. Specifically, for two domains
A and B, scores are reported with A as the query domain and B as the target domain and
vice versa. In a similar vein with recent UCDIR works, we provide additional P@ 100 and
P@200 scores, as well as Precision-Recall curves for all DomainNet Zero-Shot experiments
in the supplementary material.
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Method C—S S—C I—R R—=I Ablation Experiment Avg. P@50
w/o mapping  67.07  63.57 56.61 41.24 Full model 57.52
w/ mapping  70.36 69.46 59.48 55.81 wlo prompt 53.40
Method I—»S S—I P—=C C—P w/o mapping 54.68
w/o refinement 51.62
w/o mapping  49.13 28.50 61.00 51.44 wlo freeze 50.64
w/ mapping ~ 52.67 42.61 66.26 69.73 (i) Leave one out w/o L1 56.51
Method P»Q Q—P Q—R R—Q wlo Ly 55.44
. wlo Ljc 54.50
w/o mapping ~ 34.45 9.50 8.42 38.39 wio Lip 50.11

w/ mapping ~ 36.71 12.87 10.78 40.48 -

- - - - . . Full expanded list 55.24
Average P@50 Without mapping ~ With mapping (if) Expanded class list g 1,qe training class names 54.56
42.44 48.93 (iii) In the wild dataset ~Mismatched categories 57.09

Table 3: [Left] Effect of cross-domain mapping function on image retrieval using Vanilla
CLIP. [Right] The combined table of three ablation studies: (i) significance of each com-
ponent, (ii) effect of using training class names to initialize pseudo-labels, (iii) impact of
having mismatched classes between domains. P@50 scores are averaged across all domain
pairings from the DomainNet Zero-Shot dataset.

5.4 Results

Table 1 shows that our proposed CLAIR outperforms AMA on all comparable datasets, thus
validating our methodology. Additionally, table 2 demonstrates the generalizability of our
CLAIR, surpassing all Unsupervised baselines on every domain pair from the DomainNet
Zero-Shot dataset. Notably, both our CLAIR and CLIP-UCDIR initiate training with iden-
tical weights inherited from Vanilla CLIP. The performance of CLIP-UCDIR declines after
fine-tuning, reminiscent of catastrophic forgetting. In comparison, our model improves on
Vanilla CLIP by 15.89% on average in terms of P@50 on all datasets. Some qualitative re-
sults (including failure cases) are illustrated in the supplementary material. We observe that
most of the top images, even the false positives, retrieved by our method resemble the query
image in likeliness. In fact, several false positives are due to images containing multiple
objects (e.g. a monkey on a tree) but are only assigned one class, illustrating the limitation
of the single-label nature of the dataset.

An interesting observation arises when considering the performance of CLIP in scenarios
where Quickdraw serves as the query domain. Consisting of a large amount of rudimentary
drawn doodles, the high level of abstraction presents a significant domain gap. Consequently,
CLIP faces challenges in such contexts. In comparison, our CLAIR not only mitigates these
challenges but also demonstrates substantial improvement over CLIP in such domain pair-
ings by an average P@50 score of 14.65%, 16.7% and 17.9% on the QuickDraw extended
dataset, and the Q — P and Q — R pairings of the DomainNet Zero-Shot dataset, respec-
tively. This performance differential signifies the robustness of our training approach in
addressing domain-specific intricacies and optimizing retrieval accuracy.

5.5 Ablation Study

Influence of the Cross-Domain Mapping Function. Table 3 shows the impact of the
cross-domain mapping function Q. The inclusion of Q improves performance of Vanilla
CLIP on all DomainNet Zero-Shot pairs by an average of 6.49%. This affirms that a mapping
function derived solely from domain-specific text prompts without exposure to any training
images enhances retrieval scores within their respective image domains, and aligns with our
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objective of initializing the model with a closed-form solution to mitigate the domain gap
prior to training.

Performance contribution of components. Table 3 accesses the impact of each module
on the performance of our model by systematically excluding one component at a time.
The results validate our design choices in the model architecture, where every component
contributed to its performance. Moreover, it also shows the removal of a single component
does not make training fail catastrophically. Of all the components, the most significant
ones are the inter-domain contrastive loss and the freezing of CLIP weights, elevating P@50
accuracy from 50.11% and 50.64% to 57.52%, respectively.

Impact of using training class names. CLAIR makes use of the training category names
to initialize pseudo-labels. To assess the potential bias introduced by using the category
names, we propose an alternate source and generate the pseudo labels using the 3000 object
names used to solve the cross-domain mapping function. To ensure a zero-shot setting, the
test category names are excluded from the expanded list. Additionally, we further exclude
all training classes from this expanded list to evaluate the impact of its inclusion during
training. Table 3 shows that having the names of training classes is helpful but not essential.
Expanding the pseudo-label list of classes and excluding the training labels specifically only
leads to a performance degradation of 2.28% and 2.96% respectively. Notably, these scores
still outperform all other unsupervised baselines.

Assessment on mismatched categories. The datasets used in our evaluation all share the
same classes across domains. This assumption may not hold for more realistic, or ‘in-the-
wild’ datasets, especially for unsupervised tasks. To assess this impact on our proposed
method, we further subset the train split of the DomainNet Zero-Shot dataset into two groups,
with 60 classes in each group. Each domain consists of 20 unique classes not found in the
other domain, with the remaining 40 classes shared. Naturally, these class distributions
are not known by our model during training. We observe from table 3 that performance
degradation is almost negligible (0.43%), which means that our model can perform well
even if the categories in the query and target domains are mismatched.

6 Conclusion

In this paper, we propose the problem setting of Weakly Supervised Zero-Shot Cross-Domain
Image Retrieval (WSZS-CDIR) to alleviate the burden of human annotation and enable re-
trieval on any novel categories, and introduce CLAIR to solve this task. Our CLAIR first uses
CLIP to generate noisy pseudo-labels which we then refine iteratively alongside a domain-
aligned feature encoder throughout the training process. To enhance cross-domain image
alignment, we propose a novel contrastive learning strategy that strategically selects posi-
tive and negative pairs at various levels of granularity, ranging from inter-instance samples
to inter-domain clusters. We also design an effective cross-domain mapping function that
is unaffected by noisy pseudo-labels to further improve the alignment of features across
domains. Experimental results on the Sketchy Extended, TUBerlin Extended, QuickDraw
Extended and DomainNet Zero-Shot datasets demonstrate the superiority of our CLAIR over
baseline approaches for every domain pairing.
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