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Abstract

Unsupervised domain adaptive hashing is a highly promising
research direction within the field of retrieval. It aims to trans-
fer valuable insights from the source domain to the target do-
main while maintaining high storage and retrieval efficiency.
Despite its potential, this field remains relatively unexplored.
Previous methods usually lead to unsatisfactory retrieval per-
formance, as they frequently directly apply slightly modified
domain adaptation algorithms to hash learning framework, or
pursue domain alignment within the Hamming space char-
acterized by limited semantic information. In this paper, we
propose a simple yet effective approach named Comparative
Prototype Hashing (CPH) for unsupervised domain adaptive
image retrieval. We establish a domain-shared unit hyper-
sphere space through prototype contrastive learning and then
obtain the Hamming hypersphere space via mapping from
the shared hypersphere. This strategy achieves a cohesive
synergy between learning uniformly distributed and category
conflict-averse feature representations, eliminating domain
discrepancies, and facilitating hash code learning. Moreover,
by leveraging dual-domain information to supervise the en-
tire hashing model training process, we can generate hash
codes that retain inter-sample similarity relationships within
both domains. Experimental results validate that our CPH sig-
nificantly outperforms the state-of-the-art counterparts across
multiple cross-domain and single-domain retrieval tasks. No-
tably, on Office-Home and Office-31 datasets, CPH achieves
an average performance improvement of 19.29% and 13.85%
on cross-domain retrieval tasks compared to the second-best
results, respectively. The source codes of our method are
available at: https://github.com/christinecui/CPH.

Introduction

The efficacy of hashing technique in the field of retrieval has
been firmly established through extensive research (Wang
et al. 2016, 2018; Zhu et al. 2024). While hashing offers
inherent advantages in terms of data storage and retrieval ef-
ficiency, it frequently encounters challenges when aiming to
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achieve satisfactory retrieval performance in real-world un-
supervised scenarios. This is primarily due to the absence of
semantic information that guides the hashing model in learn-
ing similarity-preserving hash codes. Transferring valuable
knowledge from relevant and labeled data (referred to as
source domain) to enhance the retrieval performance of cur-
rent unsupervised hashing models stands as a sensible and
promising strategy.

However, the formulation mentioned above encounters a
critical issue: the distribution of the source domain and the
current dataset (referred to as the target domain) may di-
verge. Directly applying the model trained on the source do-
main to the target domain might lead to a significant perfor-
mance degradation. This concern is confirmed by the results
from the well-known domain adaptation method DANN
(Ganin and Lempitsky 2015). The model trained on the
MNIST dataset achieves a remarkable classification accu-
racy of 95.96% on MNIST itself. However, when this iden-
tical model is applied to the MNIST-M dataset, its classi-
fication accuracy plummets to 52.25%. In response to this
challenge, the concept of domain adaptation emerged as a
solution (Tzeng et al. 2015; Sun, Feng, and Saenko 2016;
Zhang, Li, and Ogunbona 2017). Its objective is to bridge the
disparities in domain distributions and facilitate the transfer
of valuable knowledge across distinct domains. As a conse-
quence, this concept contributes to improving performance
within the target domain.

Currently, only a limited number of unsupervised domain
adaptive hashing methods have been proposed (Zhou et al.
2018; Liu and Zhang 2019; Huang, Zhang, and Gao 2022).
Regrettably, none of them have managed to achieve a satis-
factory level of retrieval performance. This is demonstrated
by the results obtained from the pioneering approach PWCF
(Huang et al. 2020), where the mAP values across six cross-
domain retrieval tasks on Office-Home dataset barely reach
around 30%. Such results raise questions regarding whether
PWCEF effectively transfers knowledge from the source do-
main to the target domain. Even the most recent method,
DANCE (Wang et al. 2023b), does not surpass an average
retrieval performance of 50% on Office-Home. Thus, the
primary objective of this paper is to enhance the retrieval
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performance of unsupervised domain adaptive hashing, en-
compassing both cross-domain and single-domain retrieval
tasks.

After a thorough analysis of the existing unsupervised do-
main adaptive hashing methods, we have discovered that
early methods overly relied on general domain adaptation
paradigms, leading to a lack of effective integration between
domain adaptation and hash learning. For example, DAH
(Venkateswara et al. 2017a) and the well-regarded domain
adaptation method DAN (Long et al. 2015) exhibit a sig-
nificant degree of similarity. The only distinctions are that
DAH substitutes the final layer of DAN with a hash layer and
employs a commonly used negative log-likelihood function
in hash learning to train its model. DAH-IGAN (He et al.
2019) incorporates the GAN concept from DANN (Ganin
and Lempitsky 2015) into its hashing framework, training
the model by simultaneously maximizing the domain dis-
criminator loss and minimizing the label predictor loss in a
manner similar to DANN. In the past two years, methods
have shifted their focus towards generating reliable pseudo-
labels for the target domain, which in turn guide the learn-
ing process of hashing models, such as DHLing (Xia et al.
2021), PEACE (Wang et al. 2023a), and DANCE. However,
these approaches share a common characteristic: they per-
form domain alignment in the Hamming space. Since the
dimension of the Hamming space is usually much smaller
than that of the feature space, conducting domain alignment
in the Hamming space may lead to the loss of the rich se-
mantic information embedded in the original samples. As
a consequence, this has the potential to impact the ultimate
retrieval performance of domain adaptive hashing.

Different from methods mentioned above, we propose a
simple yet effective method, dubbed as Comparative Pro-
totype Hashing (CPH). The core idea of CPH is to estab-
lish a domain-shared unit hypersphere space correspond-
ing to the Hamming space of hash codes. Specifically, CPH
maximizes the distance between prototypes belonging to
different categories, thus encouraging a uniform distribu-
tion of features on the hypersphere of feature space and
avoiding category conflict. Additionally, by aligning pro-
totypes from both the source and target domains, CPH en-
hances the compactness of feature representations for sam-
ples within the same category across both domains. This
prototype-based comparative learning not only promotes do-
main alignment but also advances the learning of discrimina-
tive feature representations, potentially transforming the re-
lationships between samples from the source and target do-
mains into relationships between prototypes. Besides, CPH
incorporates the relation preservation and quantization from
both domains into the hash learning framework. Empow-
ered by these strategies, CPH effectively learn discrimina-
tive hash codes, resulting in a substantial enhancement in re-
trieval performance across cross-domain and single-domain
retrieval tasks. The workflow of our approach is illustrated
in Figure 1, and the primary contributions of our method can
be summarized as follows:

* We seamlessly integrate domain adaptation and hash

learning within a straightforward framework utilizing a

domain-shared unit hypersphere space, resulting in a sig-
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nificant enhancement of retrieval performance in the con-
text of unsupervised domain adaptive hashing.

* Technically, we perform prototype comparative learning
to obtain the domain-shared space, and map this space
into a Hamming space under the constraints of semantic
relations and quantization in both the source and target
domains.

* Extensive experimental results demonstrate that the pro-
posed CPH method outperforms state-of-the-art unsuper-
vised domain adaptive hashing methods in terms of re-
trieval accuracy, both in single-domain and cross-domain
scenarios. Particularly, when compared to the second-
best results on Office-Home and Office-31 databases,
the average improvement in cross-domain retrieval is
19.29% and 13.85%.

Related Work
Learning to Hash

Hashing aims to learn hash functions that encode high-
dimensional data into binary hash codes while maintaining
semantic relationships. It offers advantageous attributes in
terms of data storage efficiency and retrieval speed, which
has consequently garnered significant attention (Zhu et al.
2020; Lu et al. 2019; Cui et al. 2020, 2021). Hashing can be
broadly categorized based on its reliance on semantic labels:
unsupervised hashing and supervised hashing. Supervised
hashing methods utilize explicit labels as supervised infor-
mation to learn discriminative hash codes. Examples include
SDH (Shen et al. 2015), DSRH (Zhao et al. 2015), NINH
(Lai et al. 2015) and DPSH (Li, Wang, and Kang 2016).
However, despite their capability to achieve commendable
performance, the substantial cost associated with annotating
labels poses a significant obstacle to their scalability. In con-
trast, unsupervised hashing methods exhibit superior scal-
ability compared to their supervised counterparts since they
are independent of semantic labels. As a result, unsupervised
hashing stands as a suitable solution for practical retrieval
systems. Representative approaches in this category include
LSH (Gionis, Indyk, and Motwani 1999), ITQ (Gong et al.
2013), SGH (Jiang and Li 2015), and GraphBit (Wang et al.
2023c). Nonetheless, the absence of explicit semantic label
supervision in unsupervised scenarios can potentially limit
the discriminative capability of hash codes, thereby under-
mining overall retrieval performance. This situation under-
scores the pressing need for cost-effective alternatives to
manual annotation, which can serve as viable sources of se-
mantic supervision in hashing.

Unsupervised Domain Adaptation

Unsupervised domain adaptation aims to transfer knowledge
acquired from a well-labeled source domain to a different
yet related target domain where labeled data is unavailable
(Pan and Yang 2010; Wang and Deng 2018; Xu et al. 2020).
In this field, mainstream methods can be primarily catego-
rized into two types: metric learning-based methods and ad-
versarial learning-based methods. The former mitigates dis-
tribution gaps by minimizing statistical criteria. Represen-
tative approaches includes DAN (Long et al. 2015), RTN



Source Domain

MLP

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Fr————

Prototype
Contrastive Loss

2

|

| :

Pl Jl
g ISource Features|

E L>HashEncoder

L N ieg ]

Domain-shared
Hypersphere Space

Relation L — _
Preservation Loss

Source Hash Codes

Similarity

b Relationships
£ 2
® 2

/! Quantization s e

Loss g- ;_,'.

S
-° d
o
a

Hammmg
Space

Target Hash Codes

Figure 1: The workflow of the proposed PCH method.

(Long et al. 2016), JAN (Long et al. 2017), and CGDM
(Du et al. 2021). The latter employs a domain classifier to
distinguish whether a sample originates from the source or
the target domain, while concurrently encouraging the fea-
ture generation network to extract domain-invariant repre-
sentations through a two-player mini-max game. Notewor-
thy instances in this category include DANN (Ganin and
Lempitsky 2015), ADDA (Tzeng et al. 2017), and AAA (Li
et al. 2022). The domain adaptation field is continuously
and vigorously evolving, potentially giving rise to a plethora
of novel methodologies and concepts in the foreseeable fu-
ture, along with fostering more extensive combinations with
downstream tasks.

Domain Adaptive Hashing

Over the last decade, a handful of domain adaptive hashing
methods have emerged. Initial approaches are grounded in
machine learning principles, such as LapITQ+ (Zhou et al.
2018), GTH (Liu and Zhang 2019), PWCF (Huang et al.
2020), and DAPH (Huang, Zhang, and Gao 2022). These
methods commonly utilize distribution metrics to generate
domain-invariant features. With the rise of deep learning,
recent approaches have shifted towards deep learning-based
domain adaptive hashing (Venkateswara et al. 2017a; Xia
et al. 2021; Wang et al. 2023a,b). The strategies for domain
adaptation have progressively expanded to encompass ad-
versarial learning, construction of domain classifiers, param-
eter sharing across networks, alignment of pseudo-labels,
and more. However, none of these methods have achieved
satisfactory performance. They heavily relied on general do-
main adaptation paradigms, struggling to effectively inte-
grate domain adaptation and hash learning. Enhancing the
retrieval performance of domain adaptive hashing remains a
compelling pursuit.

Methodology
Problem Definition

Assuming that we have a labeled source domain D° =
{(xF,y8)}i=, with n, samples and an unlabeled target do-
main D' = {(x})}, with n; samples. D* and D" ex-
hibit distinct data distributions while sharing a common la-
bel space Y = {1,2,---,C}. Our goal is to transfer knowl-
edge from the source domain D? to assist the target domain
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D? in learning a hashing model that generates similarity-
preserving hash codes B! = [bl,-- -, bl | € {—1,1}"*",
where 7 is the length of the hash code. For single domain
retrieval, we investigate the retrieval system in which both
queries and databases originate from the target domain D?.
In the context of cross-domain retrieval, we seek samples
from the source domain D? that possess similar semantics
to the given queries from the target domain D?.

Prototype Contrastive Learning

Previous studies have demonstrated the noteworthy progress
in hash learning via contrastive learning (Qiu et al. 2021;
Luo et al. 2021; Wang et al. 2022, 2023b). However, many of
these methods consider instance-level contrastive learning,
wherein samples other than the augmented view of the cur-
rent sample within the same batch are considered as negative
samples. These negative samples may inevitably lead to the
category collision issue. Additionally, they usually directly
apply the contrastive loss to hash codes, lacking the ability to
effectively incorporate the semantic content inherent in the
samples. To address these concerns, we conduct category-
level contrastive learning based on a domain-shared feature
representation space. By treating prototypes from the same
category in both source and target domains as positive pairs,
and those from different categories as negative pairs, we fa-
cilitate the alignment of the source and target domains in the
shared feature space. Furthermore, this approach enables si-
multaneous learning of uniform, conflict-averse feature rep-
resentations across both domains.

To achieve the aforementioned objectives, we first calcu-
late the source prototype codes based on the source labels.
The learning process for the prototype code of the c-th cate-
gory (c € ) can be described as follows:

e SUfLr=q . bl
C Xl w=9 """ pily’
where f represents the feature representation of the source
domain sample in the shared feature space. This feature rep-

resentation is obtained using a Multi-Layer Perceptron ar-
chitecture MLP(-; 6,,,) as follows:

£ = MLP (x7;6,p) - 2)

Here, 0, denotes the trainable parameters. 1(-) acts as an
indicator function that returns 1 if the argument is true and 0

(D
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otherwise. It’s important to note that p; represents the pro-
totype code that considers all training data from D?®. Dur-
ing the training process, p: is initialized using the prototype
code learned from the first epoch. Subsequently, in each suc-
cessive epoch, p; is updated based on the sampled data.

Subsequently, we obtain pseudo-labels for the target data
using a nearest source prototype approach. To be precise, the
pseudo-label for the j-th target sample is obtained through
the following process:

g; = argmax cos (f;, pf,) , 3)
where cos(-) signifies the cosine similarity function.

After obtaining pseudo-labels for target domain samples,
we can proceed to deduce the target prototype codes, ap-
plying a method similar to that used for source prototypes.
Specifically, the prototype code for the c-th category in the

target domain is determined by the following process:

G SiELG=
T (=0 P et

Likewise, p!, undergoes updates during each epoch.

We leverage prototypes from both the source and tar-
get domains to facilitate prototype adaptation through con-
trastive learning. Specifically, within the shared feature rep-
resentation space, we possess C' prototypes from the source
domain, denoted as {p3,...,p&}, as well as an analogous
set of C' prototypes from the target domain, represented
as {pt,...,p5}. Our approach designs a Prototype Con-
trastive Loss (PCL), which is formulated as follows:
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(6)
Based on the analysis presented in ProPos (Huang et al.
2023), it has been determined that Eq. (5) can be approxi-
mated through the prototypical alignment and prototypical
uniformity outlined in Eq. (6). This theoretical validation
supports the simultaneous acquisition of uniform and cat-
egory conflict-averse feature representations across both do-
mains by our method. Additionally, this strategy implicitly
transforms the fundamental relationships among samples
into relationships among prototypes. As these learned pro-
totypes offer greater discrimination than the original sample
features, they further enhance our subsequent unsupervised
domain adaptive hashing learning.

Hash Code Learning

To achieve the core essence of hashing, we preserve the
inherent relationships among samples into the hash codes.
As our prototypical contrastive learning ensures that feature
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representations are uniformly distributed on a unit hyper-
sphere, we consequently opt to maintain the similarity be-
tween samples in this feature space into the hash codes.
Firstly, given that we possess the labels from the source
domain, a logical step is to utilize them for directly guiding
our hash learning process. This can be formalized as follows:

Lo = ||7S° — cos(H, H?)||7.. (7)

Here, n stands for the scaling factor, S° signifies the
similarity matrix computed by the source labels. H® =
[h‘{, . -,hf’ls] € R™*" corresponds to the relaxed hash
codes of the source domain, which are generated by our
HashEncoder. For the i-th source sample, h is computed
as follows:

h; = HashEncoder (f7; 0q51) ,

where 0y, denotes the trainable parameters.

Secondly, to transfer knowledge from the source domain
to the target domain and engage in unsupervised domain
adaptive hash learning, we enforce the constraint that similar
features in the domain-shared feature representation space
of both domains should generate corresponding hash codes.
This can be expressed as follows:

()

Lyeiz = ||cos(F*, F") — cos(H?, Ht)H2F . )
Here, F* = [ff,--f:] € R™* and H* =
[hi, - h ] € R™*" with + € {s,t}. They are pro-

duced using* MLP(:; 0,n1,) and HashEncoder(+; 0p,q51),
respectively.

By combining Eq. (7) and Eq. (9), we formulate our Re-
lation Preservation Loss (RPL) as follows:

Lrpr =YLre1 + (1 —7)Lrer2, (10)

where v serves as the fusion factor that balances the impor-
tance of each term. With this, we successfully integrate the
relationships between samples from both domains into our
hash learning framework.

To ensure that the relaxed hash codes approximate the bi-
nary hash codes, we apply a quantization process to the hash
codes for both domains. The formulation of our Quantiza-
tion Loss (QL) is as follows:

Y

where B* = sgn(H*) b1, by,] € {—1,1}*"
represents the binary hash codes. sgn(+) is the element-wise
sign function that returns 1 if the element is positive and
returns —1 otherwise.

Finally, we establish the overall objective function for our
CPH as follows:

min £ = M Lpcr + X Lor + A3LrpL,

1 1 . ;
Lor =B~ H'|[p + 5 B~ H[[£.

12)

where A1, Ao, \3 are trade-off parameters.

Out of Sample Extension

After undergoing several rounds of iterative optimizations,
our CPH model is thoroughly trained, resulting in the attain-
ment of optimal network parameters. Subsequently, for any



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Method Office-Home Office-31
A—R R—A C—R R—C P—R R—P A—D A—W | D—»A | D—»W W—A W—D
LSH 11.49 11.45 6.94 7.24 12.24 13.45 16.04 15.35 13.60 43.99 14.67 38.80
1TQ 25.88 25.37 14.83 14.92 26.81 28.19 29.55 28.53 26.83 58.89 25.09 58.00
DSH 9.69 9.67 5.47 5.28 8.49 8.26 16.66 15.09 16.33 41.07 13.58 39.24
SGH 22.93 22.53 13.62 13.51 24.51 25.73 24.98 22.47 22.17 56.36 20.52 53.94
GraphBit 18.18 16.87 11.51 10.81 18.91 21.32 24.48 23.12 22.09 53.82 21.34 51.43
ITQ+ - 14.25 9.55 - 17.61 - 17.99 15.00 - - - 42.29
GTH-g 16.95 17.54 8.46 11.88 17.82 18.57 30.85 18.44 21.99 48.48 20.02 50.23
GTH-h 18.67 16.25 8.39 11.61 19.91 18.82 31.86 18.27 21.62 48.08 19.70 47.58
PWCF 34.57 28.95 24.22 18.42 34.03 34.44 39.78 34.86 35.12 7291 35.01 67.94
DAPH 21.19 22.28 13.25 12.26 26.61 24.26 29.60 22.94 25.48 60.67 2431 45.42
PEACE 45.97 42.68 38.72 28.36 53.04 54.39 46.69 48.89 46.91 83.18 46.95 78.82
DANCE 44.53 43.54 39.03 28.87 53.73 55.14 44,78 47.66 46.68 84.75 48.61 78.39
Ours 71.18 63.28 58.65 42.84 71.27 74.77 68.37 60.61 52.84 95.88 60.14 99.90
Imp. 12521 | 11974 | 119.62 | 1397 | 11754 | 119.63 | 1121.68 | T11.72 | 1593 | 1 11.13 | T+11.53 | 121.08

Avg. 119.29 113.85

Table 1: Cross-domain retrieval performance comparison with baselines on Office-Home and Office-31. The best result in each
column is marked in bold. The second best result in each column is underlined.

given target query sample, we can employ the trained model
to generate its corresponding binary code. This procedure
is neatly summarized in the following forward propagation
sequence:

LY NILP (xg) — HashEncoder (xfz) outpyt hfl
(13)
Finally, by employing a straightforward quantization ap-
proach, the hash code bfz for the given target query sample

t
Xq

Xq

can be derived as follows: b, = sgn (h!) .

Experiment
Experimental Dataset

We conduct experiments on three publicly available datasets
to validate the performance of our method, namely Office-
Home (Venkateswara et al. 2017b), Office-31 (Saenko et al.
2010), and Digits (Wang et al. 2023a). Office-Home is a
dataset collected specifically for the evaluation of domain
adaptation algorithms. This dataset comprises images of 65
categories found typically in office and home settings, di-
vided into four domains: Artistic images (A), Clip Art (C),
Product images (P), and Real-World images (R). Consis-
tent with previous methods, we conduct experiments on six
transferable image retrieval tasks, namely: A—R, R—A,
C—R,R—C, P—R, and R—P. Office-31 dataset serves as a
vital resource for researching, evaluating, and comparing so-
lutions to the domain shift problem. It collects images from
three distinct domains: Amazon (A), DSLR (D), and We-
bcam (W), each containing images belonging to 31 com-
mon office environment categories. By randomly selecting
a pair of domains as the source and target domains, we
conduct experiments across six transferable image retrieval
tasks: A—D, A—W, D—A, D—W, W—A, and W—D.
Digits consists of two handwritten digit recognition datasets,
MNIST (M) (LeCun et al. 1998) and USPS (U) (Hull 1994).
They stand as prevalent cross-domain datasets, containing
handwritten digits from 0O to 9. In our experiments, the two
datasets serve as source and target domains for each other,
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resulting in two transferable image retrieval tasks: M—U
and U—M.

Same as previous methods (Huang et al. 2020; Wang et al.
2023b), we employ the source domain images along with
90% of the target domain images for training purposes. A
random subset of 10% of the target domain images is set
aside for testing. In the case of cross-domain retrieval, the
database is composed of source domain images, whereas in
the case of single-domain retrieval, the database is consti-
tuted by target domain images. All the above experimental
datasets are kindly organized and shared by PCWF.

Baseline Method and Evaluation Metric

We compare our CPH with several state-of-the-art methods,
containing five unsupervised hashing methods and seven
transfer hashing methods. The unsupervised methods in-
clude LSH (Gionis, Indyk, and Motwani 1999), ITQ (Gong
etal. 2013), DSH (Jin et al. 2014), SGH (Jiang and Li 2015)
and GraphBit (Wang et al. 2023c). The transfer hashing
methods include ITQ+ (Zhou et al. 2018), GTH-g (Liu and
Zhang 2019), GTH-h (Liu and Zhang 2019), PWCF (Huang
et al. 2020), DAPH (Huang, Zhang, and Gao 2022), PEACE
(Wang et al. 2023a) and DANCE (Wang et al. 2023b). The
former four are shallow transfer hashing methods while the
latter three and ours are deep transfer hashing methods. Due
to the lack of privileged knowledge, partial experimental
results of baselines are derived from DAPH, PEACE and
DANCE.

We use mean Average Precision (mAP), Top-K Precision
Curve, and Precision-Recall Curve to measure the quality
of obtained hash codes. For all evaluation metrics, higher
values indicate better performance. In the experiments, we
repeat our method 5 times and report their mAP results.

Implementation Detail

Our hash learning model features a straightforward network
structure. MILP(+;0,,,) is comprised of one fully con-
nected layer (d — d), a batch-normalization layer, and an
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Method | Bit Office-Home Office-31
A—-R | R-A | C»R | R—-C | PR | R—»P | A—»D | AW | DA | D—»W | W—=A | W=D
16 10.20 9.51 6.04 5.90 10.84 | 11.08 | 26.25 11.85 15.76 34.40 16.14 31.79
GTH-g 32 13.08 | 13.93 7.86 9.52 1528 | 16.17 | 28.35 1576 | 21.15 | 41.36 19.23 42.86
128 [ 16.51 19.52 8.53 13.92 | 20.81 | 21.24 | 31.68 20.55 21.93 50.09 20.17 53.54
16 9.54 8.18 6.17 6.30 11.32 | 10.81 | 24.86 11.94 19.02 34.15 14.66 40.58
GTH-h 32 1343 | 12.67 777 8.97 1571 | 15.36 | 24.65 1556 | 20.98 | 41.67 17.97 42.33
128 [ 13.78 | 19.73 8.57 1454 | 21.16 | 20.16 | 32.01 22.16 | 22.56 | 51.62 21.55 51.57
16 11.92 | 14.46 8.16 8.12 17.11 | 14.37 | 22.46 15.94 19.69 | 52.39 19.44 34.01
DAPH 32 17.72 | 19.63 | 1048 | 10.64 | 22.47 | 20.25 | 25.15 19.09 | 21.99 | 54.28 22.00 36.58
128 | 22.27 | 23.78 | 14.32 | 13.39 | 28.25 | 25.34 | 32.90 | 27.49 | 29.11 64.25 26.58 47.59
16 | 62.19 | 53.41 | 53.47 | 35.64 | 64.18 | 66.65 | 59.54 | 52.54 | 4347 | 90.86 55.53 98.33
Ours 32 [ 67.87 | 60.16 | 56.71 | 39.71 | 6831 | 71.72 | 64.00 | 56.33 | 49.34 | 95.04 59.18 99.49
128 | 72.17 | 64.62 | 53.25 | 42.71 | 72.89 | 75.50 | 69.20 | 61.18 54.89 | 97.54 61.49 99.99

Table 2: Partial performance comparison of cross-domain retrieval on Office-Home and Office-31 with varying bits.
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Figure 2: The Precision-Recall Curves and TopK Precision
Curves and of GTH-g, GTH-h, DAPH and CPH..

activation function ReLU (-). In HashEncoder(-; 01,451 ),
two fully connected layers (d — d’ — r) are employed. The
former one is followed by a batch-normalization layer and
the activation function ReLU(-). The latter one is followed
by the activation function T'anh(-). For the implementa-
tion of our CPH, we have utilized the open-source PyTorch.
Adam optimizer (Kingma and Ba 2015) is utilized to train
the whole framework by a standard back-propagation strat-
egy. Specifically, the learning rate is set to 0.0001, the batch
size is set to 256, and the training epoch is set to 70 on three
datasets. The trade-off hyper-parameters within the overall
objective function are set as {A\; = 1, Ay = 1, A3 = 100},
{A\1 = 0.1, Ay = 0.01, A3 = 0.1}, and {)\; 0.01,
A2 = 0.01, A3 = 0.01} on Office-Home, Office-31 and Dig-
its, respectively. 7 in set to 1.1 and + is set to 0.9.

Evaluation on Cross-Domain Retrieval

To demonstrate the superiority of our method on cross-
domain retrieval, we conduct experiments to compare the
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retrieval performance of our method and all baseline meth-
ods on Office-Home and Office-31 when the hash code
length is fixed at 64 bits. The mAP results are presented
in Table 1. Based on these experimental findings, we have
made the following observations and analyses: Compared to
all baseline methods, our CPH achieves significant perfor-
mance improvements across all transferable tasks on both
datasets. Specifically, on Office-Home, our CPH outper-
forms the second-best results by 25.21%, 19.74%, 19.62%,
13.97%, 17.54%, and 19.63% for different cross-domain
tasks, respectively. The average mAP improvement across
six cross-domain tasks is 19.29%. On Office-31, our CPH
surpasses suboptimal results by 21.68%, 11.72%, 5.97%,
11.13%, 11.52%, and 21.08% for six cross-domain tasks,
respectively. The average mAP improvement across the six
tasks is 13.85%.

To further validate the effectiveness of our proposed
method in cross-domain retrieval, we conduct a compar-
ative analysis with several cross-domain retrieval hashing
methods (namely GTH-g, GTH-h, and DAPH) for which we
are able to obtain the original source codes. The mAP re-
sults for different methods on two datasets, with hash code
lengths varying with different hash code lengths (16 bits,
32 bits, and 128 bits), have been shown in Table 2. From
these results, it is evident that our CPH approach achieves a
significantly superior performance compared to these meth-
ods. Furthermore, in Figure 2, we present the Top-K Preci-
sion Curves and Precision-Recall Curves of GTH-g, GTH-
h, DAPH, and our methods for the three cross-domain tasks
across three datasets, specifically using 64-bit hash codes.
These curves further underscore the superiority of our CPH
method in the realm of cross-domain retrieval. In the case of
the Top-K Precision Curves, as the number of retrieved im-
ages increases, our method consistently outperforms other
baselines across all three cross-domain tasks. The Precision-
Recall Curves show that, across all scenarios, the area under
the curve of our CPH method surpasses that of the compet-
ing approaches.

Evaluation on Single-Domain Retrieval

To demonstrate the effectiveness of our method in single-
domain retrieval, we conduct experiments to compare the
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Task P—R A—D M—U
Bit 16 32 64 128 16 32 64 128 16 32 64 128
LSH 5.84 10.62 | 17.57 | 2492 | 16.04 | 26.18 | 39.68 | 49.04 | 26.69 33.49 | 35.64 | 38.53
1TQ 20.07 29.64 | 33.15 | 34.81 | 40.83 | 49.27 | 56.16 | 59.41 13.39 22.58 | 39.67 | 40.16
DSH 6.10 11.44 16.61 | 14.45 | 22.45 | 33.38 | 40.09 | 46.31 41.42 4530 | 47.85 | 50.76
SGH 18.97 26.18 | 32.61 | 34.97 | 38.67 | 45.59 | 53.57 | 57.37 15.60 30.78 | 35.55 | 41.78
GraphBit 1542 21.80 | 24.89 | 28.97 | 33.21 | 41.17 | 51.46 | 53.48 | 24.96 32.54 | 37.54 | 44.82
ITQ+ 15.60 20.60 | 24.96 | 24.05 | 35.03 | 42.62 | 43.12 | 39.12 | 50.22 49.66 | 44.38 | 43.21
GTH-g 15.05 21.20 | 27.67 | 28.40 | 37.11 | 45.69 | 50.22 | 55.81 | 45.41 39.72 | 34.34 | 34.73
GTH-h 13.37 22.03 | 26.40 | 28.99 | 39.88 | 46.60 | 50.74 | 54.73 | 43.38 40.09 | 34.14 | 32.80
DAPH 20.77 29.01 33.35 | 3492 | 46.74 | 49.43 | 58.63 | 60.41 47.53 54.86 | 60.15 | 60.39
PEACE 28.99 37.93 | 4297 | 4729 | 5543 | 57.89 | 61.21 | 64.14 | 52.77 56.25 | 65.27 | 69.99
DANCE 31.37 37.64 | 44.13 | 48.93 | 54.42 | 58.02 | 63.09 | 67.91 | 52.65 5598 | 66.81 | 70.47
Ours 44.99 49.35 | 52.45 | 51.40 | 60.60 | 62.11 | 65.76 | 68.20 | 66.76 71.34 | 72.64 | 72.46
Tmp. T3.62 | 11142 | 18.32 | 1247 | 15.17 | 14.09 | 12.67 | 10.29 | 112.57 | 115.09 | 15.83 | 11.99

Avg. Tmp. 18.96 13.05 18.87

Table 3: Single-domain retrieval performances comparison with baselines. The best result in each column is marked in bold.

The second best result in each column is underlined.

Variant Office-Home
A—R | R—A | C—»R | R—»C | PR | R—P
CPH-v1 4.51 5.59 2.93 3.11 5.83 5.90
CPH-v2 | 67.26 | 61.51 | 20.79 | 31.33 | 70.59 | 70.38
CPH-v3 | 6294 | 5845 | 50.78 | 37.97 | 64.20 | 65.14
CPH-v4 | 4.53 2.71 3.01 3.00 6.13 12.55
CPH-v5 | 35.50 | 31.31 | 27.63 | 22.66 | 40.42 | 42.50
Ours 71.18 | 63.28 | 58.65 | 42.84 | 71.27 | 74.77

Table 4: Ablation study results on Office-Home.

retrieval performance of our CPH approach with that of all
baseline methods. We present the mAP results in Table 3
for three tasks (P—R, A—D, M—U) across Office-Home,
Office-31, and Digits datasets, with hash code lengths vary-
ing from 16 to 128 bits. From the experimental results, it is
evident that similar to cross-domain retrieval, CPH achieves
significant improvements in various tasks. The average im-
provements in the three single-domain retrieval tasks are
8.96%, 3.05%, and 8.87%, respectively.

Ablation Study

To clearly understand the influence of each components in
CPH, we design several variants to further evaluate our
model. CPH-v1 denotes the variant approach that does not
transfer any source knowledge. CPH-v2 denotes the vari-
ant approach that removes the Prototype Contrastive Loss
Lpcr. CPH-v3 denotes the variant approach that removes
the Quantization Loss Lg1,. CPH-v4 denotes the variant ap-
proach that removes the Relation Preservation Loss Lrpy,.
CPH-v5 denotes the variant approach that does not preserve
source domain knowledge. The experiments are conducted
on Office-Home when the hash code length is fixed as 64
bits, and the corresponding results are reported in Table 4.
We can easily observe that transferring knowledge from the
source domain makes a significant contribution to improving
model performance. Moreover, without the preservation of
the semantic relations of images, the performance of model
suffers from obvious reduction Thus, all components in our
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Figure 3: The t-SNE visualizations of 64-bit hash codes on
Office-Home.

method lead to the improvements of CPH.

Visualization

Figure 3 gives the t-SNE analyses on Office-Home datasets.
The figures show that, the hash codes generated by our
CPH show more distinct structures compared to GTH-g and
DAPH. This phenomenon underscores the efficacy of the
proposed CPH method in generating more discriminative bi-
nary codes, thereby enhancing the success of unsupervised
domain adaptive image retrieval.

Conclusion

While admiring the merits of domain adaptation and illu-
minating the challenges inherent in current domain adaptive
hashing methods, we propose a simple yet effective Com-
parative Prototype Hashing (CPH) approach. This method
substantially boosts the performance of unsupervised do-
main adaptive hashing across both cross-domain and single-
domain retrieval scenarios. It performs a cohesive collab-
oration between discriminative feature representation learn-
ing, domain alignment, and hash code learning on a domain-
shared unit hypersphere space. Comprehensive experimen-
tation conducted on three widely recognized domain adap-
tation benchmarks validates the superior performance of the
proposed CPH method.
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