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Abstract

Domain adaptive retrieval aims to transfer knowledge from
a labeled source domain to an unlabeled target domain, en-
abling effective retrieval while mitigating domain discrep-
ancies. However, existing methods encounter several funda-
mental limitations: 1) neglecting class-level semantic align-
ment and excessively pursuing pair-wise sample alignment;
2) lacking either pseudo-label reliability consideration or ge-
ometric guidance for assessing label correctness; 3) directly
quantizing original features affected by domain shift, under-
mining the quality of learned hash codes. In view of these
limitations, we propose Prototype-Based Semantic Consis-
tency Alignment (PSCA), a two-stage framework for effec-
tive domain adaptive retrieval. In the first stage, a set of or-
thogonal prototypes directly establishes class-level semantic
connections, maximizing inter-class separability while gath-
ering intra-class samples. During the prototype learning, geo-
metric proximity provides a reliability indicator for semantic
consistency alignment through adaptive weighting of pseudo-
label confidences. The resulting membership matrix and pro-
totypes facilitate feature reconstruction, ensuring quantiza-
tion on reconstructed rather than original features, thereby
improving subsequent hash coding quality and seamlessly
connecting both stages. In the second stage, domain-specific
quantization functions process the reconstructed features un-
der mutual approximation constraints, generating unified bi-
nary hash codes across domains. Extensive experiments vali-
date PSCA’s superior performance across multiple datasets.

Introduction

Hashing receives extensive attention in the field of image
retrieval due to its merits of compact storage and compu-
tational efficiency. The main purpose of hashing is to de-
velop effective hash functions that preserve similarity rela-
tionships of original data in binary Hamming space. Sev-
eral methods, such as Spectral hashing (SH) (Weiss, Tor-
ralba, and Fergus 2008), Density Sensitive Hashing (DSH)
(Liu et al. 2016) and Scalable Graph Hashing (SGH) (Jiang
and Li 2015) endeavor to preserve pair-wise similarity of
original data within the Hamming space. Ordinal Constraint

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

21867

Hashing (OCH) (Liu et al. 2018) introduces the ordinal rela-
tion in learning to hash. Iterative Quantization (ITQ) (Gong
et al. 2012) focuses on maintaining the locality structure by
improving the consistency between generated discrete codes
and their corresponding continuous representations.

Nonetheless, these aforementioned methods assume that
queries and retrieved images share consistent data distribu-
tions, limiting their applicability in complex real-world sce-
narios. For instance, online shopping platforms showcase
product images shot under ideal conditions, whereas user-
submitted query photos typically contain cluttered back-
grounds. To bridge this non-negligible domain gap (Hu et al.
2025a), Domain Adaptation (DA) (Zhang et al. 2023c,b) is
combined with hashing, giving rise to a promising research
field, i.e., Domain Adaptive Retrieval (DAR).

DAR encompasses two retrieval scenarios, i.e., single-
domain retrieval and cross-domain retrieval. The former
supposes both queries and retrieved samples originate from
the target domain. In the context of cross-domain retrieval,
the source domain serves as the retrieved dataset while
queries stem from the target domain. Recently, several DAR
methods are proposed. Probability Weighted Compact Fea-
ture (PWCF) (Huang et al. 2020) utilizes a focal-triplet con-
straint to mitigate the domain gap in a domain-invariant sub-
space. Domain Adaptation Preconceived Hashing (DAPH)
(Huang, Zhang, and Gao 2021) introduces Maximum Mean
Discrepancy (MMD) (Gretton et al. 2012) to prompt the
domain marginal distribution alignment. These geometry-
oriented methods lack consideration of semantic relation-
ships between features and labels, resulting in suboptimal
performance when significant semantic misalignment exists.
Consequently, subsequent methods shift their focus toward
incorporating semantic guidance. Two-Step Strategy (TSS)
(Chen et al. 2023) proposes a discriminative semantic fu-
sion for hash learning. Semantic Guided Hashing Learning
(SGHL) (Zhang et al. 2023a) and Dynamic Confidence Sam-
pling and Label Semantic Guidance (DCS-LSG) (Zhang
et al. 2024) further align the cross-domain conditional dis-
tributions by integrating category labels.

Despite their promising performance, we identify certain
critical limitations of current DAR methods: 1) excessive
focus on pair-wise sample alignment. Specifically, PWCEF,



TSS, SGHL and DCS-LSG primarily minimize distribution
discrepancies between semantically consistent sample pairs,
which suffer from computational inefficiency and limited
distributional coverage of data (Yuan et al. 2020). 2) inad-
equate handling of pseudo-label reliability. Pseudo-labeling
serves to predict the latent semantic associations between
classes and unlabeled data, consequently providing fully an-
notated data to facilitate knowledge transfer. However, exist-
ing methods typically adopt off-the-shelf strategies, neglect-
ing correction mechanisms for erroneous predictions. This
inevitably leads to biased domain alignment and degraded
hash codes quality. Although the most recent method, DCS-
LSG, considers pseudo-label noise, it relies solely on se-
mantic consensus between dual projections, without incor-
porating geometric knowledge for reliability assessment. 3)
directly mapping original features with imperfect domain
alignment to Hamming space, resulting in high quantization
errors and limited discriminative power of generated codes.

To systematically tackle the limitations mentioned above,
we propose the Prototype-Based Semantic Consistency
Alignment (PSCA) framework. The core innovation lies in a
semantic consistency alignment that evaluates pseudo-label
reliability by comparing geometric proximity with semantic
predictions, adaptively weighting the pseudo-labels. To be
precise, in the first stage, PSCA establishes orthogonal class
prototypes within a domain-shared subspace, where the se-
mantic consistency alignment performs as follows: when ge-
ometric and semantic indicators agree, semantic weights are
adjusted based on decision margins, as larger margins reflect
stronger prediction confidence; when they conflict, semantic
contribution is reduced proportionally to the disagreement
level. This process derives a soft membership matrix that
guides prototype learning in turn, thereby capturing more re-
liable semantic connections that mitigate error propagation.

After stage one, the membership matrix and prototypes re-
construct enhanced features, ensuring superior coding qual-
ity by circumventing direct quantization strategies. In the
second stage, domain-specific quantization functions quan-
tize the reconstructed features under mutual approximation
constraints, capturing domain-specific characteristics while
facilitating unified hash learning. Figure 1 illustrates the
PSCA framework, and the primary contributions are:

An orthogonal prototype learning method is proposed
that achieves effective class-level semantic alignment in-
stead of pursuing pair-wise sample alignment.

A semantic consistency alignment is designed to dynam-

ically correct unreliable pseudo-labels by combining ge-
ometric proximity with semantic predictions, addressing
the semantic error accumulation problem.

A feature reconstruction strategy leverages discrimi-
native prototypes and membership matrix to create en-
hanced feature representations, ensuring hash quantiza-
tion on reliable rather than noisy information.

Comprehensive experiments demonstrate that PSCA
outperforms the existing state-of-the-art DAR methods.

21868

Related Work
Hash Learning

Hashing seeks to encode high-dimensional data into low-
dimensional binary codes with maintaining similarity rela-
tionships, offering the merits of low storage demand and
high retrieval efficiency (Hu et al. 2025b). Hashing can be
divided into two categories according to whether the seman-
tic information is available, i.e., unsupervised hashing and
supervised hashing. Supervised methods like DCMVH (Zhu
et al. 2020) and MSDH (Luo et al. 2019) have achieved
noteworthy performance. Nevertheless, the significant cost
related to annotating labels brings a major obstacle to their
scalability. By contrast, benefiting from no need for explicit
semantics, unsupervised hashing methods serve as the more
suitable retrieval manner for real-world applications. Some
representative methods among this category include SGH
(Jiang and Li 2015) and GraphBit (Wang et al. 2023b). How-
ever, unsupervised algorithms may pose a potential risk of
limiting the discriminative power of hash codes due to the
lack of explicit semantics. While admiring the positive per-
formance of these methods, they are limited for DAR scenar-
ios due to their assumption of retrieving in a single domain.

Domain Adaptive Retrieval

DAR assumes that there exists a well-labeled source domain
and an unlabeled target domain, where these two domains
are related yet different in distributions. It aims to mitigate
the domain discrepancies and preserving semantic similar-
ity in the learned hash codes, thereby achieving effective
retrieval. PWCF (Huang et al. 2020) and DAPH (Huang,
Zhang, and Gao 2021) geometrically constrain the distribu-
tion of samples to bridge domain gap. Since two domains
share a common semantic space, TSS, SGHL and DCS-LSG
further align pseudo-labels to target domain samples to en-
courage the transfer of domain-specific valuable insights.
Note that aforementioned methods and the proposed PSCA
are on the basis of machine learning principles.

With the rise of deep learning, several advanced deep
learning-based DAR methods have emerged recently.
PEACE (Wang et al. 2023a) considers the uncertainty of
pseudo-labels and progressively boosts their reliability. CPH
(Cui et al. 2024) innovatively constructs a domain-shared
unit subspace, then aligns domains through prototype con-
trastive learning. COUPLE (Luo et al. 2025) employs graph
flow diffusion to simulate the cross-domain knowledge
transfer, dynamically identifying lower noise clusters.

Proposed Method
Problem Definition

Assume we have a source domain Dy = {Xs,, ¥, 1o
prising ns samples, a target domain D; = {xy, }, ", in-
cluding n; samples. Let X, € R*" and X, € R¥*™
as the original sample matrices of two domains respec-
tively, where d denotes the feature dimension. We define
X = [Xg, X;] € R¥™ as the total sample matrix, where
n = ns + n.. For each target sample x;,, we obtain pseudo-
label probabilities w; = [m;1, T2, ..., Tic] € RIxe using
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Figure 1: The framework of the proposed PSCA

Nearest Class Prototype (NCP) and Structured Prediction
(SP) (Wang and Breckon 2020), where c is the number of

categories. Let wfgrf ) be the e-th largest element in 7r;, where
gD > 02 50> 209 Then the pseudo-label is
(3,1)

assigned according to 7, ’. The detailed pseudo-labeling
process is presented in the supplementary materials. Define

the overall label set as Y = [Y,,Y,]T € {0,1}"%¢, where

Y, € R™*€ are the pseudo-labels. The ultimate objective
of DAR is to learn a set of similarity-preserving hash codes
B=[b,, - ,bs, by, - by ] €{-1,1}7*" for ef-

fective retrieval, where r represents the hash code length.

Prototype-Based Semantic Consistency Alignment

Due to domain shift, cross-domain samples with similar se-
mantics may exhibit significantly distinct distributions. To
bridge this gap, we first employ Maximum Mean Discrep-
ancy (MMD) to align domain marginal distributions:

N ns+n¢ 2
. ]. T 1 T
min||— P'x,— — P'x
P | n, ; ng _Z I (1)
= g=ns+1 2
=Tr(P'XHX'P)

where P € R%*4 is the projection matrix that maps original
features into a common g-dimensional subspace (¢ << d),
where the domain gap is expected to be bridged. H is the
MMD centering matrix defined as:

1
—,, XXy € Ds
NsTs
—1
hiq = , X; €Dy A Xq € Dy )
TisTt
1
) Xi, Xq € Dt
ngny

Apart from marginal discrepancies, semantic structure
within data distributions requires consideration. Existing
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methods achieve this by aligning conditional distributions or
semantically consistent sample pairs, yet suffer from com-
putational inefficiency and sensitivity to outliers.

To circumvent these issues, we introduce a prototype-
based approach that learns discriminative class centers
O = [0y, - ,0.] € R7*¢, directly modeling class-level se-
mantic connections to facilitate effective class alignment:

n c

- T T
Igu(r)lZZyinP x; — 0|3, st OTO=1,

s

3)

i=1 j=1

where I, represents a c-dimensional identity matrix. Ide-
ally, O can effectively reduce the intra-class divergence
by gathering samples with identical semantics. Meanwhile,
O 7O = I ensures that different prototypes are maximally
separated by forcing the inner product between distinct pro-
totypes to be zero. Nevertheless, Eq. (3) exhibits two crit-
ical limitations: 1) incorrect ¥y, shifts these domain-shared
prototypes away from their latent ground-truth positions; 2)
binary pseudo-labels fail to convey prediction confidence,
hampering assessment of assignment reliability.

Addressing the above challenges, we propose a seman-
tic consistency alignment that tackles them simultaneously.
Since samples sharing the identical prototype have con-
sistent labels, samples closer to prototypes are inherently
more reliable for prediction than those at cluster boundaries.
Therefore, R € R™t*¢ is designed as a soft membership ma-
trix, where each element 7;; provides a more reliable mem-
bership degree than g;;. This is achieved by incorporating
the geometric proximity d;; = ||P"x;, — 0,||3. In particu-
lar, R is optimized via the following objective:

Nt

(&
oo, SO {rgdiy — ilog(rij)}

i=1 j=1

4)

where 1 denotes all-ones vector with dimension indicated
by its subscript. In the first term, r;; measures geomet-
ric proximity of projected target samples to prototypes.



The coefficient 0 > 1 amplifies the penalty differences as
7337 < T4, creating non-linear down-weighting. The sec-
ond term serves as a semantic-aware term where 1) are ele-
ments of an adaptive weighting matrix ¥ = a ©® Y., with
a=[ag, - ,a,,]" € R"*! broadcasted to match dimen-
sions. This term activates only when §;; = 1, prompting
larger 7;; values for the semantically predicted class. Here,
«; adaptively adjusts the semantic fusion strength by:

T — o
At = dlow! +eps’

(4,1)

sort

if kgeo =

ksem

&)

oy =

Iy otherwise

(1 - |7riakgeo - )7
where eps prevents the situation of division by zero. Let
d; = [di1,dia,...,di] € R!*¢ denote the distances from

x¢, to all prototypes, we have the sorted sequence as dﬁértl ) <

o< d9) where (!

T4, Ksem

Son) indicates the smallest value in d;.
kgeo = argmin; d;; and kyn = argmax; m;; denote the
indexs of geometrically closest and semantically preferred
prototypes. When geometric and semantic indicators are
consistent (kgeo = Kgem), larger semantic margins encourage
greater reliance on semantic information by increasing «;,
while larger geometric margins favor geometric knowledge
by decreasing «;. In the conflicting case, «; is reduced based
on the disagreement intensity, i.€., | k,,, — T k. |> thereby
decreasing reliance on potentially erroneous assignments.
With the optimized R from Eq. (4), we form the unified

semantic matrix as Y = [Y,, R] . Integrating all key com-
ponents above, stage one is formulated as:

n C
DO GIPTxi — 053

HTliIl
P.OTO=L ‘— = (6)
+ M Tr(PTXHX "P) 4 Ao ||P|[2.1
where \; and ), are the trade-off parameters. Here, || P||2,1

serves as a {5 1-norm with row-sparsity constraint.

Feature Reconstruction Hashing

Given that projection P focuses on domain alignment, di-
rectly quantizing P T X neglects the semantic discriminabil-
ity established by prototype learning, inevitably reducing the
hash coding quality. Thus, as an intermediate operation to
avoid prematurely using features lacking semantic enhance-
ment and seamlessly bridge both stages, we reconstruct se-
mantically enhanced features by leveraging the reliable pro-
totypes O and learned memberships R from stage one.
Since each row r; = [ri1,7i2,...,7c) in R indicates
the confidences of x;, belonging to each category, and the
learned class prototypes O exhibit stronger discriminabil-
ity than the original data due to the orthogonal constraint
and semantic consistency alignment. Consequently, we re-
construct target samples X, as X;, = Y .. TimO,,. This
confidence-weighted combination of prototypes encodes se-
mantically enhanced representations. Meanwhile, the reli-
able labels are embedded into the source reconstruction,
ie., X;, = an yimo;rn. This yields the novel representa-
tion X = [Xgy, oy Koo Xty s Xt,,] | € R™X4 that bet-
ter reveals the underlying ground-truth semantic structure.
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However, while X excels in semantic discriminability, it
may lose certain geometric structures of the original data,
making sole reliance on X insufficient for comprehensive
representation during hash coding. Hence, we fuse X and
the projected features P X. Let C = 2¢, the overall re-
constructed features are expressed as D = [Dg, Dy]
[ds1; oy dong, i1, -y ding] = [X, XTP]T € REX™, This
concatenation both retains the reconstructed semantics and
geometric projection structures. Building upon the recon-
structed features D, we proceed to develop discriminative
hash codes in stage two. Towards further mitigating the
adverse effects of pseudo-labeling and domain discrepan-
cies, meanwhile for better transferring domain-specific in-
formation, we design distinct functions for both domains,
ie, W, € R"™*¢ and W, € R"*C. Given our objective
is to learn a unified Hamming space instead of two sepa-
rate domain-specific hash codes. Hence, the dual functions
are required to be approximated during hash learning. Ulti-
mately, the objective of stage two is given below:

IW.D, - B,||% + WD — B¢||

min
W, W;,B;,B;

+ X\3]| W, — W1

S.t. ’VVS‘R/’(‘;—r = Ir7WtWtT = I7’7B87 Bt € {717 1}7’><*7
(N

where the orthogonal constraints ensure independence hash

bit encoding. A3 is a trade-off parameter and * € {ng, n;}.

Optimization

Solution Process

As shown in Egs. (6) and (7), there exist multiple vari-
ables that require to be solved, i.e., P, O, R, W, W,
B, and B,. Due to space limitations, the detailed solution
process of PSCA is presented in the supplementary mate-
rials. Meanwhile, an algorithm analysis subsection is also
provided, including the computational complexity, the con-
vergence analysis and running time comparison.

Out-of-Sample Extension

To facilitate generalization of unseen samples, a linear trans-
formation matrix ® is derived to model the regression map-
ping between features and learned binary hash codes:

min [ @X - B|[% + 5|1 ®|; (8)

where ||®||%. denotes a regularization term and 3 serves as a
balancing parameter. Eq. (8) can be easily solved with:

& =BX"(XX" +p1)! ©)

Thereafter, the corresponding binary hash code of any query
sample can be obtained by byyery = sgn(PXquery)-

Experiment
Dataset and Evaluation Metric

We carry out extensive comparative experiments on four
public benchmark datasets, namely Office-31 (Saenko et al.
2010), Office-Home (Venkateswara et al. 2017), COIL20



Case MNIST—USPS COIL1—COIL2 A—D A—W
Code length | 16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
SH 15.56 13.67 13.54 12.95|40.18 44.64 42.84 38.36[14.08 13.62 12.02 1091 | 12.04 11.97 9.83 9.90
DSH 20.60 22.21 24.28 26.50|37.92 44.85 46.38 46.05|11.48 13.86 16.66 19.88 | 9.58 12.14 15.09 18.05
SGH 14.24 16.69 19.70 21.95|51.04 5231 51.77 50.53|19.92 21.19 24.86 27.50|16.95 20.13 2247 25.44
OCH 13.73 17.22 20.18 23.34|46.50 50.67 55.25 56.54|14.29 20.43 24.86 27.50|14.85 20.24 2249 25.86
ITQ+ 22.84 21.20 19.15 18.52|46.68 50.49 50.80 50.63|15.42 16.74 17.99 16.59 | 14.94 16.19 15.00 15.21
LapITQ+ |24.26 24.03 24.59 2273|4444 3926 3420 29.07 |17.53 19.38 1996 18.12|15.10 17.80 18.24 16.36
GTH-h 19.47 16.52 1533 16.46 | 44.89 50.47 52.83 5293|1442 2038 23.13 24.08 | 13.55 19.89 2221 23.32
PWCF 43.90 5094 5251 53.17 | 6529 6498 6734 67.00|24.53 29.57 3246 3455|2198 3238 34.14 35.21
DAPH* |30.22 35.14 38.18 3936 |75.77 77.58 7849 81.96|29.14 29.69 28.17 27.83|21.22 2536 26.85 28.74
SGHL 6295 6593 69.52 71.46|70.81 7871 80.59 83.00|43.92 51.55 54.89 5991|4449 5248 5531 55.64
TSS 64.19 69.11 72.59 73.88|78.07 82.08 85.27 87.55|17.83 33.41 44.86 45.23|25.59 39.77 48.97 53.23
DCS-LSG | 48.83 53.31 5422 59.88 |82.44 83.36 84.38 85.70 | 55.13 58.82 63.32 64.59 |48.89 53.90 56.33 57.13
Ours 86.05 86.47 87.35 88.71|84.74 87.36 88.79 90.76 | 56.44 65.51 68.85 67.41|56.72 60.86 62.13 65.78

Table 1: Cross-domain retrieval performance (MAP%) on MNIST—USPS, COIL1—COIL2, A—D and A—W with varying
code lengths. The bolded figures indicate the highest scores, and underlined figures indicate the second-highest scores.

(Nene et al. 1996), and MNIST-USPS (LeCun et al. 1998;
Hull 1994). Office-31 contains 4,110 images shot in of-
fice environments across three domains: Amazon (A), We-
bcam (W), and DSLR (D). For experiments, we establish
two transferable retrieval cases: A—D and A—W. Office-
Home consists of images across 65 categories found in of-
fice and domestic environments, categorized into four do-
mains: the Artistic (Ar) with 2,427 samples, the Clipart (CI)
with 4,365 samples, the Product (Pr) with 4,439 samples,
and Real-world (Rw) with 4,357 samples. Consistent with
previous baselines, we select six domain permutation cases:
R—P, R—C, A—R, PR, C—R, and R—A. COIL20 in-
cludes 1,440 images of 20 different objects. COIL1 and
COIL2 are two subsets, each containing images captured
from diverse angles. According to (Long et al. 2014), a
1,024-dimensional feature vector is extracted for per im-
age, then we construct a retrieval case: COIL1—COIL2.
MNIST-USPS are two handwritten datasets including digit
images from 0 to 9. Following (Long et al. 2013), we resize
MNIST to 16x 16 pixels and create MNIST-USPS dataset by
picking 2,000 MNIST and 1,800 USPS images. We create a
retrieval case for experiments: MNIST—USPS.

Random 10% of target domain samples are selected as
the testing set, while the remaining 90%, along with entire
source samples, form the training set. For cross-domain re-
trieval, queries are expected to match the most similar im-
ages in source domain, whereas for single-domain retrieval,
target domain is regarded as the retrieved database.

The mean Average Precision (MAP), Top-K Precision
Curve, and Precision-Recall Curve are used to measure the
hash coding quality. Note that higher values denote better
performance for all evaluation metrics. Each trial is repeated
10 times, and we report the average MAP scores (%).

Baseline and Implementation Detail

We select several state-of-the-art methods as baselines for
comparison with PSCA: SH (Weiss, Torralba, and Fergus
2008), DSH (Liu et al. 2016), SGH (Jiang and Li 2015),
ITQ+ (Zhou et al. 2018), LapITQ+ (Zhou et al. 2018), GTH-
h (Zhang et al. 2019), PWCF (Huang et al. 2020), DAPH*
(Huang, Zhang, and Gao 2021), SGHL (Zhang et al. 2023a),
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TSS (Chen et al. 2023), and DCS-LSG (Zhang et al. 2024).
Where SH, DSH, and SGH belong to traditional hashing.
ITQ+, LapITQ+, and GTH-h are transfer hashing. PWCEF,
DAPH*, SGHL, TSS, and DCS-LSG are hashing methods
which aim at dealing with cross-domain scenarios. Note
that DAPH* is the supervised variant of DAPH. ITQ+ and
LapITQ+ achieve effective retrieval only when the source
domain contains more samples than the target domain. Thus
in some cases, their MAP scores are not reported. Addi-
tionally, we further compare with three advanced deep DAR
baselines, i.e., PEACE (Wang et al. 2023a), CPH (Clui et al.
2024) and COUPLE (Luo et al. 2025).

The proposed PSCA includes three independent parame-
ters, i.e., A1 to A3, each of them controls the penalty weight
of different objectives. We empirically explore the optimal
combination of them by fixing one and adjusting others:
within the range of [1, 10, 100] for A; and A3, range [0.1,
1, 10] for A\o. The specific parameters depend on the charac-
teristics of datasets. (3 is fixed as 0.1 and o is set to 2.

Experimental Analysis on Cross-Domain Retrieval

To evaluate PSCA’s cross-domain retrieval performance, we
conduct comparison experiments with all baselines across
varying code lengths. Tables 1 and 2 report the MAP re-
sults. By analyzing these tables, we derive the follow-
ing observations: comprehensive experiments across four
datasets demonstrate that PSCA consistently outperforms
all baselines across different code lengths. The presented
average MAP of PSCA exceeds that of the second-best
baselines by 17.21%, 3.94%, 4.08% and 7.33% on cases
MNIST—USPS, COIL1—COIL2, A—D and A—W re-
spectively. On Office-Home, PSCA achieves a remarkable
performance improvement by 8.82% on average across six
retrieval cases. Based on the above analyses, PSCA exhibits
consistent competitive advantages over other baselines. We
conclude that PSCA performs well in handling cross-domain
issues, whether on small-scale (MNIST-USPS, COIL20),
medium-scale (Office-31), or large-scale datasets (Office-
Home). To further evaluate the performance on cross-
domain retrieval, we plot the Top-K Precision and Precision-
Recall curves of PSCA and three most recent competi-



Case P—R C—R R—A R—P R—C A—R
Code length| 16 64 128 | 16 64 128 [ 16 64 128 [ 16 64 128 | 16 64 128 | 16 64 128
SH 10.96 15.03 14.08| 6.27 8.77 7.97 [ 947 12.87 11.62|11.37 16.13 15.08[ 5.75 824 7.68 [10.28 13.71 12.30
DSH 5.61 849 9.79 | 3.57 547 6.55|543 9.67 1054|570 826 10.20| 3.62 528 629|595 9.69 11.52
SGH 16.68 24.51 26.38| 7.22 13.62 14.82|11.92 22.53 24.69|15.85 25.73 27.89| 7.05 13.51 14.83|13.32 22.93 25.14
OCH 11.52 18.65 20.98| 6.15 10.27 11.21| 9.45 17.54 19.81|11.18 20.15 22.27| 595 10.05 11.46|10.30 18.09 20.65
ITQ+ 11.25 17.61 17.74| 6.58 9.55 9.34 | 9.41 14.25 15.53| - - - - - - - - -
LapITQ+ |11.99 16.89 16.02| 7.27 10.37 10.87| 8.89 13.56 13.75| - - - - - - - - -
GTH-h [10.68 19.80 22.44| 6.70 11.41 12.69| 9.57 17.54 19.87|12.01 22.21 23.94| 597 11.63 13.08|11.00 19.94 21.24
PWCF [21.41 35.44 35.85|12.79 21.97 10.39(22.57 32.20 31.25|21.21 35.51 35.38|13.79 21.96 20.67|22.02 32.63 31.25
DAPH* |30.45 48.77 44.93|12.83 23.45 23.87|29.69 45.77 43.18|25.33 44.77 43.32|18.60 30.78 31.83|26.01 34.43 37.97
SGHL |27.92 49.38 53.72|18.11 29.96 34.34(22.27 38.83 42.81|28.73 49.89 53.78|16.08 28.45 30.37|20.01 35.49 39.13
TSS 9.52 4824 61.41] 6.64 39.59 50.90(10.74 38.28 49.11|10.61 50.65 62.58| 596 24.54 32.60|12.57 47.72 57.11
DCS-LSG [47.76 69.72 70.21|37.39 57.36 61.59(33.42 48.81 50.06|54.53 68.00 70.27[19.28 30.45 31.48|47.52 67.81 67.73
Ours 55.84 76.06 78.15[47.59 68.61 68.82|44.84 64.02 68.77|58.83 73.04 75.06]28.34 39.65 42.87(54.17 72.78 74.81
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Table 2: Cross-domain retrieval performance (MAP%) on Office-Home with varying code lengths.
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Figure 2: The Precision-Recall Curves and Top-K Precision
Curves of SGHL, TSS, DCS-LSG and PSCA.

tive methods, i.e., SGHL, TSS and DCS-LSG. Specifically,
experiments are conducted on three retrieval tasks across
datasets of different scales. As shown in Figure 2, it can be
observed from the Top-K Precision Curves that PSCA con-
sistently maintains advantages as the number of retrieved
samples increases. The Precision-Recall Curves demon-
strate that PSCA outperforms the comparison baselines.

Experimental Analysis on Single-Domain Retrieval

To evaluate the effectiveness of PSCA in the realm of single-
domain retrieval, four representative cases (MNIST—USPS,
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COIL1—COIL2, A—D, P—R) are selected for experi-
ments. We can conclude the following observations by
analyzing Table 3: PSCA outperforms comparison base-
lines with the average MAP 6.81%, 5.39% and 12.55%
higher than the second-best baselines on MNIST—USPS,
COIL1—COIL2 and P—R respectively. Notably, PSCA
shows the least performance improvement on A—D by
2.25%. This may be due to the fact that our domain-shared
prototypes over-smooth reconstructed target domain fea-
tures, hindering optimal single-domain retrieval.

Comparison with Deep Baseline

To further validate the superiority of PSCA, we compare
it with three advanced deep learning-based DAR methods,
i.e., PEACE (Wang et al. 2023a), CPH (Cui et al. 2024) and
COUPLE (Luo et al. 2025). The comparison results are illus-
trated in Figure 3. As shown in Figure 3(a), PSCA markedly
outperforms other competitors on MNIST-USPS, boosting
the performance by 15.89% compared to the second-best
method, COUPLE. Note that PSCA is based on traditional
machine learning principles and adopts shallow features for
this experiment. Figure 3(b) shows the comparison results
on Office-Home. Here, the 4,096-d deep features utilized
for PSCA are extracted from a pre-trained VGG-16 model
(Huang et al. 2020). On average across six cases, PSCA
surpasses the suboptimal baseline CPH by 1.98%. This im-
provement stems from PSCA’s capacity to address multiple
limitations of other methods: CPH neglects error accumula-
tion caused by erroneous pseudo-labels. PEACE and COU-
PLE perform domain alignment within Hamming space,
where dimension is typically much smaller than original
data, resulting in limited semantic information preservation.

Ablation Study

To clearly highlight the significance of each component in
PSCA, several variants are designed. PSCA-v1 denotes that
the semantic-aware fusion is removed, i.e., « = 0. This
means that R is dominated by geometric structure knowl-
edge. PSCA-v2 denotes that we omit the semantic consis-
tency alignment component, solely using Eq. (3) to conduct
semantic alignment. For validity, we reconstruct target sam-
ples as X¢;, = Y v imO,,,. PSCA-v3 means that prototype



Case MNIST—USPS COIL1—COIL2 A—D P—R
Code length | 16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
SH 46.30 47.82 49.12 47.81 5291 57.07 5723 52.61|30.54 35.66 42.50 45.64|13.15 18.71 22.57 20.66
DSH 4142 4530 47.85 50.76 | 43.44 52.85 58.06 58.84|22.45 3338 40.09 4631 | 6.10 11.44 16.61 14.45
SGH 15.60 30.78 35.55 41.78 | 54.30 59.25 59.97 58.49|38.67 45.59 53.57 57.37 1897 26.18 32.61 34.97
OCH 2423 3290 36.34 4436|5424 61.08 65.56 6598|3330 41.65 50.78 53.74 | 13.45 21.14 2534 28.02
ITQ+ 50.22 49.66 4438 43.21|58.74 60.53 61.86 60.94|35.03 42.62 43.12 39.12 | 15.60 20.60 24.96 24.05
LapITQ+ |54.19 55.24 5577 54.08 | 53.05 4890 4092 34.58 |37.60 4291 44.55 38.87|16.78 2226 22.29 21.85
GTH-h 43.38 40.09 34.14 32.80|58.84 59.65 63.68 63.71|39.88 46.60 50.74 54.72|13.37 22.03 26.40 28.99
PWCF 57.57 64.00 6545 65.63|69.36 70.81 7241 70.43|24.01 31.25 38.65 43.35|23.84 33.83 3826 3791
DAPH* |63.95 70.53 7238 73.00|71.93 74.87 7535 75.54|42.18 46.86 47.73 50.26 |20.43 31.02 33.30 31.50
SGHL 64.25 69.64 7097 71.22|7237 7424 76.67 78.93|46.40 53.66 58.05 57.30|16.13 29.04 36.49 40.75
TSS 69.55 74.15 77.26 78.13|67.20 76.63 76.53 82.84 |27.47 43.88 54.07 51.66 | 15.67 29.92 45.07 53.97
DCS-LSG | 5691 63.30 61.55 62.06|73.77 77.07 7793 79.77 |42.46 47.26 51.53 51.12|33.45 44.13 48.50 50.62
Ours 80.61 81.09 81.53 83.07]78.90 80.69 83.54 86.00 | 48.83 55.91 59.54 60.11 | 45.70 55.55 60.13 62.85

Table 3: Single-domain retrieval performance (MAP%) on MNIST—USPS, COIL1—COIL2, A—D and P—R with varying
code lengths. The bolded figure indicates the highest score, and underlined figure indicates the second-highest score.
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Figure 3: Comparison with deep methods on MNIST-USPS
across all code lengths and Office-Home with 64 bits.

Case MNIST—USPS
Code Tength | 16 32 48 64 96 128
PSCA-vl [58.74 5979 60.09 61.68 6241 61.38
PSCA-v2 | 77.11 79.09 81.89 82.77 82.95 83.24
PSCA-v3 | 3825 4026 42.08 43.19 43.40 44.56
PSCA-v4 |76.35 78.76 79.31 79.87 80.10 80.92
PSCA 86.05 86.47 87.04 87.35 88.09 88.71

Table 4: Ablation study results on MNIST-USPS.

learning is completely removed, subsequently we fuse sam-
plesas D, = [X,X'P]T ¢ RG> where C,, = d + q.
PSCA-v4 indicates that feature reconstruction D is omitted,
directly quantizing P T X, and P " X; in stage two. The re-
sults of ablation experiments are reported in Table 4. It’s evi-
dent that all components contribute to performance improve-
ments of PSCA. The inferior performance of PSCA-v1 and
PSCA-v3 demonstrates that prototypes indeed capture fun-
damental correct semantic patterns, validating the rationality
of our geometric proximity for semantic correction.

Visualization Analysis

Figure 4 presents the t-SNE analyses of original data and
hash codes generated by TSS, DCS-LSG and PSCA on
MNIST—USPS. As shown in Figure 4(a), affected by do-
main gap, original data with the identical class generally dis-
tribute in two different areas. Compared to other baselines,
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Figure 4: Distribution visualization on case MNIST—USPS.
Different colors indicate different categories.

PSCA achieves tighter intra-class clustering and clearer
inter-class boundaries, demonstrating the effectiveness of
our PSCA in generating more discriminative hash codes.

Conclusion

While admiring the merits of previous methods, we identify
their limitations and propose PSCA. Despite deviations in
domain-shared class prototypes caused by incorrect pseudo-
labels, they still capture the vast majority of accurate seman-
tic patterns. Towards fully utilizing them, PSCA conducts
orthogonal prototype learning and introduces the geomet-
ric proximity to weight potentially unreliable semantics via
a novel semantic consistency alignment. By feature recon-
struction, PSCA avoids directly quantizing original features
affected by domain shift, achieving superior hash coding
with remarkable retrieval performance. Comprehensive ex-
periments validate that PSCA achieves SOTA performance.
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