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Abstract

Asymmetric image retrieval (AIR), which typically employs
a compact model for the query side and a large model
for the database server, has garnered significant attention
in resource-constrained environments. While deep hashing
methods have shown great potential in large-scale image re-
trieval, current attempts for the asymmetric image retrieval
overlook the differences in quantization capabilities between
query and gallery networks. In AIR, the conventional quan-
tization scheme forces the outputs of small query models
to approximate the discrete outputs of large models, im-
posing overly rigid and stringent constraints that severely
limit the optimization of small query models. Furthermore,
existing deep hashing methods for AIR necessitate labeled
datasets from large models, which also limits their practi-
cal applicability. To this end, we reconsider the necessity
of strict discretization in AIR and propose a novel asym-
metric hashing method, named Deep Correlation Alignment
Hashing (DCAH). Rather than explicitly quantizing contin-
uous query features to match discrete gallery representa-
tions, we distill the correlation across both models and in-
troduce a Correlation Alignment based Quantization (CAQ)
scheme, thereby implicitly accomplishing quantization. To
preserve the similarity consistency between the query and
gallery models, we further employ a correlation alignment-
based knowledge distillation strategy which is intrinsically
compatible with the CAQ. Notably, the proposed quantization
scheme can function as a plug-and-play module that seam-
lessly integrates with existing AIR methods. Comprehensive
evaluations on three real-world benchmark datasets demon-
strate the effectiveness of the proposed quantization scheme
CAQ, and also show that DCAH achieves state-of-the-art per-
formance in asymmetric image retrieval scenarios.

Code — https://github.com/Xinze919/DCAH

Introduction
Deep hashing methods have been widely used in large-scale
image retrieval due to its high efficiency. Most deep hash-
ing methods (Cao et al. 2018; Li, Wang, and Kang 2016;
Hoe et al. 2021; Zhu et al. 2016; Liu et al. 2016) typically
employ the same large model to symmetrically encode both
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Figure 1: Feature distribution visualization on CIFAR-10
and MS-COCO with 32 bits. Despite milder discretization,
our method achieves superior asymmetric image retrieval
performance.

query and gallery images, named as symmetric image re-
trieval (Budnik and Avrithis 2021).

However, in resource-constrained scenarios, it is ineffi-
cient to deploy such a large model on query side. Conse-
quently, asymmetric image retrieval (Wu et al. 2022b; Bud-
nik and Avrithis 2021), which handles gallery images with a
large model while employing a smaller model for the query
images, is proposed to strike a balance between retrieval ac-
curacy and efficiency. Several deep hashing methods (Jiang
and Li 2018; Shen et al. 2017) have been proposed to asym-
metrically learn compatible hashing models. DAPH (Shen
et al. 2017) is the first deep hashing method that introduces
two different models for query and gallery images. Specifi-
cally, DAPH jointly trains two models to learn pairwise sim-
ilarity preserving codes in an alternative manner. However,
empirical results show that such mutual training scheme will
inevitably degrade the performance of large gallery model.
CSCH (Xuan et al. 2024) is the first deep hashing method,
which pre-trains a large gallery model by center-based deep
hashing method and then transfers knowledge to a small
query model.

Traditional quantization approaches explicitly enforce
feature values to converge to +1 or -1 through strong bina-
rization constraints. However, due to the inherent disparity
in capacity between lightweight query models and power-
ful gallery models, achieving effective binarization while
preserving semantic similarity remains a significant chal-
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Figure 2: Framework of the proposed DCAH. The objective of correlation alignment for similarity preserving is to align asym-
metric similarities with symmetric similarities. Correlation alignment based quantization explicitly minimize the gap between
continuous and binary query features.

lenge for the query network. As shown in Figure 1, although
our method employs a less aggressive discretization strat-
egy, it achieves superior performance in asymmetric image
retrieval, suggesting that excessive binarization may harm
feature representation. This observation highlights a critical
insight: in asymmetric image retrieval, we must re-examine
the fundamental role of quantization and reconsider the ne-
cessity of strict binary constraint in hash code learning.

In this paper, we propose Deep Correlation Alignment
Hashing (DCAH), an innovative quantization framework tai-
lored for Asymmetric Image Retrieval (AIR). Instead of en-
forcing direct alignment between continuous query features
and discrete gallery representations, we rethink the essence
of quantization by focusing on minimizing quantization er-
rors implicitly. Our key insight is that aligning the similarity
structures—rather than the features themselves—can effec-
tively reduce distortion. Specifically, we compute two types
of asymmetric similarity metrics: (1) between the continu-
ous small query model and the binary large gallery model,
and (2) between both binarized models. By aligning these
via correlation matching and a correlation distance con-
straint, our method achieves implicit quantization without
explicit binarization. For similarity preservation, we further
model two continuous similarity relationships: (1) symmet-
ric similarities within the large model, and (2) asymmet-
ric similarities between the pre-binarization small and large
models. Enforcing consistency between them enables effec-
tive knowledge distillation. In DCAH, correlation alignment
serves as the unified mechanism for both quantization and
similarity preservation. The main contributions of this work
can be summarized as follows:

• This paper introduces Deep Correlation Alignment Hash-
ing (DCAH), a novel quantization framework designed
specifically for AIR. DCAH is, to our knowledge, the
first deep asymmetric hashing approach to challenge and
relax explicit binarization, replacing rigid feature-level

quantization with a correlation-driven learning strategy.
• We propose a novel Correlation Alignment-based Quan-

tization (CAQ) loss to optimize the query model for im-
plicit quantization. The CAQ loss is both label-free and
plug-and-play, making it easily integrable with existing
AIR methods.

• Comprehensive experiments have demonstrated that our
method not only attains state-of-the-art performance but
also validates the effectiveness of the proposed quantiza-
tion scheme based on correlation alignment.

The structure of the remainder of this paper is as follows.
Section Related Work delves into the works related to our
research. Section The Proposed method outlines the problem
statement and presents our DCAH. Experimental results are
detailed in Section Experiments, followed by a conclusion
of our work in Section Conclusion.

Related Work
Asymmetric Image Retrieval. Recently, asymmetric im-

age retrieval, which leverages a large model to encode the
gallery images and a small model for query ones, shows su-
perior performance when the computing resources are lim-
ited. AML(Budnik and Avrithis 2021) proposes an asym-
metric metric learning framework that adopts different op-
timization objectives to encourage small query model to
align with large gallery model. CSD(Wu et al. 2022b) fur-
ther introduces a contextual similarity distillation frame-
work which constrains contextual similarity consistency to
keep feature generated by query model compatible with that
of gallery model with no labels. ROP(Wu et al. 2023b)
proposes a rank-preserving framework using differentiable
sorting and monotonic mapping to optimize retrieval or-
der consistency without strict feature alignment. D3still(Xie
et al. 2024) introduces a similarity difference matrix that
decomposes into consistent/inconsistent knowledge compo-
nents for distillation, achieving ranking consistency with-
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Figure 3: Comparison of quantization scheme in AIR be-
tween conventional methods and ours.

out feature alignment. GranDist(Zhang et al. 2025) presents
a layered-granularity distillation with multi-scale local se-
mantic transfer and UnamSel mechanism for fine-grained
alignment without gallery retraining.

Deep Hashing Methods. Deep hashing methods (Xia
et al. 2014; Li, Wang, and Kang 2016; Jiang and Li 2018;
Shen et al. 2017; Yuan et al. 2020; Hoe et al. 2021; Gu et al.
2022; Wu et al. 2019; Yang et al. 2020; Sun et al. 2023;
Su et al. 2024; Wu et al. 2024, 2023a; Pu et al. 2025b,a;
Su, Wu, and Li 2025) have shown prominent performance
improvements over non-deep hashing methods with hand-
crafted features (Weiss, Torralba, and Fergus 2008; Gionis
et al. 1999; Gong et al. 2013). Recently, central similarity
based symmetric deep hashing methods attract more atten-
tions and present better performance (Fan et al. 2020; Yuan
et al. 2020; Hoe et al. 2021; Wang et al. 2023). CSQ (Yuan
et al. 2020) first generates hash centers via Hadamard ma-
trix, and then pulls hash codes towards their correspond-
ing centers with binary cross entropy loss. Similarly, Ortho-
Hash (Hoe et al. 2021) proposes to maximize the cosine sim-
ilarity between the continuous codes and their correspond-
ing hash centers. Besides, many asymmetric deep hashing
methods are proposed to learn hash codes for query and
gallery images with different models. DAPH (Shen et al.
2017) jointly trains two different models to learn pairwise
similarity preserving codes in an alternative manner. The
large model is constrained to be aligned with the small one.
Different from previous methods, CSCH (Xuan et al. 2024)
uses central similarity to align the large and small models
via end-to-end training.

Unlike existing asymmetric deep hashing methods that
rely on labeled feature-space optimization, our DCAH ex-
plicitly addresses the model capability gap through a more
relaxed yet highly effective correlation alignment mecha-
nism. Furthermore, the proposed CAQ module serves as a
label-free, plug-and-play component that can be seamlessly
integrated with various AIR methods.

The Proposed Method
Preliminaries
Assume that we have a training set of N images X =
{xi}Ni=1 ∈ RN×D The goal of deep hashing is to learn a
hashing function H: x 7→ b ∈ {−1, 1}B from input space
RD into hamming space {0, 1}B via deep neural networks,

which b = sgn(f) is B-bit binary codes transformed from
the continuous hash codes f ∈ RB through a sgn func-
tion. Under the asymmetric image retrieval setting, we use
a small model Hq(·) for query side and a large model Hg(·)
for gallery side. Given an image x, the continuous hash
codes generated from query / gallery model are denoted as
fq = Hq(x) / fg = Hg(x). Therefore, the binary hash codes
are denoted as bq = sgn(fq) = H′

q(x) / bg = sgn(fg) =

H′

g(x), where H′
(·) is called deep hash function (Wu et al.

2022a). The performance of a retrieval system is measured
by some metrics, such as mean Average Precision (mAP),
which can be denoted as P (Hq(·),Hg(·)). Generally, it
is expected that P (H′

q(·),H
′

g(·)) > P (H′

q(·),H
′

q(·)) and
P (H′

q(·),H
′

g(·)) ≈ P (H′

g(·),H
′

g(·)), which allows asym-
metric retrieval to strike a balance between performance and
efficiency.

Deep Correlation Alignment Hashing Framework
As illustrated in Figure 2, the proposed Deep Correla-
tion Alignment Hashing (DCAH) framework includes two
components: correlation alignment for similarity preserv-
ing and correlation alignment based quantization. The cor-
relation alignment for similarity sreserving part tries to
achieve P (Hq(·),Hg(·))≈ P (Hg(·),Hg(·)), while the cor-
relation alignment based quantization part tries to achieve
P (Hq(·),H

′

g(·)) ≈ P (H′

q(·),H
′

g(·)).
During the training of the lightweight query model Hq(·),

the gallery model Hg(·) is frozen. For the t-th batch in the
training set, we first extract the continuous feature Fk =
[f tk1

, f tk2
, f tk3

, ···, f tkT
] ∈ RT×B and the binary features Bk =

[bt
k1
,bt

k2
,bt

k3
, · · ·,bt

kT
] ∈ RT×B of images in the batch,

where T denotes the batch size, k ∈ {g, q} and 1 ≤ i ≤ T, 1
≤ j ≤ ⌈N

T ⌉.

f jki
= Hk(x

j
i ) ∈ RB , bj

ki
= H

′

k(x
j
i ) ∈ RB (1)

where xj
i is the i-th image in the j-th training batch. For each

training sample xj
i , we compute the symmetric similarities

Cg between f jgi and Fg , and the asymmetric similarities Cq

between f jqi and Fg , making use of correlation alignment for
similarity preserving:

Cg = [f t
T

gi f
t
g1 , f

tT

gi f
t
g2 , · · ·, f

tT

gi f
t
gT ] ∈ RT

Cq = [f t
T

qi f
t
g1 , f

tT

qi f
t
g2 , · · ·, f

tT

qi f
t
gT ] ∈ RT

(2)

Then, we compute the continuous asymmetric similarities
Cm between f jqi and Bg , and the binary asymmetric simi-
larities Cn between bj

qi and Bg , making use of correlation
alignment based quantization:

Cm = [ f t
T

qi b
t
g1 , f t

T

qi b
t
g2 , · · · , f t

T

qi b
t
gT ] ∈ RT

Cn = [ btT

qi b
t
g1 , b

tT

qi b
t
g2 , · · · , b

tT

qi b
t
gT ] ∈ RT

(3)
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Correlation Alignment for Similarity Preserving
The objective of correlation alignment for similarity pre-
serving is to align asymmetric similarities with symmet-
ric similarities, thereby facilitating the implicit convergence
of continuous features from query models to those of
gallery models. Specifically, this process first leverages a
temperature-scaled softmax the asymmetric similarities be-
tween query and gallery models with their symmetric simi-
larities, smoothing the probability distributions. Building on
this, it further enforces similarity alignment through a re-
laxed yet precise correlation constraint, refining the consis-
tency between the two types of similarities. Ultimately, the
optimized query model maintains feature similarity with the
gallery model in the continuous domain, effectively preserv-
ing the desired similarity.
KL Divergence. The KL divergence DKL is employed
to optimize the consistency between symmetric similarities
and asymmetric similarities. To apply KL divergence, we
first transform the symmetric and asymmetric similarities
into probability distributions via temperature-scaled softmax
operations:

pij =
exp

(
Ci

j/τj
)∑T

l=1 exp
(
Cl

j/τj
) , for i = 1, 2, · · · , T. (4)

where τj denotes the similarity-preserving temperature co-
efficient and j ∈ {q, g,m, n}. Specifically, τg is set to be
smaller than 1 to regulate the sharpness of the probability
distribution, ensuring that the Hq(·) concentrates primarily
on the local neighborhood structure of training images rather
than distant outliers. The defined correlation alignment for
similarity preserving loss LDL is as follows.

LDL = DKL

(
pg||pq

)
=

T∑
l=1

plg log
plg
plq

. (5)

Correlation Alignment Based Quantization
As illustrated in Figure , unlike conventional quantization
schemes that explicitly minimize the gap between contin-
uous and binary query features, our approach focuses on
aligning semantic similarities rather than enforcing strict
feature-level binarization. Specifically, it comprises two
components: the correlation alignment loss and the corre-
lation distance loss.
Correlation Alignment Loss. From Eq. 4, pm and pn are
derived, which represent the transformation of continuous
and binary asymmetric similarities into probability distri-
butions, respectively. Temperature coefficient τm is set less
than τn keep H′

q(·) primarily focuses on the local neigh-
borhood correlation of training images, rather than distant
outliers. This is because a lower τm encourages the student
model to learn generalized knowledge from the teacher’s
smooth distribution (high τn) while focusing on local fea-
tures for precise binary coding. The defined correlation
alignment loss LCA is as follows.

LCA = DKL

(
qm||qn

)
=

T∑
l=1

qlm log
qlm
qln

. (6)

Correlation Distance Loss. A naive strategy is to promote
both models to have close distance for Cm and Cn. To quan-
tify the closeness between continuous asymmetric similari-
ties and binary asymmetric similarities, L1 and L2 distance
metrics are two most widely, with which we define the cor-
relation distance loss Ls as follows,

Ls =

(
T∑

i=1

∣∣Ci
m − Ci

n

∣∣α) 1
α

, α = 1, 2. (7)

By merging Eq. (6) with Eq. (7), we arrive at the defini-
tive formulation of correlation alignment based quantization
(CAQ) loss, enabling the model to jointly optimize multiple
objectives simultaneously.

LCAQ = γLCA + βLs. (8)

where γ and β is a hyper-parameter that makes a trade-off
in LCA and Ls, and γ ∈ {0, 1}, β in the range of [0, 1].

In a nutshell, by merging Eq. (5) with Eq. (8), we arrive
at the definitive formulation of L loss for training:

L = LDL + LCAQ. (9)

Experiments
Datasets
We conduct empirical evaluations of our proposed method
on three widely used datasets: CIFAR-10, MS-COCO, and
ImageNet.

CIFAR-10 consists of 60,000 32×32 images in 10 classes.
Following Refs. (Su et al. 2018), we use 5000 images per
class as the train set, 1000 images per class as the query set,
and 5000 images per class as the gallery database.

MS-COCO contains 82,783 images in the training set and
40,504 images in the validation set with multi-label annota-
tions across 80 categories. Following Ref. (Cao et al. 2017),
we obtain 122,218 images with category information. Then,
the dataset is partitioned into 5,000 queries and a gallery of
117,218 images, from which 10,000 are randomly selected
for training.

ImageNet contains 1.2M training images and 50k valida-
tion images from 1000 classes. We follow Refs. (Cao et al.
2017) to randomly 100 categories, utilizing all training-set
images from these categories as the gallery database and all
validation-set images as queries.

Baselines and Backbone Networks
Baselines. We selected seven state-of-the-art deep hash-
ing methods—DPSH (Li, Wang, and Kang 2016), HashNet
(Cao et al. 2017), DSDH (Li et al. 2017), CSQ (Yuan et al.
2020), MDSH (Wang et al. 2023), HybridHash (He and Wei
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Method

Datasets (%)

CIFAR-10 MS-COCO ImageNet

16bit 32bit 48bit 64bit 16bit 32bit 48bit 64bit 16bit 32bit 48bit 64bit

Sign-Based Quantization 93.51 94.75 95.10 95.37 49.31 51.26 53.26 53.73 47.28 56.48 59.17 62.27

(A) Supervised deep hashing methods for symmetric image retrieval

DPSH (Li, Wang, and Kang 2016) 88.03 90.30 91.01 92.89 47.45 48.39 49.78 50.34 46.97 55.49 58.33 60.23

HashNet (Cao et al. 2017) 94.10 94.98 95.29 95.80 49.77 52.32 54.11 55.89 49.31 57.92 60.66 62.17

DSDH (Li et al. 2017) 93.89 93.19 93.45 93.98 47.55 49.76 50.30 50.76 48.61 56.61 59.78 61.83

CSQ (Yuan et al. 2020) 94.09 95.37 95.66 96.01 49.56 51.72 53.66 54.32 49.23 57.29 60.90 62.96

MDSH (Wang et al. 2023) 85.03 85.55 85.40 87.49 43.45 45.71 47.12 48.77 40.34 48.46 50.09 51.33

HybridHash (He and Wei 2024) 94.19 95.06 95.51 96.12 49.60 51.89 53.96 55.07 49.51 57.89 60.78 62.13

(B) Unsupervised deep hashing methods for asymmetric image retrieval

CSCH* (Xuan et al. 2024) 93.94 95.13 95.41 95.71 49.49 51.96 53.31 55.41 49.45 58.12 60.50 62.04

DCAH 94.41 95.70 96.02 96.41 49.84 52.40 54.64 55.74 49.81 58.67 61.35 63.88

Table 1: Performance comparison of deep hashing methods.

2024), and CSCH* (Xuan et al. 2024)—alongside six state-
of-the-art asymmetric retrieval methods—CC (Peng et al.
2019), CSD (Wu et al. 2022b), ROP (Wu et al. 2023b),
RAML (Suma and Tolias 2023), RKD (Xiao and Yamasaki
2024), and GranDist (Zhang et al. 2025)—as baselines. No-
tably, for CSCH*, we employed correlation alignment for
similarity preserving to faithfully reproduce the original
methodology, aligning the continuous features of the query
model with the binary features of the gallery model. In our
experimental setup, the query model is trained for the com-
parative evaluation, whereas the gallery model is kept fixed
as the pre-trained hashing network. We employ deep hash-
ing baselines to quantify the query model, comparing its per-
formance with the CAQ method, and correlation alignment
for similarity preserving component is implemented using
asymmetric retrieval baselines.

Backbone networks. We adopt RN50 (ResNet50) (He
et al. 2016) and RN101 (ResNet101) (He et al. 2016) as the
large gallery models, while using MNetv3-S (MobileNetV3-
small) (Howard et al. 2019) and MNetv3-L (MobileNetV3-
large) (Howard et al. 2019) as the small query mod-
els. Specifically, we conduct experiments using two model
combinations: MNetv3-S with RN50, and MNetv3-L with
RN101. All backbone networks are pre-trained on Ima-
geNet.

Implementation Details and Metric
Implementation Details. The proposed DCAH framework
is implemented using PyTorch (Paszke et al. 2019). We train
all models for 120 epochs on the three datasets with a batch
size of 96. The Adam optimizer (Kingma and Ba 2015) is
used for optimization. For MNetv3-S, the learning rate and
weight decay are both set to 0.0001 across CIFAR-10, MS-
COCO, and ImageNet. The hyper-parameter β is set to 0.01

on CIFAR-10 and ImageNet, and to 0 on MS-COCO. The
query temperature τn is fixed at 0.5, while the gallery tem-
perature τm is set to [0.05, 0.01, 0.005, 0.0025] for 16-bit to
64-bit hash codes on CIFAR-10, and [0.1, 0.05, 0.05, 0.005]
on MS-COCO and ImageNet, respectively. For the quantiza-
tion of the sign function, we employ the estimated straight-
through estimator. All experiments are conducted on a work-
station equipped with an Intel Xeon Silver 4214 CPU @
2.20 GHz, 125 GB RAM, and an NVIDIA Tesla A800 GPU.

Evaluation Metric. We evaluate asymmetric image re-
trieval performance using Mean Average Precision at 1,000
retrieved items (mAP@1k), Precision-Recall curves (PR
curves), and Precision at top-k (P@top-k). In contrast to
symmetric hashing methods (Li, Wang, and Kang 2016; Cao
et al. 2017; Li et al. 2017; Yuan et al. 2020; Wang et al. 2023;
He and Wei 2024), our evaluation follows an asymmet-
ric protocol: query images are encoded using a lightweight
model to generate hash codes, while database (gallery) im-
ages are encoded using a more powerful and complex model.
This asymmetric setup is consistently applied across all per-
formance assessments, including mAP computation and the
generation of PR and P@top-k curves, ensuring a fair and
realistic evaluation of efficiency and accuracy in practical
retrieval scenarios.

Accuracy Comparison
mAP Comparisons with Representative Hashing Meth-
ods. We conduct benchmarking experiments on six rep-
resentative supervised hashing methods and one unsuper-
vised hashing method using MNetV3-S as the query model
and RN50 as the gallery model. Sign-based quantization
refers to the process of directly converting floating-point fea-
tures into binary features during inference. Remarkably, our
method outperforms most supervised learning approaches.
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Method

Datasets (%)

CIFAR-10 MS-COCO ImageNet

16bit 32bit 48bit 64bit 16bit 32bit 48bit 64bit 16bit 32bit 48bit 64bit

CC (Peng et al. 2019) 90.79 92.34 92.89 93.48 46.58 48.32 50.89 51.45 49.59 57.86 60.13 61.07

CC+CAQ 91.66 92.93 93.36 94.10 47.78 49.93 52.56 52.34 50.97 59.59 61.19 62.51
CSD (Wu et al. 2022b) 93.51 94.75 95.10 95.37 49.31 51.26 53.26 53.73 47.28 56.48 59.17 62.27

CSD+CAQ 94.41 95.70 96.02 96.41 49.84 52.40 54.64 55.74 49.81 58.67 61.35 63.88
ROP (Wu et al. 2023b) 93.58 94.67 94.89 95.18 49.58 51.22 52.94 53.67 48.59 55.17 57.82 58.48

ROP+CAQ 94.39 95.18 95.66 95.80 50.23 52.18 54.26 54.98 49.83 56.94 58.23 60.21
RAML (Suma and Tolias 2023) 93.01 95.12 95.34 95.67 47.86 50.19 52.64 53.23 46.26 54.60 58.57 60.03

RAML+CAQ 94.19 95.76 95.98 96.23 48.53 51.56 53.58 54.43 48.37 56.54 60.42 61.57
RKD (Xiao and Yamasaki 2024) 93.20 95.01 95.28 95.45 47.87 50.95 52.65 53.46 49.09 57.90 60.81 61.81

RKD+CAQ 94.38 95.40 95.67 95.99 50.09 51.88 53.37 54.89 50.68 58.81 61.31 63.12
GranDist (Zhang et al. 2025) 92.30 93.78 94.42 94.79 48.97 50.42 53.43 53.95 44.90 53.71 57.34 59.96

GranDist+CAQ 93.11 94.50 95.09 95.89 50.43 51.98 54.12 55.23 46.55 55.23 58.12 61.03

Table 2: Quantitative effects of plug-and-play CAQ on existing asymmetric retrieval methods.

Figure 4: Precision–recall curves and Precision@top-1k on
CIFAR-10, ImageNet, and MS-COCO with 32 bits.

As shown in table 1, comprehensive evaluations on CIFAR-
10, MS-COCO, and ImageNet100 demonstrate DCAH’s
consistent superiority: it achieves 96.59% mAP on CIFAR-
10, outperforming the HybridHash (96.12%) by 0.47% in
64-bit. HashNet, CSQ, and HybridHash exhibit quite good
retrieval performance in benchmarks. For instance, HashNet
reaches 55.89% mAP in 64-bit hashing through its stepwise
quantization strategy. These detailed labels provide the nec-
essary supervisory signals for HashNet’s progressive quan-
tization to effectively minimize information loss during dis-
crete encoding. Our experimental results show consistent
performance across 16-bit to 48-bit hashing, suggesting the
method maintains reasonable generalization across different
encoding lengths.

The Effects of the CAQ Plug-and-Play Hashing

Method. We systematically integrate the CAQ plug-and-
play hashing module into state-of-the-art asymmetric re-
trieval frameworks. For the AIR method, we directly use
the sign symbol for quantification. Without requiring ad-
ditional inputs, by optimizing the transition from discrete
asymmetric similarity approximation to continuous asym-
metric similarity preservation within a lightweight query
model, it not only reduces quantization error in the query
model but also effectively mitigates the performance gap
in asymmetric hashing. Specifically, the table 2 shows con-
sistent mAP improvements of 0.5–2% across CIFAR-10,
MS-COCO, and ImageNet datasets under 16–64-bit config-
urations with MNetV3-S (query model) and RN50 (gallery
model). These results validate the advantages of the CAQ
plug-and-play hashing method, that is readily quantifiable
through straightforward integration of CAQ into asymmet-
ric image retrieval frameworks.

Ablation Study
Impact of Different Loss Terms. We evaluate different
combinations of losses LDL, LCA and Ls. As shown in Ta-
ble 3, when removing LCA and Ls, the performance reduces
significantly on the datasets for all bits. Quantitative analysis
demonstrates that the exclusion of quantization techniques
invariably diminishes the training efficacy of hashing net-
works in asymmetric retrieval scenarios. The introduction of
correlation alignment loss LCA and correlation distance loss
Ls yields significant performance gains on datasets, validat-
ing its critical contribution to the quantization paradigm. We
observe that LCA primarily drives the process, with Ls act-
ing as an auxiliary component. In the MS-COCO dataset, the
combination of Ls and LCA exhibits side effects, leading to
weight of Ls being set to zero.
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Figure 5: mAP changes with different τn, τm, β at 32 bits
code length on CIFAR-10, MS-COCO and ImageNet.

LDL LCA L1 L2
Datasets(%)

CIFAR-10 MS-COCO ImageNet

✓ 94.75 51.26 56.48

✓ ✓ 95.26 52.40 58.02

✓ ✓ 94.95 51.58 57.30

✓ ✓ 94.90 51.49 57.21

✓ ✓ ✓ 95.66 52.40 58.49

✓ ✓ ✓ 95.70 52.40 58.67

Table 3: mAP comparisons with different combinations of
losses with 32 bits.

PR and P@top-k Comparisons
To comprehensively evaluate the retrieval quality of DCAH,
we present PR curves and p@k curves for the top-1,000 re-
trieved images using 32-bit hash codes. As shown in Fig-
ure 4, DCAH substantially outperforms all existing deep
hashing methods, achieving significant margins across both
evaluation metrics. Notably, DCAH demonstrates superior
retrieval characteristics: it maintains higher precision at
low recall levels while retrieving more relevant samples
in top-ranking positions. These experimental findings con-
firm DCAH’s efficacy in practical large-scale asymmetric
retrieval scenarios.

Parameter Sensitivity
To further analyze the sensitivity of these parameters, we
conduct experiments under different values of τn, τm and
β on CIFAR-10, MS-COCO and ImageNet datasets. The
temperature parameter τn and τm adjust the smoothness and
sharpness of the distribution, enabling a more accurate cal-
culation of the KL divergence in Eq. (4). And β is the hyper-
parameter that makes a trade-off between correlation align-
ment loss and correlation quantization loss in Eq. (9).

The variation in mAP with different parameter settings at
a code length of 32 bits is plotted in Figure 5, with τn, τm
in the range of [0.0001, 1] and β in [0, 1]. We find that the
trade-off value of τm and β is dataset-dependent, and the
values of τm and β differ when obtaining the highest per-
formance on different datasets. And our systematic parame-
ter optimization revealed peak performance on CIFAR-10 at
τn=0.5, τm=0.05, on MS-COCO at τn=0.5, τm=0.05, and on

Figure 6: Results visualization on ImageNet with 32 bits.

ImageNet at τn=0.5, τm=0.01. We observe that an appropri-
ate β will minimize the intra-class variance and contribute to
high-quality hash codes. Our CAQ hashing method achieve
peak mAP at β=0.01 on ImageNet, while β=0 yields opti-
mal MS-COCO performance and β=0.1 maximizes results
on CIFAR-10.

Results Visualization

We randomly choose one query image from the single-
label dataset ImageNet to perform the similarity search. The
figure 6 shows the top-5 retrieved images of DCAH and
CSCH*. Our DCAH exhibits the ability to produce high-
quality feature, resulting in more appropriate and useful re-
trieval outcomes for users. Notably, while CSCH*’s features
exhibit stronger discretization with values clustered near -1
and 1, DCAH demonstrably outperforms CSCH* in retrieval
results.

Efficiency Comparison

Training Efficiency. In the DCAH framework, our total
training time consumption is divided into two main compo-
nents: similarity preservation and quantification. Under the
same experimental setup, DCAH demonstrates the fastest
training time per batch (0.774s), outperforming all com-
pared methods including DPSH (0.896s), HashNet (0.947s),
DSDH (0.976s), CSQ (0.865s), MDCSQ (1.145s), Hybrid-
Hash (0.935s), and CSCH* (0.803s).

Conclusions

This paper proposes Deep Correlation Alignment Hashing
(DCAH), a novel label-free deep hashing method for AIR.
We argue that achieving effective binarization while pre-
serving semantic similarity is difficult and also unneces-
sary for the query network. Actually, discretization is not
the only way to reduce quantization errors. In this paper,
DCAH introduces a correlation alignment based quanti-
zation scheme to achieve implicit quantization. The pro-
posed correlation alignment based quantization scheme in-
tegrates correlation distribution approximation and correla-
tion distance constraints. For similarity preserving, we fur-
ther adopt a correlation alignment-based knowledge distil-
lation strategy that is inherently compatible with the quan-
tization scheme. Extensive experiments across three bench-
marks demonstrate DCAH’s consistent superiority, enhanc-
ing lightweight model performance and outperforming state-
of-the-art approaches.
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