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Abstract

Deep online cross-modal hashing has gained much attention
from researchers recently, as its promising applications with
low storage requirement, fast retrieval efficiency and cross
modality adaptive, etc. However, there still exists some tech-
nical hurdles that hinder its applications, e.g., 1) how to ex-
tract the coexistent semantic relevance of cross-modal data,
2) how to achieve competitive performance when handling
the real time data streams, 3) how to transfer the knowl-
edge learned from offline to online training in a lightweight
manner. To address these problems, this paper proposes a
lightweight contrastive distilled hashing (LCDH) for cross-
modal retrieval, by innovatively bridging the offline and on-
line cross-modal hashing by similarity matrix approximation
in a knowledge distillation framework. Specifically, in the
teacher network, LCDH first extracts the cross-modal fea-
tures by the contrastive language-image pre-training (CLIP),
which are further fed into an attention module for representa-
tion enhancement after feature fusion. Then, the output of the
attention module is fed into a FC layer to obtain hash codes
for aligning the sizes of similarity matrices for online and
offline training. In the student network, LCDH extracts the
visual and textual features by lightweight models, and then
the features are fed into a FC layer to generate binary codes.
Finally, by approximating the similarity matrices, the perfor-
mance of online hashing in the lightweight student network
can be enhanced by the supervision of coexistent semantic
relevance that is distilled from the teacher network. Experi-
mental results on three widely used datasets demonstrate that
LCDH outperforms some state-of-the-art methods.

Introduction
In the past decades, the volume of multimedia data has ex-
plosively grown in an exponential way (Jiang et al. 2024b;
Cui et al. 2023b; Jiang et al. 2023b; Xu et al. 2023; Ling
et al. 2023; Cui et al. 2023a; Chen et al. 2024), especially
in some artificial intelligence (AI)-based applications. Un-
der this circumstance, it is much more difficult to provide
the real time retrieval services for the cross-modal data with
such huge volume. As a powerful model in AI-based ap-
plications, large language model (LLM) is benefited from
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the increasing volume of multimedia data, and has shown its
great potentials in representation learning, neural language
processing and generation, etc. Training of LLMs involves
a large number of parameters, and thus they can be applied
to many complex scenarios for real time prediction or pro-
cessing (Zhu et al. 2024). However, the devices that handling
the cross-modal retrieval tasks in AI applications may not be
powerful in performance, especially for the mobile devices.
Thus, a lightweight retrieval framework supervised by the
large training model for multimedia data is with urgent need.

However, the application of lightweight online cross-
modal hashing that is supervised by large-scale model train-
ing in the knowledge distillation framework, is hindered by
some technical hurdles. Firstly, it is difficult in cross-modal
retrieval to extract coexistent semantic relevance of data
from different modalities, as there exists huge semantically
heterogeneous gaps between different modalities. Secondly,
the feature representation of coexistent semantic relevance
on similarity is essential to effectively achieve better perfor-
mances in hashing-based cross-modal retrieval, but most of
the existing methods may fail to adequately obtain the effec-
tive representation. Finally, bridging the connection between
the offline hashing in teacher network and online hashing in
the lightweight student network under the knowledge distil-
lation framework is also challenging.

To overcome the above-mentioned technical hurdles, this
paper proposes a lightweight contrastive distilled hashing
(LCDH) for online cross-modal retrieval. LCDH follows
the research trend that combining traditional methods and
modern neural networks to provide a lightweight retrieval
framework for AI applications (Zhu et al. 2024). Specifi-
cally, LCDH first fuses the cross-modal features extracted
by CLIP, and the fused feature is further fed into an attention
module to enhance feature representation in the teacher net-
work. Then, for aligning the sizes of similarity matrices in
offline and online hashing, the output of the attention module
is fed into a FC layer. In the student network, LCDH extracts
image and text features by lightweight models, and then the
features are fed into a FC layer to obtain binary codes, re-
spectively. Finally, the performance of online cross-modal
hashing in the lightweight student network can be boosted
under the supervision of the coexistent semantic relevance
which is learned from the teacher network, after similarity
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approximation by bridging the online and offline similarity
matrices. Main contributions are summarized as follows.

• Different from the existing cross-modal hashing meth-
ods, the proposed LCDH can effectively extract the co-
existent semantic relevance of cross-modal data for the
offline cross-modal hashing in teacher network, and then
the coexistent semantic relevance is distilled and trans-
ferred for guiding the online cross-modal retrieval in the
lightweight student network.

• To make the lightweight applications of LLMs can be
efficiently deployed into the client devices, LCDH first
adopts CLIP and attention modules to effectively pre-
serve the coexistent semantic relevance on modalities.
After the feature extraction and enhancement in the
teacher network, the features are fused to obtain discrim-
inative hash codes that can further supervise the online
training in lightweight student network by bridging with
the offline and online similarity matrices.

• Extensive experimental results on three widely used
datasets demonstrate that LCDH can deliver the best and
stable performance consistently, compared with other
state-of-the-art baseline methods.

Related Works
Offline Cross-modal Hashing

Offline cross-modal hashing methods attempt to train hash
codes and functions with full database in a batch-based man-
ner, which suffers from the limitation that cannot handle the
real time data chunks (Huang et al. 2023). For example, deep
cross-modal hashing (DCMH) adopts the end-to-end strat-
egy to jointly learn hash codes and functions for coss-modal
data (Jiang and Li 2017). Self-supervised adversarial hash-
ing (SSAH) leverages two adversarial-based models to max-
imize correlations on semantic between modalities (Li et al.
2018). Unsupervised knowledge distillation (UKD) hashing
constructs similarity matrix in the unsupervised teacher net-
work for guiding the hash codes and functions learning in
the supervised student network (Hu et al. 2020). Deep cross-
modal hashing with hash functions and unified hash code
jointly learning (DCUCH) generates hash codes and learns
hash functions asymmetrically (Tu et al. 2022). Deep adap-
tive enhanced hashing (DAEH) uses adaptive optimization
method and discriminative similarity measurement to learn
hash functions (Shi et al. 2022). Semi supervised knowledge
distillation for cross-modal hashing (SKDCH) learns simi-
larity as knowledge in a semi-supervised method in teacher
network to guide the supervised cross-modal hashing in stu-
dent network (Su et al. 2023). Coding self-representative and
label-relaxed hashing (CSLRH) enhance the class-specific
feature representations and the semantic discriminability,
while reduce the noise interference (Jiang et al. 2024a).
CLIP based knowledge distillation hashing (CKDH) lever-
ages a knowledge distillation framework to transfer the
deep semantic similarity learned by CLIP to the lightweight
corss-modal hashing in the student network (Li et al. 2024).

Online Cross-modal Hashing
Unlike offline cross-modal hashing methods, online cross-
modal hashing methods train hash codes and functions in
a real-time updating manner, where hash functions are up-
dated by hash codes trained by the continually coming data
chunks. For example, hadamard code book based online
hashing (HCOH) leverages hadamard code book to generate
hadamard matrix for online hash codes and functions learn-
ing (Lin et al. 2018). Online latent semantic hashing (OLSH)
maps discrete labels to a continuous latent semantic space
which is bridged with binary codes for learning hash codes
(Yao et al. 2019). Online collective matrix factorization
hashing (OCMFH) uses the collective matrix factorization
method to decompose new data chunk’s features and exist-
ing features into a common latent space that is generated by
the features and hash function simultaneously (Wang et al.
2020). Label embedding online hashing (LEMON) lever-
ages similarity factorization hashing method for addressing
the online hashing retrieval problem, by reconstructing the
similarity matrices using label information for newly com-
ing online data chunks (Wang, Luo, and Xu 2020). Super-
vised discrete online hashing (SDOH) embeds semantic la-
bel into the common latent space for parallel calculating the
common representation of the newly coming data from mul-
tiple modalities, and then generates hash codes by the con-
tinuous common latent representation (Liu et al. 2022). Ran-
dom online hashing (ROH) proposes a linear bridging strat-
egy to simplify the similarity factorization problem into a
linear optimization problem, and then proposes a MED em-
bedding methods to learn features and preserve significant
semantic information into hash codes (Jiang et al. 2023a).

The Proposed Method
Problem Statement
Assuming that there have n pairs of image-text instances
in the training datasets O = {oi}ni=1. Let vj be the j-th
image instance and bj be the j-th text instance, each pair
of instances in O can be represented as oj = {vj , bj}.
The label matrix for O can be denoted as L ∈ {0, 1}n×c,
and c is the number of categories. The deep semantic fea-
tures that are extracted from the image feature encoder in
the offline manner can be denoted as FI ∈ ℜn×dI , while
the deep semantic features that are extracted from the text
feature encoder in the offline manner can be denoted as
FT ∈ ℜn×dT . Similarly, the deep semantic features that are
extracted from the image and text feature encoders at round
t in the online manner can be denoted as F (t)

I ∈ ℜn×dI and
F

(t)
T ∈ ℜn×dT , respectively. In addition, dI is the dimension

of extracted image features, and dT is the dimension of ex-
tracted text features. || · ||2F is the Frobenius norm, in which
||M ||2F = Tr(MTM) and Tr(M) is the trace of matrix M .

Moreover, training set O is divided into two parts, in
which former no pairs instances are utilized for offline train-
ing in the teacher network and the rest nt pairs instances
are utilized for online training in the student network. That
is, v∗ = {vo∗, vt∗}, b∗ = {bo∗, bt∗}, and n = no + nt. Simi-
larly, the label matrices for instances in offline cross-modal
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Figure 1: The framework of the lightweight contrastive distilled hashing (LCDH) for online cross-modal retrieval.

hashing is L ∈ {0, 1}no×c, and in online cross-modal hash-
ing is L(t) ∈ {0, 1}nt×c. After deep feature extraction, the
deep semantic features for image and text instances in of-
fline cross-modal hashing are fused and fed into an attention
module for further cross-modal semantic preservation. The
output of the attention module is fed into a fully-connected
(FC) layer, and then the hash codes B′ ∈ {−1,+1}nt×r

is generated for constructing the similarity matrix. Notably,
r is the length of hash codes. The hash codes for image
and text instances in online cross-modal hashing can be
represented as V (t) = {vt∗,i}

nt
i=1 ∈ {−1,+1}nt×r and

B(t) = {bt∗,i}
nt
i=1 ∈ {−1,+1}nt×r, where nt is the size

of new coming data chunk.

Feature Extraction
The CLIP model takes cross-modal data as input to extract
deep semantic features for offline cross-modal hashing in
teacher network, while the Vgg16 and BoW models are uti-
lized for extracting deep semantic features for online cross-
modal hashing in lightweight student network. Notably, to
make the semantic similarity preserved in the teacher net-
work can supervise the online training in student network,
the length of output from the FC layer is set to nt. As
such, the size of similarity matrix S generated by hash codes
learned in the teacher network and similarity matrix S(t) up-
dated in the student network is same (i.e., nt × nt).

Offline feature extraction: In the teacher network,
the CLIP model takes {oi}no

i=1 as input, and outputs
FI = {f1

i , f
2
i , . . . , f

no
i } ∈ ℜno×dI and FT =

{f1
t , f

2
t , . . . , f

no
t } ∈ ℜno×dT , where dI and dT are the di-

mensions of FI and FT , respectively. Specifically, f j
i =

CLIPImage(vj) and f j
t = CLIPText(bj), where j ∈

[1, no]. Then, the fusion of features FI and FT is in-
put into the attention module as Ff . That is, Ff =
{f1

i f
1
t , f

2
i f

2
t , . . . , f

no
i fno

t }. The deep features Ff is then
fed into a FC layer to generate binary code B ∈

{−1,+1}no×r. The filter process in attention module can
be defined as follows:

Mf = Sigmoid(WFf +D), (1)

where Mf ∈ ℜno×d is the mask weight matrix and d is the
dimension of the fused feature. Moreover, D and W are the
parameters for the FC layer, and Sigmoid is the activation
function. The output of attention module is

Af = Ff +Mf ⊙ Ff , (2)

where ⊙ indicates element wise product and Af ∈ ℜno×d.
Finally, Af is fed into the FC layer for generating hash codes
(i.e., B′ ∈ {−1,+1}nt×r) which are well preserved the
modality-specific similarity. As such, B′ can be further uti-
lized for constructing the similarity matrix S to supervise the
training in online cross-modal hashing of student network.

Online Feature Extraction: In the student network, we
adopt lightweight feature extraction models for online train-
ing. Specifically, we utilize Vgg16 model to extract deep
semantic feature F

(t)
I for image instances, and we utilize

BoW model to extract deep semantic feature F
(t)
T for text

instances. That is, F (t)
I = EncV gg16({vj}nt

j=1) and F
(t)
T =

EncBoW ({bj}nt
j=1), where Enc∗(·) is the encoder. After

feature extracting, F (t)
I and F

(t)
T are fed into the FC layer

for further generating binary codes.

Similarity Preserving
Similarity preservation in teacher network: In the teacher
network, the output of FC layer is further supervised by the
label information in similarity matrix. Following (Zhang and
Li 2014), we randomly select nt instances from offline train-
ing set {vo∗, bo∗} to initialize the similarity matrix as follows:

S = 2GGT − 11T , (3)

where L′ is the label matrix of the selected nt instances, G ∈
{0, 1}nt×c is generated by label matrix L′ ∈ {0, 1}nt×c and
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G = L′/||L′||2F . Then, the S in the offline cross-modal hash-
ing of teacher network can be constructed as follows.

LT = min
B′

||rS −B′TB′||2F , (4)

Similarity preservation in student network: Normally,
in the online cross-modal hashing of student network, the
semantic similarity between cross-modal data can be em-
bedded into binary codes as follows (Liu et al. 2012):

min
V (t),B(t)

||rS(t) − V (t)B(t)T ||2F , (5)

where S(t) ∈ {−1,+1}nt×nt is the semantic similarity ma-
trix. For the i-th and j-th online instances, if they share at
least 1 common label S(t)

i,j = 1, otherwise S
(t)
i,j = 0. How-

ever, this method may fail to preserve the fine-grained se-
mantic similarity for multiple label data. At the same time,
this method may also lead to large overheads on storage and
computation during training, which goes against the original
intention of hashing-based cross-modal retrieval. To over-
come the above issues and make S(t) available for online
scenarios, this paper adopts logistic regression to preserve
the similarity for cross-modal data. Let g(Ω(t)

i,j ) = G
(t)
i,j =

1

1+e
−Ω

(t)
i,j

, where Ω
(t)
i,j = ω

rB
(t)
i,∗V

(t)
j,∗ and ω is a scaling fac-

tor of tuning. Then, we can define the likelihood probability
function for S(t) as follows:

p(S
(t)
i,j |B

(t)) =

{
G

(t)
i,j , if S(t)

i,j = 1,

1−G
(t)
i,j , otherwise.

(6)

where the similarity matrix S(t) is constructed by label ma-
trix (i.e., S(t) = L(t)L(t)T and L(t) ∈ {0, 1}nt×c) and the
value of elements in S(t) is binary as follows:

S
(t)
i,j =

{
1, if the i-th and j-th samples are similar,
0, otherwise.

(7)

To obtain the maximum likelihood estimation, a log-
likelihood similarity preserving term is adopted as follows:

logL =

nt∑
i=1

nt∑
j=1

log p(S
(t)
i,j |B

(t), V (t)). (8)

Finally, the maximum log-likelihood similarity preserving
problem can be defined as follows:

max
S(t)

Llog =

nt∑
i=1

nt∑
j=1

[S
(t)
i,jΩ

(t)
i,j − log(1 + eΩ

(t)
i,j )]. (9)

Knowledge Distillation
After offline cross-modal hashing in teacher network, the
semantic similarity is first initialized by Eq. (3) and then
constructed by Eq. (4). As such, the deep semantic cross-
modal similarity extracted by CLIP and attention module in
teacher network can be well preserved by Eq. (9), and further
transferred to the online training in lightweight student net-
work by the knowledge distillation framework in LCDH. In

the lightweight student network, the image and text features
are extracted by Vgg16 and BoW models from the online
training set in a lightweight manner, respectively. Then, the
hash codes and functions are updated by the maximum log-
likelihood similarity preservation. Meanwhile, the similarity
matrix S(t) is updated by S as follows:

min
S(t)

LKD = ||S − S(t)||2F . (10)

As such, the deep semantic similarity extracted from
CLIP and attention module is distilled and transferred to
S(t), which guides the online cross-modal hashing in the
lightweight student network.

Objective Function
By integrating Eq. (4), (9) and (10), the objective function
of LCDH can be formulated as follows:

min
B′,V (t),B(t),S(t)

L = −Llog + λ1LT + λ2LKD, (11)

where λ1 and λ2 are the balancing parameters.

Experiments
Datasets
MIRFlickr-25K consists of 25000 image-text pairs that an-
notated with 1 or more of 24 categories from the Flickr web-
site (Huiskes and Lew 2008). Following (Lin et al. 2015), in
the experiment, we only selected the instances with frequent
text tags that appearing more than 20 times. As such, 16738
pairs of them were remained, in which 2000 pairs of them
were selected as the query set and rest of them were selected
for the training and retrieval sets.

IAPR TC-12 consists of 20000 pairs of image-text in-
stances annotated with 255 categories (Rasiwasia et al.
2010). For each pair of them, the image is represented as
a 512-dimensional GIST vector, and the text is represented
as a 2912-dimensional BoW vector. In the experiment, only
2000 pairs were randomly selected as the query set, and the
rest were selected for the training and retrieval sets.

NUS-WIDE consists of 269648 pairs of image-text in-
stances annotated with 81 categories (Chua et al. 2009).
In the experiment, pairs of instances that annotated with
10 most frequent categories in the original 81 categories
were chosen. Thus, there were 186577 labeled pairs were
selected, in which only 2100 pairs were treated as query set
and the rest were treated as the training and retrieval sets.

Evaluation Metrics
The performances of two tasks on cross-modal retrieval are
evaluated in this section, which are text to image (T→I) and
image to text (I→T) tasks, respectively. As a widely ac-
cepted metric for the performance evaluation in the cross-
modal retrieval, mean average precision (mAP) is adopted
as one of the evaluation metrics in this paper. mAP is ac-
tually the mean of average precision, which can verify the
performance of the model more comprehensively and accu-
rately (Wang et al. 2016). Moreover, the precision recall and
top-N precision are also the widely accepted performance
evaluation metrics for cross-modal retrieval tasks.
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Task Method MIRFlickr-25K IAPR TC-12 NUS-WIDE

16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits

I→T

DCMH 0.7376 0.7466 0.7469 0.7547 0.4526 0.4732 0.4844 0.4983 0.5783 0.5921 0.5984 0.6097
SSAH 0.7654 0.7728 0.7809 0.7892 0.5381 0.5668 0.5862 0.5992 0.6036 0.6187 0.6404 0.6428
UKD 0.7138 0.7184 0.7255 0.7201 0.4812 0.4920 0.4941 0.5027 0.6149 0.6378 0.6386 0.6454

DCHUC 0.7576 0.7557 0.7611 0.7495 0.5545 0.6023 0.6257 0.6484 0.7501 0.7759 0.7976 0.7953
DAEH 0.7802 0.7916 0.7984 0.8027 0.5428 0.5796 0.6011 0.6087 0.7299 0.7534 0.7708 0.7769

SKDCH 0.7216 0.7335 0.7382 0.7403 0.5421 0.5714 0.5998 0.6103 0.7314 0.7444 0.7642 0.7701

OLSH 0.5784 0.5918 0.5981 0.5961 0.3465 0.3519 0.3619 0.3665 0.5312 0.5257 0.5295 0.5354
OCMFH 0.5860 0.5881 0.5894 0.5875 0.3056 0.3024 0.2961 0.3005 0.3761 0.3778 0.3821 0.3866
LEMON 0.7226 0.7408 0.7402 0.7437 0.4879 0.5101 0.5252 0.5318 0.6535 0.6600 0.6594 0.6702
SDOH 0.7101 0.7268 0.7332 0.7330 0.4787 0.4905 0.5020 0.5084 0.6449 0.6582 0.6716 0.6780
ROH 0.7346 0.7525 0.7585 0.7626 0.4842 0.5094 0.5347 0.5471 0.6701 0.6854 0.6928 0.7001

LCDH 0.7898 0.7992 0.8034 0.8041 0.5656 0.6093 0.6301 0.6499 0.7564 0.7803 0.8007 0.8015

T→I

DCMH 0.7628 0.7733 0.7792 0.7857 0.5185 0.5378 0.5468 0.5596 0.6277 0.6413 0.6491 0.6503
SSAH 0.7768 0.7847 0.7811 0.7823 0.5392 0.5646 0.5873 0.5998 0.6140 0.6285 0.6306 0.6324
UKD 0.7156 0.7166 0.7214 0.7190 0.4886 0.5017 0.5145 0.5172 0.6304 0.6562 0.6573 0.6639

DCHUC 0.7680 0.7791 0.7753 0.7681 0.5393 0.6039 0.6431 0.6734 0.7051 0.7243 0.7479 0.7453
DAEH 0.7597 0.7667 0.7741 0.7813 0.5132 0.5558 0.5799 0.5905 0.7130 0.7353 0.7455 0.7501

SKDCH 0.7814 0.7985 0.8067 0.7982 0.5404 0.6021 0.6398 0.6701 0.7228 0.7404 0.7519 0.7583

OLSH 0.5988 0.5996 0.6011 0.6031 0.3521 0.3668 0.3625 0.3697 0.5604 0.5638 0.5880 0.5841
OCMFH 0.5829 0.6094 0.6038 0.6024 0.3311 0.3173 0.3286 0.3203 0.4092 0.4175 0.4282 0.4330
LEMON 0.8137 0.8270 0.8333 0.8304 0.5956 0.6185 0.6507 0.6687 0.7772 0.7850 0.8053 0.8018
SDOH 0.7605 0.7961 0.7981 0.8032 0.5644 0.5918 0.6223 0.6441 0.7734 0.7859 0.7982 0.7991
ROH 0.8194 0.8362 0.8443 0.8481 0.5765 0.6147 0.6535 0.6795 0.7940 0.8092 0.8162 0.8264

LCDH 0.8223 0.8480 0.8556 0.8574 0.5987 0.6229 0.6574 0.6810 0.8018 0.8116 0.8268 0.8311

Table 1: mAP results of LCDH and baseline methods on MIRFlickr-25K, IAPR TC-12 and NUS-WIDE.

Figure 2: Precision-recall and Top-N precision curves of LCDH and baselines on MIRFlickr-25K with 128 bits hash codes.

Baseline Methods and Implementation Details
To verify the superior performances on cross-modal re-
trieval of LCDH, we compared LCDH with 6 offline
cross-modal hashing methods (i.e., DCMH2017, AGAH2019,
UKD2020, DCHUC2022, DAEH2022 and SKDCH2023, and
5 online cross-modal hashing methods (i.e., OLSH2019,
OCMFH2020, LEMON2020, SDOH2022, ROH2023). No-
tably, UKD2020 and SKDCH2023 are the knowledge
distillation-based hashing methods. All experiments were
conducted on a workstation that running Windows 10 pro-
fessional operation system with AMD Ryzen9 5900X CPU
and NVIDIA GeForce RTX3090 GPU. The versions of
CUDA is 11.3, of python is 3.9.8 and of pytorch is 1.10.1.

Results on Datasets
As shown in Table 1, the mAP results of the proposed
method outperform other baseline methods in terms of I→T

and T→I tasks on MIRFlickr-25K, IAPR TC-12 and NUS-
WIDE. Normally, the offline cross-modal hashing baseline
methods will outperform the online ones. This is mainly be-
cause the offline methods learns hash codes and functions in
two steps with full database, while the online methods learns
hash codes and updates hash functions with data chunks
of partial database. The results of the proposed LCDH and
baseline methods on mAP, precision recall curve and top-N
precision curve are as follows.

Results on mAP From Table 1, we can have the following
observations and analyses of mAP results.

• LCDH outperforms knowledge distillation-based UKD
and SKDCH methods, verifying that both knowledge dis-
tillation framework and features extraction modules are
effective and have considerable contributions to the per-
formance of LCDH. The main reason may be that the
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Figure 3: Precision-recall and Top-N precision curves of LCDH and baselines on IAPR TC-12 with 128 bits hash codes.

Figure 4: Precision-recall and Top-N precision curves of LCDH and baselines on NUS-WIDE with 128 bits hash codes.

feature extraction by CLIP and feature representation en-
hanced by the attention module in LCDH are more effec-
tive than that in UKD and SKDCH.

• All methods deliver outstanding results on mAP for
MIRFlickr-25K and NUS-WIDE, but ordinary one for
IAPR TC-12. The reason may be that, data in IAPR TC-
12 is with much higher category number and feature di-
mensions, than that in MIRFlickr-25K and NUS-WIDE.

• As an online cross-modal hashing method, LCDH still
can outperform some state-of-the-art offline cross-modal
hashing methods in all cases. The main reason may be
that, LCDH has powerful semantic preservation ability
by fusing contrastive features extracted by CLIP, and the
fused feature is further fed into the attention module to
enhance the feature representation.

• LCDH has achieved obvious improvements on mAP re-
sults for both I→T and T→I tasks, especially when the
length of hash codes is short. Notably, LCDH can deliver
the remarkable and best results on mAP, of both I→T and
T→I tasks for all three datasets.

Results on Precision Recall Curve By measuring the rel-
evance of the precision and retrieval results, precision recall
curve can reveal the relationship between them. Therefore,
the higher the precision recall curve, the better the perfor-
mance on retrieval. From Figs. 2, 3 and 4, we have the fol-
lowing observations and analyses of precision recall curve.

• In all case, there are obvious gaps between the curves of
the proposed LCDH and the second best baseline meth-
ods. This is consistent to the mAP results, indicating that
LCDH can achieve competitive retrieval performance on
precision in all levels of recall.

• All the methods including the proposed LCDH perform

better on T→I than I→T tasks, in terms of the precision
recall curve. The main reason may be that, the fusion
of contrastive learning on cross-modal features can well
extract the coexistent semantic relevance representation,
which is further enhanced by the attention module for
narrowing the heterogeneous gaps on semantic.

• In all levels of the curves, LCDH can deliver the high-
est precision consistently, for both I→T and T→I tasks
on all three datasets. This indicates that LCDH is able to
effectively capture the adequate coexistent semantic rele-
vance, by the well designed feature extraction model and
knowledge distillation framework in LCDH.

Results on Top-N Precision Curve Normally, top-N pre-
cision curve can reveal the proportion of the top N results,
which are with the highest probability in prediction results
containing correct label. Therefore, the higher the top-N pre-
cision curve, the better the performance on retrieval. From
Figs. 2, 3 and 4, we can have the following observations and
analyses of top-N precision curve.

• There exists significant gaps between the top-N precision
curves of the proposed LCDH and other baseline meth-
ods, especially on MIRFlickr-25K and IAPR TC-12.

• LCDH surpasses other baseline methods with a diverse
numbers of retrieval instances, in terms of top-N preci-
sion on all three datasets.

• When the retrieval number of instance increasing largely,
the proposed LCDH can still achieve the prominent and
stable retrieval performance. This verifies that, LCDH
can effectively and correctly transfer the coexistent se-
mantic relevance information to student network by
the similarity approximation and knowledge distillation
framework proposed in LCDH.
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Task Variants MIRFlickr-25K IAPR TC-12 NUS-WIDE

16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits

I→T

Log-Similarity – 0.7785 0.7813 0.7907 0.7981 0.5524 0.5838 0.6074 0.6253 0.7462 0.7697 0.7915 0.7991
Offline Hashing – 0.7609 0.7664 0.7699 0.7702 0.5389 0.5573 0.5897 0.6004 0.7277 0.7439 0.7741 0.7865

CLIP – 0.7671 0.7698 0.7710 0.7716 0.5427 0.5684 0.5913 0.6107 0.7324 0.7572 0.7890 0.7906

LCDH 0.7898 0.7992 0.8034 0.8041 0.5656 0.6093 0.6301 0.6499 0.7564 0.7803 0.8007 0.8015

T→I

Log-Similarity – 0.8069 0.8257 0.8447 0.8532 0.5854 0.6043 0.6260 0.6598 0.7875 0.8011 0.8109 0.8212
Offline Hashing – 0.7943 0.8102 0.8228 0.8395 0.5753 0.5874 0.6183 0.6444 0.7790 0.7906 0.7975 0.8090

CLIP – 0.7998 0.8144 0.8316 0.8469 0.5791 0.5990 0.6247 0.6585 0.7816 0.7951 0.8002 0.8133

LCDH 0.8223 0.8480 0.8556 0.8574 0.5987 0.6229 0.6574 0.6810 0.8018 0.8116 0.8268 0.8311

Table 2: The ablation results of LCDH on the three datasets with various code lengths.

Ablation Analysis
mAP results of the ablation analysis are represented in Ta-
ble 2, where ’–’ means the corresponding module in the pro-
posed LCDH is dropped and the optimization will be redid.

As shown in Table 2, ’Offline Hashing’ and ’CLIP’ have
considerable contributions to performances of LCDH, while
’Log-Similarity’ have relatively weak contribution to the
performance of LCDH. The results of ’Offline Hashing’ and
’CLIP’ have verified the effectiveness of knowledge distilla-
tion framework and the CLIP-based feature extraction in the
proposed LCDH. That is, the deep semantic information is
well extracted and preserved in teacher network, and then
effectively transferred to the student network for guiding
the online cross-modal hashing. Moreover, the results also
demonstrate that log-likelihood similarity preservation term
is well designed to guide the training in student network. Fi-
nally, the LCDH with full modules had achieved the best re-
sults in all cases, revealing that all the modules have indeed
contributions to the performance of the proposed LCDH.

Convergence Analysis
By recording and illustrating the values of the objective
function (i.e., Eq. (11)), the convergence analysis for LCDH
is provided as shown in Fig. 5. From the figure, it can be ob-
served easily that the losses (the values of the objective func-
tion) of LCDH are reducing quickly and becoming stable
after around ten iterations for all datasets. This verifies that
LCDH can quickly become convergent and deliver a stable
and consistent performance. That is, the quick convergence
of losses can prove that LCDH effectively transfers the co-
existent semantic relevance on modalities to guide the online
hashing by the knowledge distillation framework.

Parameter Sensitivity
In the objective function of LCDH, parameter λ1 con-
trols the impact of the similarity preservation in teacher
network, while parameter λ2 controls the impact of sim-
ilarity approximation for offline and online similarity in
knowledge distillation. The ranges of λ1 and λ2 are set to
{1e−5, 1e−4, 1e−3, 1e−2, 1e−1, 1e0, 1e1, 1e2, 1e3, 1e4, 1e5}.
As shown in Fig. 6(a) and Fig. 6(b), LCDH achieved the
best performance on MIRFlickr-25K for both I→T and
T→I retrieval tasks when λ1 = 1e4, λ2 = 1e0. From the
figures, we also can find that both λ1 and λ2 have make
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Figure 5: The convergence analysis for LCDH on
MIRFlickr-25K, IAPR TC-12 and NUS-WIDE @ 128 bits.

(a) Parameter sensitivity of λ1 and
λ2 for I→T tasks on MIRFlickr-25K

(b) Parameter sensitivity of λ1 and
λ2 for T→I tasks on MIRFlickr-25K

Figure 6: The parameter analysis for LCDH of λ1 and λ2,
for I→T and T→I tasks on MIRFlickr-25K @ 128 bits.

contributions to the performances of LCDH to great extents.
It indicates that the deep feature extraction, representation
enhancement, similarity approximation and the knowledge
distillation framework are effectively designed in LCDH.

Conclusion
This paper proposes a lightweight contrastive distilled hash-
ing (LCDH) method for online cross-modal retrieval. LCDH
fuses CLIP-extracted cross-modal features and enhances
representations using an attention module. Binary codes
with label information are generated via a fully connected
layer to align offline and online similarity matrices. In the
student network, image and text features from VGG16 and
BoW are similarly transformed into binary codes. By ap-
proximating similarities and leveraging semantic relevance
from the teacher network, LCDH effectively bridges offline
and online hashing, achieving competitive retrieval perfor-
mance with state-of-the-art offline methods, while maintain-
ing a lightweight structure.
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