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Abstract

Cross-modal retrieval, as an emerging field within multime-
dia research, has gained significant attention in recent years.
Unsupervised cross-modal hashing methods are attractive due
to their ability to capture latent relationships within the data
without label supervision and to produce compact hash codes
for high search efficiency. However, the text modality exhibits
worse representation ability compared with the image modal-
ity, leading to weak guidance to construct the joint similarity
matrix. Moreover, most unsupervised cross-modal hashing
methods are based on pairwise similarities for training, re-
sulting in non-aggregating data distribution in the hash space.
In this paper, we propose a novel Vision-guided Text Min-
ing for Unsupervised Cross-modal Hashing via Community
Similarity Quantization, termed VTM-UCH. Specifically, we
first find the one-to-one correspondence between each word
and each vision (image or object) based on the Contrastive
Language-Image Pre-training (CLIP) model and compute the
text similarities according to the clustering of their corre-
sponding visions. Then, we define the fine-grained object-
level image similarities and design the joint similarity ma-
trix based on the text and image similarities. Accordingly, we
construct an undirected graph to compute the communities as
the pseudo-centers and adjust the pairwise similarities to im-
prove the hash codes distribution. The experimental results
on two common datasets verify the accuracy improvements
in comparison with state-of-the-art baselines.

Code — https://github.com/louisfanhz/VTMUCH

Introduction
Cross-modal retrieval refers to the task of searching for rele-
vant instances to the query from data of different modalities.
With the ever-growing size and complexity of data, Cross-
modal Hashing (CMH) emerges as a promising solution to
the retrieval task due to its superior computation and stor-
age efficiency. CMH aims to map heterogeneous data into
a joint embedding space i.e. Hamming space, essentially
transforming the retrieval task to a nearest-neighbor search
problem. Recent CMH methods show remarkable results by
leveraging the representation power of deep neural networks
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Figure 1: An example to illustrate the ambiguity in image-
text data. The captions below the images are the paired bag-
of-words, the labels above the images are manually created.

to learn both the hash functions and modality-specific repre-
sentations of data (Song et al. 2013; Liong et al. 2015; Do,
Doan, and Cheung 2016; Cao et al. 2018; Wang et al. 2021).

However, current CMH paradigms often deploy deep
learning models without addressing the inherent deficiency
embedded within cross-modal datasets, obscuring the sim-
ilarity relations between the data samples. In the image-
text retrieval scenario, the images generally contain richer
semantics and reflect clear correspondence to other similar
images, but the paired captions supposed to describe the im-
ages are usually ambiguous or even unrelated. As shown in
Figure 1, the two examples are obtained from MIRFLICKR-
25K (Huiskes and Lew 2008). The first caption is ambigu-
ous because its words are not related to the first image. By
observing the captions of the two samples alone, it is uncon-
vincing that the two samples are similar. In contrast, both
images clearly contain very similar contents, which is in ac-
cordance with the semantics revealed by the labels. We be-
lieve this inconsistency results from the facts that the dataset
generation involves significant amount of noisy web data
(Desai et al. 2021) (Jia et al. 2021), and samples across
modalities are not well-matched in their semantic meanings
(Han et al. 2024). Therefore, directly encoding the data can
jeopardize the model’s performance in unexpected ways. As
a result, compensating for the defect in text modality is cru-
cial in designing an effective CMH scheme.

Moreover, the lack of labels limit most unsupervised
CMH methods to use pairwise (Yang et al. 2017) (Wang
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et al. 2021), triplets (Deng et al. 2018) or ranking losses
(Ding et al. 2017) (Hu et al. 2023), which only maintain
point to point relations, resulting in not fully-optimized dis-
tribution in the joint-embedding space. In contrast, the avail-
ability of label information in supervised settings enables an
intuitive yet effective design of center-based loss that create
clusters in the joint-embedding space (Hoe et al. 2021) (Tu
et al. 2023d) (Huo et al. 2024). Center-based loss generate
discriminative enough hash codes even for imbalanced data
and can achieve high data distribution coverage compared
to that of pairwise or triplet loss (Yuan et al. 2020), but it is
difficult to generate centers in unsupervised settings to ad-
just hash codes distribution due to the lack of labels.

In this paper, we propose an unsupervised cross-modal
hashing method termed Vision-guided Text Mining for Un-
supervised Cross-modal Hashing (VTM-UCH). Firstly, we
deploy an object detection module to identify objects in the
images. These objects are then encoded by the pre-trained
Vision Transformer (ViT) of the Contrastive Language-
Image Pre-Training (CLIP) (Radford et al. 2021) model to
obtain feature vectors. We also encode every word for each
textual sample using the text transformer of CLIP to identify
the words’ correspondence with objects. Then, we classify
both the images and the detected objects into clusters us-
ing K-means clustering (Lloyd 1982). By knowing whether
the corresponding visions (images or objects) belong to the
same cluster, we are able to obtain a text similarity ma-
trix which contains richer and more accurate semantic in-
formation. Secondly, as for the image modality, with the de-
tected objects, we develop a fine-grained pairwise similarity
metric which helps to obtain a robust image similarity ma-
trix. Thirdly, by fusing the text and image similarity matri-
ces, we build an undirected graph, and apply Leiden algo-
rithm (Traag, Waltman, and van Eck 2019) to identify non-
overlapping communities in the graph, which can be used
as pseudo-labels. Then, we adjust the similarity matrix in
consideration of the pseudo-labels to refine hash codes dis-
tribution in Hamming space. Finally, pairwise loss in view
of the final similarity matrix is used for training. Our main
contributions are summarized as:

• We identify the need to explicitly address the heterogene-
ity gap and deficiency in cross-modal datasets, and pur-
pose a novel text mining scheme to capture semantic sim-
ilarity.

• We compensate unsupervised method with center-based
strategy by utilizing community-detection algorithm,
which helps adjusting hash codes distribution in the
Hamming space.

• Experimental results on two common multi-modal
datasets show superior accuracy performance of the pro-
posed method compared with state-of-the-arts baselines.

Related Works
In this section, we summarize previous works that are related
to our approach, mainly on supervised cross-modal hashing
(Sun et al. 2023, 2024b,a) and unsupervised cross-modal
hashing (Hu et al. 2020; Liu et al. 2020; Zhu et al. 2023;
Zhong et al. 2023).

Supervised Cross-modal Hashing
Supervised CMH methods utilize label information to cor-
relate encoded data samples in the Hamming space. The su-
perior effectiveness of supervised methods is guaranteed by
the dataset itself, which typically involves strict data align-
ment in the hash codes generation process. Recent super-
vised methods build on this advantage to develop effec-
tive paradigms. DCMHT (Tu et al. 2022) draws inspira-
tion from Neural-Architecture-Search and uses a selective
approach in learning hash bits. MITH (Liu et al. 2023) in-
corporates transformer models and distillation mechanism
to consider similarities in different granularities. As noticed
by the works above, only considering pairwise similarities
does not ensure well-distributed embedding space. An intu-
itive yet effective idea in recent literatures is based on center
or proxy losses, which encourages the model to learn opti-
mized global data distribution. DAPH (Tu et al. 2023a) gen-
erates proxies using class labels and infuses the data modali-
ties with the label information for hashing. DSPH (Huo et al.
2024) adopts similar strategy and generates proxies to clus-
ter samples with the same labels, and simultaneously to pull
away the irrelevant ones. However, the supervised nature of
the above methods makes them rely on the labels which are
costly. Furthermore, the powerful center-based mechanism
cannot be adapted to unsupervised settings.

Unsupervised Cross-modal Hashing
Different from supervised methods, unsupervised CMH
methods do not rely on label information, but often need to
devise mechanisms to extract the similarity relations from
data. Unsupervised methods have received considerable at-
tention for their practicability in real-world applications.
Many recent works rely on constructing similarity matrix
to encode pairwise relations for model learning. UDCMH
(Wu et al. 2018) purposes matrix-factorization with binary
latent factor models to generated hash codes. DJSRH (Su,
Zhong, and Zhang 2019) constructs a joint similarity ma-
trix from the neighborhood structure of data samples for
hash codes learning. DGCPN (Yu et al. 2021) utilizes graph-
based methods to extract the structural and hierarchical sim-
ilarity between samples. DAEH (Shi et al. 2022) constructs
similarity matrix based upon a distance-based metric to dis-
criminatively learn hash functions for different modalities.
CIRH (Zhu et al. 2023) uses graph-based network to extract
similarity relations across modalities and builds an encode-
decoder structure to preserve similarity within modalities.
However, these methods do not address the deficiency in
datasets, especially for the text modality. UCHSTM (Tu
et al. 2023b) mines the semantic similarity information from
text modality to support constructing a robust similarity ma-
trix to learn hash functions. Nevertheless, UCHSTM only
focuses on extracting semantics from texts, and does not ex-
plicitly correlate text and image modalities.

Methodology
Architecture
Figure 2 shows the framework of the proposed VTM-UCH
method which contains three modules to pre-process train-
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Figure 2: The framework of the proposed VTM-UCH model. The proposed model is composed of three pre-processing modules.
The vision-guided text mining module finds one-to-one correspondence between word and vision (object or image), and com-
putes text similarities by vision clustering. The image feature extraction module computes fine-grained mean image similarities
between the max matching objects. The community detection module assigns each instance to a non-overlapping community,
producing several pseudo-labels. The final similarity matrix is constructed according to the above three models, and used in
pairwise loss for training.

ing data for text mining, feature extraction, and community
detection. In the text mining module, we first conduct object
detection with pre-trained FasterR-CNN module (Ren et al.
2017) on the images. Then, we match each word with its
most similar vision (object or image) by their CLIP features
(Radford et al. 2021). Next, all the visions are clustered by k-
means clustering (Lloyd 1982). Accordingly, text similarity
matrix is constructed by whether their corresponding visions
appear in one common cluster. In the image feature extrac-
tion model, we utilize the objects’ CLIP features to calculate
fine-grained image similarity matrix by max-min population
similarity. By fusing the text and image similarity matrices,
we construct an undirected graph, and generate communities
in the community detection module. In the end, we adjust the
final similarity matrix to design a pairwise loss for training
the whole framework.

Notations and Problem Formulation
Given a training dataset D containing N instances, where
each instance (xi,yi) denotes a pair of image xi and text
yi. We utilize the pre-trained CLIP image and text encoders
to extract modality-specific feature vectors xi ∈ Rd and
yi ∈ Rd, where d denotes the dimensionality of the CLIP
features. Additionally, we define xi,a ∈ Rd as the feature
vector of the a-th detected object in image xi, where the ob-
jects are encoded by pre-trained CLIP image encoder. We

also define yi,a ∈ Rd as the feature vector of the a-th
word in text yi, where the words are encoded by pre-trained
CLIP text encoder. In most cases, the numbers of objects and
words in an instance (xi,yi) are not the same.

Our goal is to learn hash functions to project the high-
dimensional image and text data to a common discrete Ham-
ming space, where the Hamming distances between simi-
lar data points are small. We denote the hash functions as
f(·; θx) and f(·; θy) for image and text modalities, respec-
tively. They take the image and text feature vectors xi and
yi as input to obtain their continuous hash codes hx

i =
f(xi; θ

x) ∈ (−1, 1)K and hy
i = f(yi; θ

y) ∈ (−1, 1)K ,
where θx and θy denote trainable parameters in two modal-
ities, and K denotes the number of hash bits. We use a tanh
activation over the logits to ensure that the hashing bits are
mapped between -1 and 1. Then, the discrete binary codes
for xi,yi can be easily computed as bx

i = sgn(hx
i ) and

by
i = sgn(hy

i ). All the hash codes generated from the
training dataset in two modalities are denoted as Bx =
[bx

1 , ...,b
x
N ] ∈ {−1, 1}K×N , and By = [by

1, ...,b
y
N ] ∈

{−1, 1}K×N , respectively. In addition, the image and text
similarity matrices are denoted as Sx ∈ {−1, 1}N×N and
Sy ∈ {−1, 1}N×N , respectively.

We use boldface lowercase letters (e.g., x) to denote vec-
tors and boldface uppercase letters (e.g., X) to denote matri-
ces.
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Vision-guided Text Mining
As shown in Figure 2, we first compute the similarities
between words and visions (objects and images) in every
input text-image pair, where objects are obtained from a
pre-trained object detection module and words are simply
the split of text input. We adopt FasterR-CNN (Ren et al.
2017) trained on the Open Images Dataset (Kuznetsova et al.
2020) for object detection, with a hyperparameter τ as the
detection-score threshold. As the number of words varies
greatly across data instances and across datasets, we limit
the number of words present in each text by a hyperparame-
ter Nw. Since the vision and word feature vectors are of the
same dimensionality produced by pre-trained CLIP (Rad-
ford et al. 2021), we can compute their cosine similarities for
one-to-one corresponding matching. As for the word yi,a,
we identify its most similar object as

x̃i,a = argmax
xi,∗

cos(yi,a,xi,∗) (1)

= argmax
xi,∗

yi,a · xi,∗

∥yi,a∥∥xi,∗∥
∈ Rd (2)

where ∗ is an arbitrary detected object in xi. As a result,
suppose there are Nw,i words in text yi, the vision-guided
features for text yi is denoted as:

Yi = {x̃i,1; ...; x̃i,nw,i
} ∈ Rd×nw,i (3)

In order to quantify similarity relations between instances,
we cluster detected objects from all the training images
along with all the training images based on their distances in
the CLIP feature space by using K-Means clustering (Lloyd
1982). Given the number of clusters Nc, K-Means’s objec-
tive is to find a set of centroids C = {C1,C2, ...,CNc} that
satisfy

C = argmin
C

Nc∑
k=1

∑
xi,a∈Ck

∥xi,a − µk∥2

µk =
1

|Ck|
∑

xi,a∈Ck

xi,a

(4)

We define a function lS that assigns a unique label to each
detected object (we just describe objects for convenience)
based on its closest centroid:

lS(xi,a) = argmin
k

∥xi,a − µk∥ (5)

Then, the set of labels for the vision-guided text yi is de-
noted as

LS(yi) = {lS(x̃i,1), ..., lS(x̃i,nw,i
)} (6)

Finally, the text similarity matrix Sy ∈ {−1, 1}N×N can
be constructed using the above-defined labels. In particular,
if two text instances share at least one common label, we
consider them similar, then the corresponding entry of Sy is
defined as 1:

Sy
ij =

{
1, if LS(Yi) ∩ LS(Yj) ̸= ∅
−1, otherwise

(7)

Figure 3: The bottom diagram shows the frequencies of co-
sine similarities between words and original images, the up-
per diagram shows the same statistics between words and
detected objects.

Note that the labels identified by object detection model
are irrelevant to our model, because injecting the informa-
tion of labels from object detection model may pollute the
underlying feature space. we introduce clustering to utilize
the semantic-rich information contained in the pre-trained
CLIP encoder. By using visual information to supplement
text, the model pays more attention to the words correspond-
ing visions essentially, and thus introduces less noise inher-
ent in text modality. We show experimentally that incorpo-
rating object detection is effective in extracting the semantic
information from CLIP embedding space.

Here, we explain why we utilize both images and detected
objects to match the word feature vectors. As shown in Fig.
3, we report the statistics of the cosine similarity between
words and detected objects, and between words and the orig-
inal images. The former has a mean of 0.221 and standard
deviation of 0.0108, while the latter has a mean of 0.210 and
standard deviation of 0.0113. Obviously, the similarities be-
tween words and detected objects present a better similarity
distribution, which can enhance the text semantic mining. In
the experimental part, we also implement ablation studies to
verify this conclusion.

Image Feature Extraction

The image feature extraction module aims to extract fine-
grained semantic information from each image using its de-
tected objects. For every pair of images xi and xj in the
dataset, we compute the pairwise cosine similarity between
their detected objects as

cos(xi,a,xj,b) =
xi,a · xj,b

∥xi,a∥∥xj,b∥
∈ [−1, 1] (8)

For an object xi,a detected in xi and an object xj,b detected
in xj . We then obtain the similarity between image xi and xj

by averaging the sum of the max cosine similarities between
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Task Method MIRFLICKR-25K NUS-WIDE

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

I → T

CVH 0.600 0.599 0.596 0.598 0.372 0.362 0.406 0.390
IMH 0.612 0.601 0.592 0.579 0.470 0.473 0.476 0.459

CMFH 0.621 0.624 0.625 0.627 0.455 0.459 0.465 0.467
FSH 0.613 0.630 0.658 0.670 0.506 0.508 0.517 0.524

RFDH 0.639 0.632 0.642 0.643 0.451 0.477 0.489 0.496
DJSRH 0.641 0.655 0.677 0.682 0.513 0.514 0.534 0.554
JDSH 0.671 0.681 0.687 0.697 0.552 0.561 0.590 0.588
DSAH 0.686 0.693 0.701 0.712 0.561 0.587 0.598 0.599

UKD-SS 0.693 0.692 0.706 0.714 0.542 0.577 0.603 0.625
DAEH 0.701 0.698 0.705 0.715 0.581 0.580 0.609 0.623
CIRH 0.699 0.703 0.715 0.728 0.573 0.601 0.610 0.621

UCHSTM 0.731 0.737 0.742 0.751 0.623 0.632 0.637 0.649
VTM-UCH 0.743 0.754 0.751 0.754 0.616 0.633 0.639 0.631

T → I

CVH 0.591 0.583 0.576 0.576 0.401 0.384 0.442 0.432
IMH 0.603 0.595 0.589 0.580 0.478 0.483 0.472 0.462

CMFH 0.642 0.662 0.676 0.685 0.529 0.577 0.614 0.645
FSH 0.615 0.635 0.663 0.672 0.479 0.481 0.497 0.513

RFDH 0.622 0.627 0.630 0.626 0.436 0.410 0.442 0.458
DJSRH 0.646 0.656 0.668 0.679 0.528 0.530 0.529 0.554
JDSH 0.674 0.675 0.682 0.695 0.549 0.550 0.573 0.581
DSAH 0.683 0.696 0.708 0.715 0.576 0.589 0.614 0.633

UKD-SS 0.702 0.697 0.705 0.713 0.567 0.594 0.613 0.621
DAEH 0.690 0.686 0.696 0.709 0.582 0.578 0.605 0.613
CIRH 0.699 0.709 0.721 0.734 0.577 0.605 0.615 0.626

UCHSTM 0.733 0.745 0.745 0.735 0.611 0.624 0.635 0.658
VTM-UCH 0.751 0.758 0.760 0.761 0.635 0.649 0.651 0.645

Table 1: The mAP results of VTM-UCH and baselines with 16 to 128 hash bits on MIRFLICKR-25K and NUS-WIDE.

each object pairs:

sim(xi,xj) =
1

no,i + no,j
(
∑
a

max
b

cos(xi,a,xj,b)

+
∑
b

max
a

cos(xi,a,xj,b))
(9)

where no,i and no,j denote the numbers of objects detected
in images xi and xj , respectively. Since the computing com-
plexity of computing similarities between all the detected
objects is O(N2), which becomes expensive when the train-
ing size is large. In practice, we limit the number of de-
tected objects in an image to at most 0.5max(no,∗), where
max(no,∗) denotes the maximum number of objects de-
tected in all the images.

The image similarity matrix Sx ∈ {−1, 1}N×N is then
calculated as

Sx
ij =

{
1, if sim(xi,xj) > µx + ησx

−1, otherwise
(10)

where µx and σx denote the population mean and standard
deviation of the cosine similarities of all the image pairs in
the training set, η denotes a hyperparameter to allow for tun-
ing the sparsity of the image similarity matrix.

Community Detection
By fusing the image and text similarity matrices Sx and Sy ,
we construct a fused similarity matrix Sf ∈ {−1, 1}N×N as

Sf
ij =

{
1, if Sx

ij = 1 or Sy
ij = 1

−1, otherwise.
(11)

The fused similarity matrix Sf captures the pairwise similar-
ity relations for all data instances. However, since the fused
similarity matrix is discrete and binary, it implicitly assumes
that two instances should either be very close or very far in
Hamming space, which is inappropriate in an unsupervised
setting because not all similar pairs will be correctly identi-
fied.

Therefore, we aim to declare two samples similar/dissim-
ilar only when there is strong evidence. For this purpose,
we incorporate community-detection algorithm which iden-
tify communities from similarity matrix such that samples
within their corresponding communities are well-connected.
In other words, if Sf suggests two samples are similar, we
want to confirm they also exist in the same community. By
injecting structural correlations, we ensure a better exploita-
tion of the embedding space of the encoder model.

We adopt Leiden algorithm (Traag, Waltman, and van Eck
2019), a community detection algorithm aiming to optimize
the modularity H:

H =
1

2m

∑
c

(ec − γ
K2

c

2m
) (12)

where Kc denotes the sum of nodes degrees in community
c, m denotes the total number of edges in a graph, ec de-
notes the number of edges in community c, and γ denotes
a resolution parameter. Intuitively, Leiden algorithm aims to
maximize the difference between the expected number of
edges K2

c /(2m) and the actual number of edges ec in a com-
munity. Mention that we densify the communities for better
centroid distribution.
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Figure 4: The precision-recall curves with 16 to 128 hash bits on MIRFLICKR-25k.

Considering Sf as an adjacency matrix such that Sf
ij = 1

indicates an edge between nodes sfi and sfj , we use Leiden
algorithm to identify partition P = {Comm1, Comm2, ...}
that contains non-overlapping communities. We define a
function lC that assign each node a unique community la-
bel according to which community it belongs to:

lC(s
f
i ) = k s.t. sfi ∈ Commk (13)

We then construct the community similarity matrix Sc as

Sc
ij =

{
1, if lC(s

f
i ) = lC(s

f
j )

−1, otherwise.
(14)

Joint Similarity Matrix Construction
In the end, the community similarity matrix can then be used
to refine the fused similarity matrix Sf such that the result-
ing matrix identify confident similar/dissimilar pairs of sam-
ples:

Sij =

 1, if Sf
ij = 1 and Sc

ij = 1

−1, if Sf
ij = −1 and Sc

ij = −1
sim(xi,xj), otherwise

(15)
where sim(xi,xj) ∈ [−1, 1] denotes continuous image sim-
ilarities computed by image CLIP features. For pairs of sam-
ples that are not confidently enough to assign similarity re-
lations, we choose to directly use sim(xi,xj) to measure
similarities between the instances.

Loss Function
The similarity matrix S is used as a target measure to learn
the networks that parameterize hashing functions. In partic-
ular, we minimize the reconstruction error between Sf ′

and
the inner product between hash codes:

Lr = ρ∥(Bx)TBx −KS∥2F
+(1− ρ)∥(By)TBy −KS∥2F

+∥(Bx)TBy −KS∥2F

(16)

where ρ is the trade-off parameter to balance the intra-modal
reconstruction error.

we also add the semantic alignment loss to preserve the
intra-modal and inter-modal similarities of the same data
pair instances:

Ls = ∥(Bx)TBx − (By)TBy∥2F
+∥(Bx)TBy − (Bx)TBx∥2F
+∥(Bx)TBy − (By)TBy∥2F

(17)

The overall loss function is

L = Lr + αLs (18)

where α denotes a hyperparameter to tune the contribution
of the semantic alignment loss.

Experiments
In this section, we summarize the experiments performed on
two commonly used datasets for CMH: MIRFLICKR-25K
(Huiskes and Lew 2008) and NUS-WIDE (Chua et al. 2009).

Datasets and Evaluation Metrics
MIRFLICKR-25K is a widely used dataset that contains
25,000 pairs of images and captions, where each image is
annotated by 24 tags. We follow the experimental setup of
(Su, Zhong, and Zhang 2019) to process the dataset, select-
ing 20,015 pairs of images and captions for our experiments.
Each of the selected image may be of different size and each
caption is a list of words selected from a vocabulary con-
taining 1,386 words. For MIRFLICKR-25K, we randomly
sample 2,000 pairs of images and captions as the query set,
and sample 5,000 pairs from the remaining data as the train-
ing set. All data not in the query set is used as retrieval set.

NUS-WIDE dataset contains 269,649 pairs of images and
captions, where each image is annotated by 81 tags. We se-
lect 190,421 image-text pairs that belong to the 21 most fre-
quently used tags as our dataset, out of which 2,000 pairs are
randomly sampled as the query set, 5,000 pairs are sampled
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Variant I →T T → I
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits

VTM-UCH-Nocomm 0.740 0.752 0.750 0.744 0.745 0.756 0.760 0.758
VTM-UCH-Comm 0.704 0.721 0.726 0.726 0.702 0.723 0.724 0.727

VTM-UCH-Img 0.724 0.733 0.735 0.739 0.734 0.736 0.745 0.749
VTM-UCH-COCO 0.724 0.731 0.730 0.731 0.728 0.732 0.733 0.738

VTM-UCH 0.743 0.754 0.751 0.754 0.751 0.758 0.760 0.761

Table 2: The mAP scores of different variants of VTM-UCH on MIRFLICKR-25K.

from the remaining data as the training set. All data not in
the query set is used as retrieval set.

To evaluate the performance of our model, we calculate
Mean Average Precision (mAP) scores, as well as Precision
and Recall for all the queries based on ranking Hamming
distances between query hash code and retrieved hash codes.

Baselines
We compare our VTM-UCH model with 13 state-of-the-art
baselines, including 4 shallow methods: Cross-view Hash-
ing (CVH) (Kumar and Udupa 2011), Inter-media Hashing
(IMH) (Song et al. 2013), Collective Matrix Factorization
Hashing (CMFH) (Ding, Guo, and Zhou 2014), Fusion Sim-
ilarity Hashing (FSH) (Liu et al. 2017), and 9 deep meth-
ods: Robust and Flexible Discrete Hashing (RFDH) (Wang,
Wang, and Gao 2018), Deep Joint-Semantics Reconstruct-
ing Hashing (DJSRH) (Su, Zhong, and Zhang 2019), Joint-
modal Distribution-based Similarity Hashing (JDSH) (Liu
et al. 2020), Deep Semantic-alignment Hashing (DSAH)
(Yang et al. 2020), Unsupervised Knowledge Distillation
for Cross-modal Hashing (UKD-SS) (Hu et al. 2020), Deep
Adaptively-enhanced Hashing (DAEH) (Shi et al. 2022),
Correlation-identity Reconstruction Hashing (CIRH) (Zhu
et al. 2023), UCHSTM (Tu et al. 2023c), and HEH (Zhong
et al. 2023).

Experimental setup
For the training task, the input image is resized to 224×224,
and the input text is split into individual words, each as
a separate input. We use the pre-trained CLIP model as
the backbone during initialization. While fine-tuning CLIP
backbone, we only fine-tune the text encoder, but freeze
the parameters of the image encoder. The output of the last
layer is a 512-dimensional vector for both the image encoder
and text encoder. Fully connected layers followed by a tanh
activation are used to learn hashing functions. We provide
the parameters configuration used for the two datasets here.
As for MIRFLICKR-25K, Nc = 14, as for NUS-WIDE,
Nc = 22. All the other parameters are the same across the
two datasets. τ = 0.3, ρ = 0.1, Nw = 64, α = 1.

Results and Analyses
Table 1 shows the mAP scores of the proposed VTM-
UCH and several state-of-the-art baselines. We find that
our method generally outperfroms the baselines, especially
on MIRFLICKR-25K. Figure 4 shows the Precision-Recall
curves of all the methods, which exhibits similar results with
Table 1. We also configure four variants of VTM-UCH to
analyze the influence of each component in the model archi-
tecture. VTM-UCH-Nocomm denotes the variant that does

Figure 5: Hyperparameter analysis on α and ρ and Nc with
32 hash bits on two datasets.

not incorporate community detection, using the fused simi-
larity matrix (11) directly in loss function (16). VTM-UCH-
Comm denotes the variant that uses similarity matrix con-
structed from community labels, i.e. the matrix (14), in loss
function (16). VTM-UCH-Img denotes the variant that only
using images to match words in (2), instead of using both
the original images and their detected objects. VTM-UCH-
COCO denotes the variant that uses FasterR-CNN (Ren et al.
2017) trained on the MS-COCO Dataset (Lin et al. 2014) as
object detection module. The results verify that all the com-
ponent contribute to the whole model.

Parameter Analysis
We perform analysis on hyper-parameter α, ρ,Nc, which de-
note the weight of the semantic alignment loss, the parame-
ter to balance the intra-modal and inter-modal reconstruction
error, and the number of clustering centers used by K-Means
clustering, respectively. We empirically conduct the experi-
ments on MIRFLICKR-25K with 32 hash bits. As shown in
Figure 5, our method is not sensitive to the hyperparameters.

Conclusion
In this paper we propose a novel unsupervised cross-modal
hashing architecture via vision-guided text mining. Exper-
imental results show that the proposed VTM-UCH outper-
forms state-of-the-art approaches.
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