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ABSTRACT

With the ever-increasing multimedia data on the Web, cross-modal
video-text retrieval has received a lot of attention in recent years.
Deep cross-modal hashing approaches utilize the Hamming space
for achieving fast retrieval. However, most existing algorithms have
difficulties in seeking or constructing a well-defined joint semantic
space. In this paper, an unsupervised deep cross-modal video-text
hashing approach (CLIP4Hashing) is proposed, which mitigates
the difficulties in bridging between different modalities in the Ham-
ming space through building a single hashing net by employing
the pre-trained CLIP model [24]. The approach is enhanced by
two novel techniques, the dynamic weighting strategy and the
design of the min-max hashing layer, which are found to be the
main sources of the performance gain. Compared with conven-
tional deep cross-modal hashing algorithms, CLIP4Hashing does
not require data-specific hyper-parameters. With evaluation using
three challenging video-text benchmark datasets, we demonstrate
that CLIP4Hashing is able to significantly outperform existing
state-of-the-art hashing algorithms. Additionally, with larger bit
sizes (e.g., 2048 bits), CLIP4Hashing can even deliver competi-
tive performance compared with the results based on non-hashing
features.
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Figure 1: MSRVTT text to video R@1 comparison (Storage
space vs. Average R@1). The triangles represent hashing
methods (trained with the same CLIP feature). The circles
represent non-hashing methods. We converted bit size and
float number to bytes. The CLIP4Hashing significantly out-
performs other hashing methods, and has competitive per-
formance compared with the non-hashing methods.
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1 INTRODUCTION

With explosively increasing amount of data on social media plat-
forms like Twitter and TikTok, fast and accurate cross-modal re-
trieval is gaining much attention. Compared with the traditional
cross-modal retrieval algorithms that work in the continuous fea-
ture space, hashing-based algorithms can retrieve data faster and
more efficiently. Conventional hashing-related visual tasks usually
focused only on the visual modality, i.e., the query and retrieval
data are both images or videos. In addition, single-modality hashing
methods are concerned more with seeking discriminative feature
representations than finding the representations of relationships
among the data.
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Figure 2: The pipeline of the proposed CLIP4Hashing (best viewed in color).

Some researchers [3, 18, 25] attempted to apply the single-modality
methods to multi-modality tasks directly. The performance is of-
ten sub-optimal since cross-modality information is not explicitly
considered. Besides, the common method of supervised hashing
would often lead to a more classification-like task, which is not well
supported in the Hamming space.

Recent efforts [8, 11, 13, 31] have looked into hashing for cross-
modal retrieval, which is more practical but challenging, as it is
necessary to model the semantic relationships between different
modalities. On this task, mainstream methods often utilize the joint
semantic affinity matrices to guide the learning of the Hamming
space [17, 26, 32, 40], where a key step is the creation of the simi-
larity matrices. Constructing a good affinity matrix that properly
captures cross-modal correlation for high-performance retrieval
is a non-trivial task, and most existing methods rely on ad hoc
procedures that require complicated hyper-parameter tuning (such
as in [17, 32, 37]). Accordingly, the final retrieval performance is
often limited by these ad hoc procedures.

To tackle the issues mentioned above, we propose a novel unsu-
pervised deep cross-modal hashing approach named CLIP4Hashing.
It utilizes the pre-trained CLIP model [24] to construct the affinity
matrix and build one single hashing model, which helps to mit-
igate the difficulties in bridging between different modalities in
the Hamming space. A dynamic weighting strategy is introduced
for conditioning the affinity matrix, leading to better discrimina-
tive learning. Further, a min-max hashing layer is designed for
improving binary code generation. Both modules do not require
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dataset-specific hyper-parameters and thus result in a more effi-

cient yet flexible hashing scheme. CLIP4Hashing is learned in

an unsupervised fashion, without requiring category or attribute

information of the videos. As Figure 1 shows, CLIP4Hashing sig-

nificantly outperforms existing state-of-the-art hashing methods.
The key contributions of this work include:

e CLIP4Hashing is the first approach employing the CLIP
features for video-text hashing for retrieval. This allows us
to introduce a hashing model that consists of only a single
hashing network and thus naturally mitigates the difficulty
in bridging different modalities.

e We propose dynamic weighting for conditioning the affinity
matrix for better learning and a parameter-free min-max
hashing layer for generating binary codes, both boosting the
performance of the approach.

e Our approach significantly outperforms existing hashing
methods on three video-text benchmarks, establishing new
state-of-the-art results. Furthermore, it even has competitive
performance compared with non-hashing methods when the
bit size is large.

2 RELATED WORK

Cross-modal hashing methods often focus on projecting data from
different modalities into a common Hamming space to learn binary
codes. Moreover, the paired instances should be close to each other
in the learned Hamming space compared with the unpaired ones.

Most of the current research focuses on image-text retrieval
tasks where the tags or labels are often utilized in the text modality.
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Table 1: MSRVTT results of different methods. Notes: * indicates the methods are non-hashing methods and all hashing
methods are trained with same features from the pre-trained CLIP model.

Text-to-video retrieval

Video-to-text retrieval

Method bit si
cthod name 181%€ R@17 R@57 R@107 MdR] R@1T] R@5] R@10] MdR]
CE (2019) [19] * 209 488 62.4 6 206 503 640 5.3
MMT (2020) [7] * 244 560 67.8 4 246 540  67.1 4
ClipBERT 8 x 2 (2021) [12] * 220 468 59.9 6 . . - .
SUPPORT-SET (2021) [22] * 2.6  55.1 67.5 3 274 563 677 3
HiT (2021) [16] * 288 603 72.3 3 277 592 72.0 3
Pre-trained CLIP model (2021) [24] * 30.7 53.1 62.6 5 26.0 51.7 62.4 5
S?Bin (with attributes) [23] 256 7.9 22,5 32.3 31 - - - -
256 2.7 9.5 14.8 96 2.6 9.0 14.2 81
512 3.5 113 17.1 98 33 105 167 98
DJSRH (2019) [32] 1024 5.4 16.2 23.0 57 54 168 239 57
2048 7.5 20.0 28.2 46 70 198 289 46
256 1.9 8.7 17.1 49 2.1 8.0 14.8 54
512 3.5 133 23.1 37 32 121 207 42
JDSH (2020) [17] 1024 5.4 16.0 26.6 30 41 146 238 33
2048 6.4 19.6 30.4 25 62 178 266 31
256 2.1 8.5 15.9 71 2.1 8.2 14.1 79
512 3.5 117 18.4 100 41 131 200 78
DGCPN (2021) [37] 1024 5.6 193 29.1 38 6.1 182 269 41
2048 8.4 23.2 347 27 76 229 325 28
256 149 274 335 34 147 274 337 33
‘ 512 225 397 478 13 227 374 473 13
CLIP4Hashing 1024 323 521 613 5 329 515  59.7 5
2048  37.6 569  66.3 3 370 583  66.0 3

Deng et al. [4] proposed the triplet-based hashing model that uti-
lizes the triplet labels to capture the semantic correlations between
image and text. Su et al. [32] proposed DJSRH, which constructs
a joint-semantics similarity matrix to learn the Hamming space
in order to reconstruct the joint-semantic relations. The authors
of [17] proposed a strategy termed JDSH for cross-modal retrieval,
which unfortunately needs global hyper-parameters based on the
statistics of the dataset. Scalable Discrete Matrix Factorization Hash-
ing (SCRATCH) [3] utilizes matrix factorization to learn the latent
binary representation of labels and features. UCH [13] coupled
the GAN to build two cycled networks for learning the hashing.
The outer network learns common representations and the inner
network generates the binary codes. The work in [6] proposed a
method named MSFH that learns the hashing by preserving the
topology of the original data with the help of matrix decomposition.
Unsupervised Knowledge Distillation (UKD) was introduced in [9].
It uses the output from an unsupervised teacher-student optimiza-
tion method to guide supervised hashing learning. Xie et al. [35]
developed a deep hashing approach (CPAH) to maintain the seman-
tic relationship between different modalities. It consists of a refined
module and a multi-task adversarial learning module. The method
DGCPN [37] is a deep graph-neighbor coherence preserving net-
work, which exploits three types of data similarities. However, it
requires the whole global information of dataset to build the affinity
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matrix based on the K-nearest neighbors. All these recent cross-
modal hashing works are designed for image-text retrieval and
cannot be readily adopted into the video-text domain.

Some research works focusing on the video-text domain have
been published in recent years. Qi et al. designed a framework
named S?Bin [23], considering the spatial-temporal context of the
video data and the semantic relationships among data in different
modalities. Nevertheless, it requires video action proposals and
the attributes for further guidance. Jin et al. [11] proposed a deep
semantic multi-modal hashing network, which contains two sets
of modality-specific hashing functions to preserve the semantic
information of both inter-modalities and intra-modalities. However,
itis trained in a supervised fashion. Supervised learning for hashing
has the potential disadvantage of leading to a classification-like
task [5, 15] where significant collision of hashing codes would occur.
CLIP4Hashing avoids this issue by not requiring any category or
label information.

3 APPROACH

We first introduce the notations. The m variable denotes the batch
size and O = {01, 02, ..., 0m } is the m training instances in each batch.
V and T represent the videos and texts respectively. The features of
videos and texts are extracted by the CLIP model. They are denoted
asFy = [fL f2, ... f"] e R™ and Fr = [fL, f2, ..., f™] € R™4,
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Table 2: DeDiMo results of different methods. Notes: * indicates the methods are non-hashing methods and all hashing methods

are trained with same features from the pre-trained CLIP model.

Text-to-video retrieval

Video-to-text retrieval

Method bit si
ethod name 1S812¢ R@17 R@57 R@107 MdR] R@1] R@5] R@10] MdR]

FSE (2018) [39] * 139 360 - 11 - ] - -
CE (2()]‘)) [1‘7] * 16.1 41.1 - 8.3 15.6 40.9 - 8.2

ClipBERT 8 x 2 (2021) [12] * 204 480 60.8 6 . - ; .

Pre-trained CLIP model (2021) [24] * 204 533 64.7 4 201 477 581 6
256 43 12.2 19.2 46 32 106 171 67

512 7.4 18.7 27.2 44 64 179 268 40
DJSRH (2019) [32] 1024 9.1 222 317 30 82 217 301 315
2048 128 294 408 19 9.9 255 347 24

256 1.9 10.1 17.9 37 2.1 9.4 17.2 44
512 438 16.2 25.7 30 38 151 255 345

JDSH (2020) [17] 1024 67 214 320 23 57 198 294 28
2048 7.4 220 331 22 71 208 316 26

256 2.5 10.0 16.9 97 30 105  17.2 89

512 44 132 21.7 74 52 143 207 85
DGCPN (2021) [37] 1024 7.0 194 294 34 77 209 298 335
2048 89 242 335 28 87 239 358 26

256 142 264 338 37 140 274 355 38

. 512 23.6  39.6  49.0 11 23.6 398  48.0 12

CLIP4Hashing 1024 327 516  60.6 5 303 504 562 5
2048 371 588  67.4 3 36.8 571  67.7 3

where d (512 in our paper) is the dimension of the extracted feature
from the pre-trained CLIP model. A HashNet, a multi-layer per-
ceptron (MLP), is employed to produce the latent feature. The out-
puts of the HashNet are denoted as Hy = [k, h2, .., h"] € R™Z
and Hy = [h%,hf, .. h € RMXZ, corresponding to the input
Fy and Fr , where the Z is the target encoding bit size. The bi-
nary codes can be obtained as By = [b), b2, ..., b7 € {1, +1}mxZ
and By = [b}, bf, .. bl € {-=1,+1}™*Z from the Hy and Hr re-
spectively by our designed min-max hashing layer, which will be
introduced in section 3.4.

The overall framework of CLIP4Hashing is shown in Figure 2.
As illustrated in the figure, the pre-trained CLIP model is first used
to extract the video and text features. One branch of processing uses
the extracted features to construct the affinity matrix S. Another
branch feeds the extracted features to the HashNet to generate
latent features that are then associated with the affinity matrix in
loss computation, which in turn guides HashNet learning. The min-
max hashing layer generates the binary codes from the outputs
of the HashNet. Details of these modules are elaborated in the
following subsections.

3.1 Hashing Using a Single Unified Model

Most prior efforts [17, 32, 37] adopted a dual-encoder architecture
for processing visual and textual inputs separately. Recent stud-
ies [28, 31, 33] have demonstrated that retrieval in a single domain

161

has advantages and improved performance. Some cross-modal re-
trieval works [10, 20, 24, 29] focus on building one common seman-
tic space for different modalities. Hence, in this work, we seek a
well-defined semantic space onto which both visual and textual fea-
tures can be projected and unified in the same domain. We choose
the CLIP model [24] as the building block, which provides a seman-
tic space constructed by training with over 400 million image-text
pairs. Under this model, the extracted video and text features can
be viewed as semantic vectors in the same domain, and thus we
treat the cross-modal hashing problem similar to single-modality
hashing, relying on the semantic relations of the feature vectors to
capture the cross-modal information.

Similar to previous work [26, 32, 34, 40], we use the pre-trained
features as inputs to our model. Following [32, 34], a three-layer
MLP is used as the HashNet to obtain Hy and H7, which are used in
conjunction with the affinity matrix in generating losses for guiding
the training of the HashNet (see section 3.3). Hy and Hr are fed
to the min-max hashing layer (to be discussed in section 3.4) to
produce the binary codes By and Br. This single hashing module is
termed as SHM in further discussion, which is shown as the purple
dashed circle in Figure 2.

To illustrate the benefits of utilizing a single hashing network
over the dual-network structure, the performance of these two
structures on the MSRVTT dataset with 1024 bit size are shown in
the first two rows of Table 4. The activation function of the SHM
module is replaced by Tanh for a fair comparison with the dual
network structure like [31]. More details can be found in section 4.5.
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Table 3: MSVD results of different methods. Notes: * indicates the methods are non-hashing methods and all hashing methods

are trained with same features from the pre-trained CLIP model.

Text-to-video retrieval

Video-to-text retrieval

Method bit si
ethod name 1S812¢ R@17 R@57 R@107 MdR] R@1T] R@5] R@10] MdR]
CE (2019) [19] * 198 490 63.8 6 - - - -
SUPPORT-SET (2021) [22] * 230 528 65.8 5 273 507 608 5
Pre-trained CLIP model (2021) [24] * 43.9 72.1 81.3 2 43.5 75.4 85 .
256 53 15.2 22.8 47 53 145 212 49
512 9.2 239 347 22 69 202 287 29
DJSRH (2019) [32] 1024 126 313 44.4 15 98 246 343 25
2048 182 403 52.4 9 96 288 415 165
256 6.5 20.3 31.4 25 62 215 327 25
512 8.9 254 377 18 92 270 355 20
JDSH (2020) [17] 1024 114 320 439 15 104 286 396 18
2048 117 315 435 15 94 300 399 17
256 8.8 25.5 355 22 92 248 358 21
512 132 340 46 13 145 366 487 11
DGCPN (2021) [37] 1024 167 396 51 10 175 415 535 8
2048 192 441 54.9 8 207 437 573 7
256 344 524 619 5 352 539 629 5
. 512 455 662 770 2 495 734 820 2
CLIP4Hashing 1024 524 735  82.9 1 527 772 839 1
2048 545 782  87.3 1 545 788  87.1 1

3.2 Constructing Cross-Modal Affinity Matrix
with Dynamic Weighting

For each instance pair, the visual and textual features (Fy and Fr)
are extracted by CLIP dual-encoders. Besides, for each video, mean-
pooling frame fusion is used to combine per-frame features into a
single feature vector f;,.

To construct the cross-modal affinity matrix, the cross-modal
cosine similarity matrices are first calculated as:

Svr = dcos(Fy, Fr) = FVIE‘; (1

Stv = deos (FT, FV) = FTﬁg (2)
where Sy1 € [0,1]"%™ and Sty € [0,1]™*™, and d.os denotes
the cosine similarity. F represents the normalized features from the
original F.

Next, all diagonal elements of Sy and Sty are set to 1 because
the paired video and text should be closest to each other. In the pre-
defined semantic space, even though the diagonal values are more
significant than other values in the original similarity matrices,
they hardly reach 1 since the features from different modalities in
the common semantic space are generally not the same.

Lastly, we use the average of the Sy and Sty to form the cross-
modal affinity matrix:

_ Gvr 42- Stv) 3)
This also makes S; symmetric, similar to the case in the single
modality. For simplicity, we refer to the model based on this affinity
matrix S, as CLIPbase.

S¢
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For the above affinity matrix S;, one observation is that the dis-
tances between unpaired instances are not well separated. One
reason is that the features are learned by contrastive learning with
enormous amount of data, which causes the learned distances of
unpaired instances to stay in a small range. Previous hashing meth-
ods [17, 32, 37] only paid attention to the diagonal values in the
affinity matrix, which means they are concerned more with the
paired video-text relationships. But the unpaired video-text rela-
tions should not be ignored during hashing learning. Therefore, we
design a remapping procedure to make the affinity matrix entries
more distinctive by strengthening the off-diagonal values in the
affinity matrix (which reflect relative relations between unpaired
video-texts). This is inspired by the “histogram equalization" idea
that effectively improves contrast by flattening the distribution of
the entries. Specifically, starting with Eq. 3, a few more steps are
taken to acquire the new weighted affinity matrix S.

Firstly, we acquire the mean, min, and max values of S; (denoted
as Smean> Smin and Smax) in each batch. Then each element §; ; is
determined to have either a “dissimilar pair" or a “similar pair"
status, by comparing against Smean. The affinity matrix is weighted
element-wise adaptively according to the status of the elements.
The re-weighted §; ; is represented as s; j as following:

W=s$;5,if  $§55 <§
Sij = +Al,j . Al,j Amean (4)
W*S$i j,if  $ij > Smean
where weights W~ and W+ are computed by:
- 1 Smean—S8ij 1
W™ = exp(—5 X =L~ ) (5)
2 Smean — Smin 2
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ASl,] Sinean B l) ©)
Smax — Smean 2

with W™~ and W representing the weights for the “dissimilar pair"
or “similar pair" respectively.

Such weights “stretch" the original elements non-linearly. The
—% term in Eq. 5 and 6 is for normalizing the re-weighted affinity
matrix to stay within [0, 1]. This dynamic weighting step equalizes
the distribution of the distances, making them more discriminative,
which is helpful to hashing learning.

Finally, the new cross-modal affinity matrix can be formed as
S={s, j}i’"zl’j:l. For reference in the ablation study, the dynamic

1
wt = exp(E X

weighting step is termed as DW in the following sections. The
entire process of constructing the affinity matrix with dynamic
weighting is shown as the blue dashed rectangle in Figure 2.

3.3 Losses for Preserving Cross-Modal
Similarity

To preserve the relationships between different modalities, three
losses are proposed for the learning stage: the intra- and inter-modal
similarity preserving losses and the consistency preserving loss. All
the losses are computed based on the similarity matrix constructed
by the output features before the min-max hashing layer. The intra-
modal similarity is calculated as cos (Hy, Hy) and cos (Hr, HT).
The inter-modal similarity is acquired as cos (Hy, Hr). Therefore,
the intra- and inter-modality similarity preserving losses can be
calculated as:

Lintra = min ||S - cos (Hy, Hy)|[+

IIS = cos (Hr, Hy)|[%
Linter = min ||S — cos (Hy, Hr)||3+
Hy Hr

) ®)
IS — cos (Hr, Hy) I3

where ||.||% is the Frobenius norm. Moreover, depending on the

assumption that the cross-modal task can be regarded as the sin-

gle modal task, a consistency preserving loss is also proposed as
follows:

Leon = min |[Hy - Hr|[

con Hy H || \%4 T||F

. ©)

The model with this loss will be referred to as L¢on in short in
the following sections. Therefore, the designed model is trained to
minimize the following loss function:

L =MLintra + A2 Linter + 13Lcon (10)

where A4, A2, and A3 control the trade-off among the intra-modal,
inter-modal, and the consistency losses so that they all make com-
parable contributions. This hashing learning part is shown as red
dashed rectangle in Figure 2.

3.4 Min-Max Hashing Layer for Quantization

Some intuitive binarization methods, like Sign function or Tanh
function, are usually utilized for acquiring the binary codes. Addi-
tional loss terms based on binary codes are often added in training,
which requires careful hyper-parameters tuning in the objective
function. Therefore, these methods are sensitive to the choices of
hyper-parameters. Further, they typically cannot explicitly consider
the utilization of the Hamming space. A bi-half hashing layer was
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proposed in [14] to tackle the above issues by maximizing the bit
entropy in the Hamming space. The bi-half hashing layer sorts all
the elements of each hidden feature along the batch dimension
and then assigns the top half of the elements to +1 and others to
—1. However, they neglected the fact that hidden feature elements
are not always evenly distributed in each dimension, which means
forcing values to be divided in half may not accurately represent
the learned distribution of the hidden feature components.

Due to these concerns, instead of using the above naive bina-
rization functions or the bi-half hashing layer, we design a more
flexible parameter-free hashing layer. This hashing layer, termed
as min-max hashing layer, does the following forward mapping:

B = 7(H) (11)

where the His [H!, H?, ..., H] € R™<  and  is the mapping plan.
Here H?,z = 1,2, ..., Z, represents the z-th dimension of the learned
latent features in the batch. For each H*(z = 1,2, ..., Z), we first
find its max and min values (denoted as Hy,,, and HZ ; ). Then we
calculate the distances between each element and the maximum and
minimum values (denoted as dj;,,, and dZ . ). Finally, the elements

are assigned to +1 if they are close to HZ,,,., and —1 otherwise:
+1,d% 0, < d
m(H?) = { o A (12)
“Ldax > diin

To illustrate the advantages of the min-max hashing layer, three
sample feature vectors g, b and ¢ are shown in Figure 3 as an ex-
ample. In the feature space, the cosine similarity between b and a
is 0.998, and the cosine similarity between b and c is 0.874. Thus,
the binary code of b should be more similar to a than c due to the

Z
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Figure 3: Illustrating comparison of different hashing layers.
The features of sample a are in blue, b in yellow, ¢ in green.
The difference in binary codes of Bi-Half and Min-Max layers
is highlighted in red.
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difference in the 3-rd dimension of feature. Either Sign function or
bi-half hashing layer could not preserve their relative relationships
in the latent feature space. However, our min-max hashing layer
can group the features with a dynamic threshold based on local sta-
tistics, better than forcibly assigning half +1 and —1 (bi-half layer)
or by threshold 0 (Sign). The Min-Max Hashing module is termed
MMH in the following sections for reference, which is shown as
the pink dashed circle in Figure 2.

4 EXPERIMENTS

To evaluate the CLIP4Hashing approach, we conduct experiments
on three video-text benchmark datasets: MSRVTT [36], DiDeMo [1],
and MSVD [2] datasets.

4.1 Datasets and Evaluation Metrics

MSRVTT [36] is a large-scale video-text dataset that consists of
10,000 video clips with 20 captions for each one. The average video
length is 15 seconds with a 30fps frame rate. Our model is trained
by following the settings in [7, 38], and we report the results on
the 1K-A test set [38].

DiDeMo [1] is a video-text dataset contains about 10K videos
and 4 descriptions for each video. The average video length is about
30 seconds with a 30fps frame rate. Following [12, 19, 39], we use
the same train/test split and concatenate all captions to form a
longer sentence retrieval.

MSVD [2] contains 1970 videos in total and about 40 captions
are associated with each video clip. The dataset is split into train,
validation, and test sets with 1200, 100, and 670 videos. For the
testing stage, we fixed the selection of the fifth captions among
the 40 captions for the video-to-text retrieval evaluation (i.e., the
video-to-text is one-to-one retrieval).

4.2 Implementations Details

The pre-trained CLIP (ViT-B/32) model is utilized for feature extrac-
tion and is not updated during training. For each video, 6 frames
for MSVD, 12 frames for MSRVTT, and 24 frames for DiDeMo are
uniformly selected. The training epoch is 200, the batch size is 16,
and the initial learning rate is 0.01. The learning rate is decreased
by a factor of 0.1 at the 150th epochs. The SGD optimizer is em-
ployed with 0.9 momentum and 0.0005 weight decay. The trade-off
values are set as A1 = 0.1, Ax = 1, A3 = 2 to make those three losses
are with similar magnitude. The method is implemented with the
PyTorch [21] and trained on the NVIDIA V100 GPU.

4.3 Compared Baseline Methods

Four unsupervised deep hashing algorithms, DJSRH [32], JDSH [17],
DGCPN [37], and $?Bin [23] are included in the evaluation to com-
pare with our proposed CLIP4Hashing. These four deep hashing
algorithms leverage the similarity/affinity matrix as the guidance
in learning, yet each involves several empirical hyper-parameters.
To gain a better grasp of these reference hashing networks, please
refer to the original papers. For $2Bin [23], we only quote the
performance of the MSRVTT on text-to-video retrieval since the
splitting strategy for video-to-text testing dataset is different.
Several state-of-the-art non-hashing video-text retrieval meth-
ods, including MMT [7], ClipBERT [12],HiT [16], CE [19], FSE [39],
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SUPPORT-SET [22], and the zero-shot learning of the original
CLIP model [24], are utilized as comparison with CLIP4Hashing
as well. The performance of those methods is quoted directly from
the corresponding papers. Moreover, the evaluation metric of non-
hashing methods is based on cosine similarity, while the hashing
ones is based on Hamming distance.

4.4 Performance Comparison and Analysis

For a fair comparison, the same extracted features from the pre-
trained CLIP model are provided as the input for all the compared
hashing methods. The average recall at different K (R@1, R@5, and
R@10) and median rank (MdR) are used to evaluate the performance
of all the methods. The bit sizes 256, 512, 1024, 2048 are used since
larger bit sizes (like 256 or bigger) are more suitable for maintaining
the semantic information for video clips and have been reported
to achieve good performance in recent video hashing works [23,
27, 30]. Small bit sizes (e.g., 128 or smaller) can also be employed
with our model. However, too compact binary codes will make the
well-defined semantic space collapse and the performance will drop
catastrophically. Therefore, the bit size selection can be a trade-off
between performance and efficiency.

The results on MSRVTT, DiDeMo, and MSVD datasets are shown
in Tables 1 to 3. Our approach achieves the best performance com-
pared with other hashing methods. With the increase of bit size, the
performance of our CLIP4Hashing improves more significantly
than others. Moreover, with a large bit size (e.g., the case of 2048),
CLIP4Hashing achieved competitive performance compared with
some non-hashing based video-text retrieval methods. In addition,
the performance of other unsupervised hashing-based methods
demonstrates that the simple adoption of image-text retrieval meth-
ods cannot have satisfactory results in the video-text domain.

In Figure 4, we show an illustration of the R@5 results of the
designed method and DJSRH on the query text “a cat is playing
and playing a turtle" from the MSVD dataset. The green bounding
box stands for the correctly retrieved data, while the red represents
incorrect data samples. CLIP4Hashing can retrieve the correct
video at the top one from the testing split of the MSVD dataset. Com-
pared with CLIP4Hashing, even though DJSRH can capture the
information of the “cat” and “playing’, it misses the information of
“playing a turtle", which results in the degradation of performance.

Query: ‘a cat is playing and playing a turtle’

Figure 4: Illustrating results of (a) CLIP4Hashing vs (b)
DJSRH on the Query Text: “A Cat is Playing and Playing
a Turtle".
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Table 4: Ablation Study of different modules on CLIP4Hashing (MSRVTT dataset, 1024 bit size).

Module names

Text-to-video retrieval

Video-to-text retrieval

CLIPbase SHM DW MMH ZLecon R@17T R@5] R@10] MdR] R@17T R@5] R@107T MdR]
v 8.6 226 298 39 70 201 280 53
v v 117 277 371 23 115 281 382 22
V4 VRV 146 329 415 18 13.9 323 420 18
v S v 31.0 507 586 5 327 508  59.2 5
V4 VARV V4 v 323 521 613 5 329 515 59.7 5

Table 5: Comparison of bi-half and min-max hashing layer
on CLIP4Hashing (MSRVTT dataset, 1024 bit size).

Text-to-video retrieval

R@1T R@5T R@10T MdR]

20.0 38.3 47.2 14
32.3 52.1 61.3 5

Module name

CLIP4Hashing with bi-half
CLIP4Hashing with min-max

Table 6: Comparison of DW, MMH and L., modules on
DJSRH (MSRVTT dataset, 1024 bit size).

Text-to-video retrieval

Method R@1] R@5] R@10] MdR]
DJSRH 54 162 23 57
DJSRH with DW 76 220 328 32
DJSRH with MMH 148 305  40.3 20
DJSRH with Leon 75 227 313 345

4.5 Ablation Study

To comprehensively analyze the impact of all designed modules in
our framework, we present in Table 4 the results on the MSRVTT
dataset with the 1024-bit setting. It is easy to observe that the
single hashing module (SHM) boosts the performance with our
proposed affinity matrix S (CLIPbase) by more than 3% for the
R@1 metric. Therefore, we evaluate other modules based on the
structure of CLIPbase+SHM to make the evaluation more distinct.
From the second and third rows, we can find that the dynamic
weighting (DW) process can improve over CLIPbase+SHM as well.
Furthermore, the min-max hashing layer (MMH) improves the
performance along with the proposed affinity matrix. The last row
shows the consistency preserving loss term Lo, enhances the
performance of the R@1 metric and reduces the differences between
text-to-video and video-to-text retrieval tasks. From all the rows
in Table 4, it is evident that each of our proposed modules helps
improving the performance, and together they deliver a remarkable
performance boost.

In addition, we compare the bi-half hashing layer with our min-
max hashing layer within CLIP4Hashing. Table 5 shows that the
min-max hashing layer design outperforms the bi-half hashing
layer since it can better preserve the semantic relationships. We
also applied the designed DW, MMH and £L.,, modules in other
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method like DJSRH. Table 6 shows that either dynamic weighting,
min-max hashing layer or consistency preserving loss designs can
boost the performance even on other hashing methods.

4.6 Hashing Codes Efficiency Analysis

As shown in Tables 1-3 and Figure 1, CLIP4Hashing will be im-
proved with a larger bit size. However, a larger bit size requires
more memory storage and computation time. Even though usage
of a 2048 bit size in our approach still saves roughly 87.5% storage
space compared to the CLIP feature, which has a dimension of 512
for each vector. Moreover, for the search speed, the bit-wise logic
operation for hashing-based methods is much faster than the ma-
trix multiplication of the non-hashing methods. For the 1 million
number of our 2048 bit hashing codes and the CLIP feature vectors,
a rough similarity computation time estimate is 4.3 seconds against
156.9 seconds. Thus, even with 2048 bit size, the hashing-based
codes are still able to save around 97% searching time.

5 CONCLUSION

In this paper, we propose a novel unsupervised deep hashing ap-
proach named CLIP4Hashing for video-text retrieval. To our best
knowledge, it is the first approach utilizing the CLIP model for
video-text hashing with a single hashing network. Two parameter-
free modules, dynamic weighting and min-max hashing layer, are
designed, which help drastically boost the performance of the
framework. Extensive experiments demonstrate CLIP4Hashing
outperforms existing unsupervised hashing methods on three video-
text benchmarks, establishing new performance records on these
datasets. With a larger bit size like 2048, CLIP4Hashing even
has competitive performance compared with non-hashing-based
methods.
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