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Abstract

Self-supervised video hashing (SSVH) is a practical task in
video indexing and retrieval. Although Transformers are pre-
dominant in SSVH for their impressive temporal modeling
capabilities, they often suffer from computational and mem-
ory inefficiencies. Drawing inspiration from Mamba, an ad-
vanced state-space model, we explore its potential in SSVH to
achieve a better balance between efficacy and efficiency. We
introduce SSVH, a Mamba-based video hashing model with
an improved self-supervised learning paradigm. Specifically,
we design bidirectional Mamba layers for both the encoder
and decoder, which are effective and efficient in capturing
temporal relationships thanks to the data-dependent selective
scanning mechanism with linear complexity. In our learning
strategy, we transform global semantics in the feature space
into semantically consistent and discriminative hash centers,
followed by a center alignment loss as a global learning sig-
nal. Our self-local-global (SLG) paradigm significantly im-
proves learning efficiency, leading to faster and better conver-
gence. Extensive experiments demonstrate SSVH’s improve-
ments over state-of-the-art methods, superior transferability,
and scalable advantages in inference efficiency.

Code — https://github.com/gimpong/AAAI25-S5VH

Introduction

Content-based retrieval is a basic component in video search
and recommendation. Hashing has been widely explored in
this context to facilitate fast retrieval and reduce memory
footprint (Gao et al. 2023; Sun et al. 2023b, 2024; Wang
et al. 2024b). Video hashing has evolved from traditional
methods with handcrafted features to advanced deep ap-
proaches with substantially improved retrieval performance,
where self-supervised video hashing (SSVH) has gained in-
creasing attention, given the ubiquity of large-scale unla-
beled video data and evoked by the rapid progress of self-
supervised learning in recent years (He et al. 2020).

In SSVH, temporal modeling is essential for video un-
derstanding and hash code learning. Early approaches (Song
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(a) Our S5VH based on Mamba exhibits lower inference overheads
on memory and computation. The efficiency advantages are scal-
able and more notable under larger frame numbers.
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(b) The new global learning signal in the hash space effectively en-
hances training efficiency, showing faster and better convergence.

Figure 1: Highlights of this paper.

etal. 2018a; Li et al. 2019a) utilized nonlinear RNNS to pro-
cess frame features, which suffered from gradient vanishing
(or exploding) and struggled over long-range dependencies.
In contrast, Transformer-based models (Li et al. 2021; Wang
et al. 2023a) were shown to capture temporal semantics bet-
ter, thanks to self-attentive interactions across all frames.
Despite state-of-the-art retrieval performance, the quadrat-
ically growing complexity of Transformers in computation
and memory to the frame number renders scalability limi-
tations. Pursuing the optimal trade-off between efficacy and
efficiency remains an under-explored problem.

Recent advances have sparked interest in state space mod-
els (SSMs) (Gu et al. 2021; Gupta, Gu, and Berant 2022),



where we find Mamba (Gu and Dao 2023), an improved
variant of structured SSMs (S4) (Gu, Goel, and Ré 2021),
can bring insightful solutions to the above problem. In de-
tail, the data-dependent selective mechanism in Mamba en-
sures focusing on essential information while filtering out
irrelevant noises regarding the input, which helps to capture
temporal dynamics and understand long-range relations in
videos. Moreover, Mamba’s linear complexity regarding se-
quence length promises superior scalability for video pro-
cessing, and its GPU-friendly implementation also aligns
with SSVH’s pursuit of efficient inference. These advan-
tages motivate us to explore Mamba’s potential for SSVH.

In this paper, we introduce S5VH!, the first selective
state-space approach for SSVH. For network design, we ex-
plore a Mamba-based hashing network, where each en-
coder or decoder layer comprises a bidirectional Mamba
module for effective and efficient temporal modeling. For
self-supervised hash learning, we develop a self-local-
global (SLG) paradigm that excavates hierarchical learn-
ing signals to enhance training efficiency. Our motivation
stems from the Mamba’s serial nature that restricts training
throughout (Liu et al. 2024), and we resort to a practical and
hashing-oriented solution by maximizing sample efficiency.

State-of-the-art approaches (Wang et al. 2023a; Wei et al.
2023; Li, Tian, and Ng 2024) typically follow the intra-
and inter-sample learning paradigm, where intra-sample
(i.e., self) signals refer to recovery tasks with various data
augmentations for video understanding, while the inter-
sample signals refer to contrastive tasks between videos to
obtain discriminative hash codes. We note that inter-sample
signals are subject to local signals reflected by individual
samples, whose efficiency is limited by the (negative) sam-
pling. We further integrate a global signal in the Hamming
space to complement the learning paradigm. We start with
clustering video feature space to summarize global seman-
tic structure by cluster-level similarity. Then, we introduce
a novel hash center generation algorithm to transform the
global semantics into well-separated and semantically con-
sistent hash centers. Based on them, we propose a center
alignment loss to align the hash codes of each training sam-
ple to its associated hash center, supplementing global se-
mantic guidance and enhancing sample efficiency.

We conduct extensive experiments on 4 datasets: Activi-
tyNet, FCVID, UCF101, and HMDBS51, demonstrating that
S5VH outperforms state-of-the-art baselines under various
setups and transfers better across datasets. Regarding infer-
ence efficiency, SSVH exhibits notable advantages, includ-
ing lower memory overhead, which allows for larger batch-
sizes, and faster computation. As shown in Figure 1(a), these
advantages become more pronounced as the frame number
increases. Additionally, we provide comprehensive ablations
and analyses, focusing on network architecture and training
strategy. The results verify Mamba’s superiority in SSVH
and confirm the necessity of the global signal in the SLG
learning paradigm. In particular, Figure 1(b) shows that the
proposed center alignment loss, which serves as the global
signal, can guide the training process toward faster and bet-
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ter convergence.
To sum up, our paper makes the following contributions.

* We explore the first Mamba-based SSVH model, indicat-
ing a superior solution for both efficacy and efficiency.

* We design a hash center generation algorithm that com-
putes semantically consistent and discriminative hash
centers from the feature-space global semantics.

* We propose a center alignment loss as a global learn-
ing signal, contributing to a solid self-local-global (SLG)
paradigm and improving training efficiency.

Related Works
Self-Supervised Video Hashing

Video hashing focuses on learning binary codes to enable
fast, memory-efficient video retrieval. Self-supervised video
hashing (SSVH) is particularly valuable for applications
where labels are scarce. Early approaches often overlooked
the temporal dynamics of videos, relying on traditional tech-
niques like ITQ (Gong et al. 2012), SH (Weiss, Torralba, and
Fergus 2008), and MFH (Song et al. 2011). VHDT (Ye et al.
2013) addressed this gap and showed notable improvement.

Recent methods focused on deep models, with progress in
network design and learning strategy. While RNNs prevailed
(Zhang et al. 2016; Li et al. 2017; Song et al. 2018a) ini-
tially, newer research (Li et al. 2021; Wang et al. 2023a; Li,
Tian, and Ng 2024) has favored Transformers (Vaswani et al.
2017) for superior performance. Other remarkable contribu-
tions include the use of MLP-Mixer (Tolstikhin et al. 2021)
in MCMSH (Hao et al. 2022) and EUVH (Duan et al. 2024),
as well as the incorporation of graph networks (Velickovié¢
et al. 2018) in MAGRH (Zeng et al. 2022).

On learning strategy, existing methods can be classified
into 4 categories: (i) Self-recovery signals, such as auto-
regressive frame reconstruction (Zhang et al. 2016; Song
et al. 2018a; Li et al. 2019a), separated reconstructions of
appearance and temporal dynamics (Li et al. 2017), masked
frame recovery (Li et al. 2021, 2022; Wang et al. 2023a),
and temporal order prediction (Wei et al. 2023). (ii) Inter-
sample local signals, including pairwise similarity preserva-
tion (Hao et al. 2017; Song et al. 2018a; Li et al. 2019b,
2021) and contrastive learning (Wang et al. 2023a; Duan
et al. 2024). (iii) Regularization signals, including hash-
ing regularization techniques like minimizing quantization
error, bit decorrelation, and bit balance (Wu et al. 2017),
as well as novel methods such as self-distillation (Li et al.
2022), temporal sensitivity regularization (Li, Tian, and Ng
2024), bit-wise distribution prediction (Li et al. 2019a; Wang
et al. 2023b), and feature-space cluster alignment as an aux-
iliary task (Li et al. 2021; Hao et al. 2022). (iv) Multi-modal
signals, where advanced methods incorporated extra modal-
ities like motion (Zeng et al. 2022; Shen et al. 2023) or audio
(Zhou et al. 2024), benefiting from cross-modal alignment.

Our work presents two key contributions: (i) In network
design, we are the first to explore the novel Mamba architec-
ture (Gu and Dao 2023) in SSVH, achieving an optimal bal-
ance between performance and efficiency. (ii) In hash learn-
ing strategy, we introduce a global signal through seman-
tic hash center generation and a center alignment loss. Un-



like previous methods (Li et al. 2021; Hao et al. 2022; Duan
et al. 2024) that employed feature-space cluster alignment
as auxiliary regularization, our hash-space center alignment
is more direct and effective.

State Space Models

State space models (SSMs), originating from control theory
(Kalman 1960), have emerged as a powerful framework for
sequence modeling. Recent research has focused on linear
SSMs to improve efficiency, yielding representative works
like HiPPO (Gu et al. 2020) and LSSL (Gu et al. 2021).
Based on this progress, the S4 model (Gu, Goel, and Ré
2021) set a milestone with successful performance across
various sequence tasks. Several following works further op-
timized S4 to balance efficacy and efficiency by replacing
the diagonal plus low-rank structure with a simpler diag-
onal matrix (Gu et al. 2022). Besides, many efforts have
been devoted to hardware-efficient implementation. For ex-
ample, the S5 model (Smith, Warrington, and Linderman
2022) incorporated a MIMO implementation and efficient
parallel scanning techniques. H3 (Fu et al. 2022) addressed
efficiency and performance gaps between SSMs and Trans-
formers in language tasks, by proposing a fast FlashConv
operator and a novel state passing algorithm.

Among the advances in SSMs, Mamba (Gu and Dao
2023) made significant strides with a novel data-dependent
selective mechanism and hardware-efficient implementa-
tion. The past few months have seen emerging interest in
various Mamba-base applications, including but not limited
to vision (Liu et al. 2024; Zhu et al. 2024), multi-modality
(Qiao et al. 2024; Zhao et al. 2024), and graph (Wang et al.
2024a). Inspired by these successes, we take the first explo-
ration of Mamba’s potential in video hashing.

Method

Problem Formulation and Overview of SSVH

Suppose there is an unlabeled video corpus, C = {Fi}ilil,

where F; € RVt*D ig the frame feature collection of the i-
th video, extracted by pre-trained 2D CNNs (Simonyan and
Zisserman 2014; He et al. 2016). N; and D denote frame
number and feature dimension, respectively. Self-supervised
video hashing (SSVH) aims to take F; as input and generate
a hash vector b; € {—1,+1}%, such that the Hamming dis-
tance can precisely reflect the semantic similarity. For this
task, we propose SSVH, a Mamba-based network trained
with an improved paradigm, as illustrated in Figure 2.

Mamba-based Video Hash Network

Preliminaries: State-Space Models (SSMs) and Mamba
SSMs map input z(t) € R to output y(t) € RE via the
hidden state h(t) € RY. Here, A € RV XV defines the hid-
den state’s evolution, while B € RN*! and C € R *¥ rep-
resent the input and output mappings, respectively. We can
express it by linear ordinary differential equations (ODEs):

h'(t) = Ah(t) + Bx(t),

y(t) = Ch(). M

7755

Modern SSMs approximate ODEs by discretizing A and
B using a timescale A, through zero-order hold:

A =exp(AA), (2)
B = (AA) '(exp(AA) - T)- AB, (3)

so that we obtain the discretized version of Equation (1):
hi = Ah;_1 + Bz, )

Y = Cht

Mamba (Gu and Dao 2023) introduced data dependence
to A, B, and C, enabling input-aware selection for im-
proved modeling. Despite limitations in parallelism due to
recurrence, Mamba enhanced efficiency through structural
reparameterization and parallel scanning algorithms.

Bidirectional Mamba Layers To effectively extract se-
mantic information in videos, we build the temporal encoder
&: and decoder D; with multi-layer bidirectional Mamba
(Gu and Dao 2023) layers. As illustrated in Figure 2,each
layer is composed of a forward Mamba block and a back-
ward (i.e., reverse) Mamba block, which is formulated by
Sout = Mamba(Si,) + Mamba(S;,). 5)
Here, — and < mark the forward and the reverse scans, re-
spectively. Sj, and S, denote the input and the output hid-
den states, respectively. Each Mamba block adopts a gated
structure with two branches, for example, the forward block:

S ous = Linears(8' @ §”), ©)
S = LN2(SSM(o(Conv(Linear; (LN1 (i), (7)
S" = o(Linearz(Sin)), (8)

where S/ and S are hidden states of the main and the gat-
ing branches, respectively. ® denotes the Hadamard product.
LN denotes layer normalization. o denotes the SiL.U activa-

—
tion (Ramachandran, Zoph, and Le 2017). SSM denotes the
forward selective scan module. Conv denotes the 1D convo-
lution. Linear denotes learnable linear projection.

Hash Layer We design a hash layer upon encoder’s out-
put to transform visual embeddings into compact hash vec-
tors. Given the encoded embeddings of the ¢-th video, E; €
RN:xD we obtain K -dimensional soft hash vectors by

€))

where tanh denotes the hyperbolic tangent function. To es-
tablish video-level hash codes, we aggregate the frame hash
codes by mean pooling and the sign function, namely

H; = tanh(Linear(E;)) € (=1, +1)"N*K

Ny
. 1 Z )
b’i = slgIl(]Vt P H’L[]]) (S {_17 +1}K (10)

For end-to-end training, we pass the gradient through (Ben-
gio, Léonard, and Courville 2013) the sign function.
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Figure 2: Overview of SSVH.

Semantic Hash Center Generation

Existing SSVH methods found it hard to use feature-space
semantics as effectively as in supervised scenarios. They can
only take inter-sample similarity as proxy or regularize fea-
ture space to assist hash learning, showing limited training
efficiency. We break this dilemma with a more direct so-
lution, exploring global categorical semantics for improved
hash learning. For this purpose, we introduce how to (i) ex-
tract and (ii) transform such implicit information into the
hash space. This process can be done before model training.

Global Semantic Structure Extraction Considering the
large-scale clustering on video corpus, rather than all frame
features, we use the temporally averaged features of videos
to reduce the order of magnitude. By the k-means algorithm,
we obtain N, cluster centroids, ® [601;02;---;0N,],
6. € RL, which can be regarded as the compression of the
corpus and encode the global semantic structure.

Optimization for Hash Center Generation We further
transform @ into hash centers, which are expected to be (i)
semantically consistent with the feature space, and (ii) well
separated from each other to encourage discriminative hash
codes. Let us translate these requirements into objectives:

separation

—_——~

1 Qe

EZ@T%,
0]

s.t. ® = [¢1;¢2;... ;¢Nc] c {_17+1}NC><K. 1)

W;; = cos(0;, 0;) is the feature-space semantic similarity.
® denotes the desired hash center collection.

semantic consistency

—_——f~
min |®®T — KW |2 +
P
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It is NP-hard to optimize Equation (11) for the binary con-
straint of hash centers. Fortunately, we take inspiration from
Wu and Ghanem (2018) that ® € {—1, +1}Ve*¥ i5 equiv-
alent to ® € [—1,+1]V*X N {® | ||®[]) = N.K} and
adopt the £,-box ADMM algorithm to solve Equation (11).

Concretely, we first introduce two auxiliary variables ¥,
and W, associated with the constrains S, = [—1, +1]Ve* &
and S, = {¥, | ||¥, ||Z = N.K}, respectively. Then, we
solve the following problem with p = 2 for simplicity:

N,
T 2 1 T
q)r‘%’nn ||'~I><I’ KW||F+§Z¢1 ¢j
i,
+5Sb(‘1’b)+5s( ) (12)
||‘1’ ‘I’b\|p+ 1 — @, |5

+ Tr(r;j(rp —¥y)) + Tr(r;(@ —W,).

ds(®) is an indicator that outputs 0 if ¥ € S else +00. Y,
and .. are the dual and penalty variables, respectively. Next,
the optimization process follows Wu and Ghanem (2018).

Update ®: We fix all variables except for ® at the (k+1)-
th iteration. ®**! is updated by
EW|i+350 67 ¢, + (13)
where G = YV + T’;, — wpPr - ,up\Il’;. The gradient can
be calculated by the LBFGS-B method as

A BB —KW)®+11 @+ (1p + 1,)® + G.  (14)

Update W,: We fix ®°+1 and Y¥, updating ;™" by

ming [|®®7 — e | B+ Tr(@GT),

. 2 T
min ds, (¥5) + % [, — ®*H||L — Tr(XE ), (15)
b



which can be easily solved with the proximal minimization
method, yielding the closed-form solution:

(I,k'—H + T?/Mb

\Il’b“rl =/N.K x H(I’k*l n T’zf/ﬂbHF. (16)
Updating ¥**! follows the analogous procedure.
Update Y ..: We update them by gradient ascent:
Yt =0+ (@5 — ), (17)
Y= (@M - Wt a8)

where 7 is the learning rate. The above optimization process
alternates between each variable until convergence.

Self-Local-Global (SLG) Learning Paradigm

To enhance hash learning, we faithfully leverage hierarchi-
cal learning signals in different considerations, including (i)
temporal reconstruction as self-recovery signal to capture
relations in temporal dynamics, (ii) contrastive learning as
inter-sample local signal for discriminative hash codes, and
(iii) hash center alignment as inter-sample global signal to
prompt faster, better convergence. They each play indispens-
able roles in efficient and effective learning.

Temporal Reconstruction Following Wang et al
(2023a), we reconstruct the masked frame features from the
frame-level hash codes to maximize their semantic capacity.
Specifically, we take the frame hash codes of the augmented

view n of the ¢-th video, namely, Hl-(m, as a showcase.

It has dropped the frames associated with indices MZ(-”)
during data augmentation. We first insert the [mask] token

(a learnable vector in R) to H™ according to M\

and obtain the decoder input, fIfn) Then we process it
with the temporal decoder D; and get decoded features by

13'1,(") =D,(H i(") ). Finally, we compute reconstruction loss
for the masked frames as

n 1 ~(n

= m Z 1E ™ [m) — Fym]|3.  (19)
i meM 571)

Contrastive Learning We contrastively align video-level

hash codes between views, with a temperature factor 7 > 0:

(20)

exp(cos(bil) 7bgz))/r)

. exp(cos(bEI)A,bEz))/T)
>, exp(cos(b”,b(>) /1)

> exp(cos(b;1> 'bgz) V/7)°

»CCL = — log

Hash Center Alignment We obtain the pseudo label ¢; for
the ¢-th video by clustering its temporally averaged features,

()
1
exp(cos(@e;, bl(-n) )/7)
>, exp(cos(¢pe, b)) /7)
exp(¢ b /K7)
S exp(pl b /Kr)
Total Learning Objectives

then align the video hash codes b; "’ to the hash center of ¢;:

L’(CZ\) = —log

(21)
= —log

i

2
a, 8 > 0 are hyperparameters to balance learning signals.

1
Lssyn = g(ﬁ(ﬁ% + L) vaLo + 228 +£32). 22)
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Experiments
Experimental Setup

Datasets We conduct experiments on 4 benchmark
datasets. (i) ActivityNet (Caba Heilbron et al. 2015) con-
tains 200 activity categories of recognition. We follow the
standard setup as in Wang et al. (2023a), using 9,722 videos
for training. We uniformly sample 1,000 videos across 200
categories in the validation set as queries, and the remain-
ing 3,758 videos as the database. (ii) FCVID (Jiang et al.
2017) contains 91,223 videos across 239 categories. We fol-
low Song et al. (2018b) to use 45,585 videos for training
and 45,600 videos for the retrieval database and queries.
(iii) UCF101 (Soomro, Zamir, and Shah 2012) consists of
13,320 videos from 101 human actions. We use 9,537 videos
for training and the database, and 3,783 videos from the test
set as the query set. (iv) HMDBS51 (Kuehne et al. 2011)
comprises 6,849 videos across 51 actions. We use 3,570
videos for both training and database and 1,530 videos from
the test set are designated as the query set.

Metrics Following previous works (Hao et al. 2022; Wang
et al. 2023a), we use mean Average Precision at top-IV re-
sults (mAP@ N) as the metric, namely

1

mAP@N =
Q

Q
> AP@N(q). (23)

q=1

Here, () is the number of queries in evaluation. AP@ N (q)
means the Average Precision for the ¢-th query, defined by

N

1
APQN = Rel(V)] ; P(n) - r(n), (24)

where [Rel(V)] is the total amount of relevant items. P(n)
denotes the precision at the n-th position. r(n) is the rele-
vance of the n-th ranked item (O: irrelevant; 1: relevant). We
set N € {5,20,40,60,80,100} as showcases. We further
compute the geometric mean of these showcases, denoted as
GmAP for simplicity, to show the holistic performance:

>

Ne{5,20,40,60,80,100}

GmAP = (mAP@N)2.  (25)

Additionally, we use Precision-Recall (PR) curves to il-
lustrate the detailed performance.

Implementation Details

Frame Encoding For ActivityNet, we sample 30 frames
per video and use ResNet-50 (He et al. 2016) to extract
2048-D features. Both CNNs are pre-trained on ImageNet.
For UCF101, HMDB51, and FCVID, we uniformly sample
25 frames per video and use VGG-16 (Simonyan and Zis-
serman 2014) to extract 4096-D features.

Model Configurations Considering the bidirectional lay-
ers yield double cost, to keep a comparable model size to
baselines (Wang et al. 2023a), we set the 6 layers for the en-
coder and 1 layer for the decoder. The latent dimensions of
the encoder and decoder are set to 256 and 192, respectively.



SSVH BTH DKPH MCMSH ConMH BerVAE S5VH
0.0187 0.0210 0.0243  0.0229 0.0285 0.0335  0.0378

Table 1: Cross-dataset retrieval performance by GmAP. We
train on UCF101 and test on HMDBS51 using 16-bit models.

Training Configurations For the model training, we
choose the AdamW optimizer with default parameters in Py-
torch, and employ a cosine annealed learning rate schedul-
ing from 5e~* to 1e=5. The models are trained for up to
350 epochs with 5-patience early-stopping to prevent over-
fitting. The default hyperparameter configurations are as be-
low: (i) We set the mask ratio p = |M|/N; to 0.75 on the
FCVID dataset and 0.5 on the rest of the datasets. (ii) The
temperature factor 7 in Equations (20) and (21) is set 0.5.
(iii) The number of semantic centers N, is set to 450 on
FCVID and 100 on the other datasets.

Comparison with State-of-the-arts

Baselines We select 6 representative baselines for compar-
ison: SSVH (Song et al. 2018a), BTH (Li et al. 2021), DKPH
(Li et al. 2022), MCMSH (Hao et al. 2022), ConMH (Wang
et al. 2023a) and BerVAE (Wang et al. 2023b). We have dis-
cussed them in the Related Works section.

Performance under Standard Protocols As illustrated in
Figure 3, SSVH generally outperforms other methods across
datasets and code lengths, demonstrating a superior efficacy.
In particular, the improvements are more pronounced with
lower-bit settings such as 16 bits, highlighting SSVH’s ad-
vantages in scenarios where high top-ranked results and re-
trieval speed are crucial.

Cross-Dataset Transferability We evaluate the cross-
dataset retrieval performance of different methods. Specifi-
cally, we train them on UCF101 and test them on HMDBS51.
Table 1 presents the holistic results of different methods with
16-bit hash codes in the cross-dataset scenario. SSVH con-
tinues to outperform existing models, showcasing its excep-
tional ability to generalize across diverse video data.

Inference Efficiency Inference efficiency is a crucial as-
pect of practical retrieval systems. Here we focus on in-
ference time and memory overheads for producing video
hash codes. We compare SSVH with 2 representative base-
lines, i.e., the Transformer-based model ConMH, and the
MCMSH based on MLP-Mixer (Tolstikhin et al. 2021). We
perform stress testing with them in the same computational
environment, taking 5 samples as a unit to probe the max-
imally affordable batchsizes and measuring the average in-
ference time per sample. Since efficiency is independent of
the retrieval performance, we directly stimulate tensors in
various lengths as the testing input. The results are shown in
Figure 1(b). It is clear that SSVH enjoys a larger inference
throughput and faster processing speed. Moreover, SSVH
exhibits ever-pronounced advantages with longer sequences.

Based on the measured values, we use the least squares
estimation to fit the scaling laws of inference time 7" (in ms)
w.r.t. input length L. The functions of the 3 models are given
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D Method UCF101 HMDB51

16bit 32bit 64bit 16bit 32bit  64bit
0) S5VH 357 390 440 093 130 .142
(1)  — Only 351 375 424 079 123 136
(2) < Only 324 337 390 .070 .120 133
(3) LyrOnly .138 210 .280 .045 .075 .081
4 wloLca 286 342 407 071 100 118
(5)  wlo LcL 204217 290 .070 .095 .102
(6) w/LSTM 303 351 432 084 .125 .137
(7) w/RetNet 278 355 413 .079 .108 .134
(8) w/RWKV 307 .340 408 .074 .106 .135

Table 2: Ablation study of SSVH. We use the GmAP metric.

by Teonn = 2.4 x 1076L2 + 1.9 x 1073L + 3.0 x 1072
(R? ~ 0.999); Tvemsu = 1.3 x 107522 + 2.1 x 1073L +
2.3x1072 (R? ~ 0.999); Tssyy = 1.5x1073L+3.4x10~2
(R? ~ 0.998). We note that MLP-Mixer has linear complex-
ity, but MCMSH focuses more on using its structure to boost
performance, where the improved designs result in overall
quadratic complexity. Different from ConMH and MCMSH,
S5VH enjoys a preferable linear complexity.

Model Analyses

Effectiveness of Bidirectional Design We conduct an ab-
lation study on the bidirectional design of SSVH and com-
pare three block design strategies: (i) Forward Only, where
the Mamba block processes the video sequence forward; (ii)
Backward Only, where it processes the sequence backward;
and (iii) Bidirectional (default), where stacked blocks pro-
cess the sequence in both directions. As shown in Table 2,
the bidirectional design improves retrieval performance by
1% to 6% compared to both Variant (1) and Variant (2). This
advantage comes from its ability to capture temporal depen-
dencies in both directions. By leveraging information from
both past and future frames, the Bidirectional design creates
a more comprehensive representation of the video sequence.

Effects of Different Loss Terms To analyse the effective-
ness of three loss terms (i.e., L1r , LcL and Lca) of SSVH,
we construct several SSVH variants: (i) L1g Only: train the
model with merely temporal reconstruction. (ii) w/o Lca:
S5VH removes the hash center alignment task. (iii) w/o L¢ :
We train the model without contrastive learning. As shown
in Table 2, the worst performance occurs when only LR is
used. Comparing Variant (4) with Variant (3), adding Lc|
significantly increases the GmAP, which can validate its ne-
cessity. Similarly, comparing Variant (5) with Variant (3)
and Figure 1(c), incorporating Lca not only boosts GmAP
accuracy by about 6% but also accelerates convergence by
approximately 65%, underscoring the importance of Lca.

Experiment with SSM Variants In addition to Mamba,
other notable SSM architectures like RetNet (Sun et al.
2023a) and RWKV (Peng et al. 2023) have shown excel-
lent performance in various tasks. We design SSVH Variants
(6)-(8), equipped with LSTM (Hochreiter and Schmidhuber
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Figure 3: Retrieval performance comparison by mAP@N.

1997) and the two architectures, to provide more insights for
practical choices. To ensure a fair comparison, we only re-
place the Mamba layer with the corresponding bidirectional
layers, while keeping all other factors the same.

According to Table 2, we validate that the default choice
of Mamba is satisfactory to show the best performance. We
notice that LSTM is still a strong option in SSVH, even
though it has become less popular in recent years.

Conclusions

In this paper, we introduced SSVH, the first Mamba-based
SSVH model with an enhanced learning paradigm. SSVH
develop bidirectional Mamba layers to capture compre-
hensive temporal relations for hash learning. To improve
training efficiency, we proposed a semantic hash center
generation algorithm and a center alignment loss to ex-

tract and leverage the global learning signal. Experiments
show S5VH’s consistent improvements under various se-
tups, transfers better, and superior inference efficiency. Our
study suggests the strong potential of state-space models in
video hashing, which we hope can inspire further research.
We have adjusted the size of the figures and tables as per the
editorial requirements, which has led to the removal of some
content. For the complete version, please refer to the arXiv
version of the article with the same title.
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