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Abstract. Unsupervised video hashing usually optimizes binary codes
by learning to reconstruct input videos. Such reconstruction constraint
spends much effort on frame-level temporal context changes without
focusing on video-level global semantics that are more useful for re-
trieval. Hence, we address this problem by decomposing video infor-
mation into reconstruction-dependent and semantic-dependent informa-
tion, which disentangles the semantic extraction from reconstruction con-
straint. Specifically, we first design a simple dual-stream structure, in-
cluding a temporal layer and a hash layer. Then, with the help of seman-
tic similarity knowledge obtained from self-supervision, the hash layer
learns to capture information for semantic retrieval, while the temporal
layer learns to capture the information for reconstruction. In this way, the
model naturally preserves the disentangled semantics into binary codes.
Validated by comprehensive experiments, our method consistently out-
performs the state-of-the-arts on three video benchmarks.
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1 Introduction

In view of the explosive growth of informative media (i.e., videos) [57,24,44,46,29],
the efficient large-scale retrieval system [3,19,52,11,53] has become an urgent re-
quirement in the real world. Video retrieval system needs to understand the
semantic similarity information implicit in videos [55], which can be found by
comparing the real-valued features in the last layer of deep networks. Unfortu-
nately, these massive amounts of features take up large storage space [6] and
seriously affect the retrieval speed. As a key building block of search algorithms,
hashing [12], can alleviate the above issue by compressing high dimensional fea-
tures into compact binary codes. However, the abundant content and temporal
dynamics of videos make it difficult for binary codes to preserve the similarity
structure of the real-valued feature space [23,45]. Besides, compared to image
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Fig. 1. (a) Existing methods usually optimize binary codes by using an encoder-
decoder architecture to reconstruct the visual information of input frames. (b) Our
method utilizes latent codes in the student model to model temporal changes required
for the reconstruction task, thereby allowing binary codes to focus on global semantics.

Essential semantic information: a boy is biking.

Superfluous information: start with lawn, near trees and fences.

Essential semantic information: a cat.

Superfluous information: in and out storage box, table legs etc. 

Fig. 2. Essential and superfluous information for the semantic video retrieval task.

datasets, the manual annotation and pre-training costs of standard large-scale
video data are very high [10]. Therefore, unsupervised video hashing has in-
trigued many researchers in practice [37,21,22,56].

As shown in Fig. 1 (a), existing unsupervised video hashing methods usually
optimize binary codes by using an encoder-decoder architecture to reconstruct
the visual information of input frames. For example, Zhang et al. [56] employ an
encoder-decoder Recurrent Neural Networks (RNNs) [33] to capture the tempo-
ral nature of videos for binary codes. Later, Li et al. [20] introduce Variational
Auto-Encoders (VAE) [17] to learn a probabilistic latent code of video varia-
tions. However, these binary codes are forced to independently satisfy the goal
of video reconstruction, which may be sub-optimal for semantic retrieval due to
the heterogeneity of two tasks [13] (i.e., the retrieval and reconstruction tasks).

Specifically, given raw videos as input, existing models tend to compress the
information that is essential to reconstruction but may be superfluous for simi-
larity search. This argument can be proved in Information Bottleneck (IB) [42]
from an information-theoretic perspective. IB models the information flow [50]
from input x to the target x̃ through latent variable b (e.g., binary codes), where
the optimal b should contain the minimal sufficient information to predict x̃ but
discards all superfluous information in x that is irrelevant for x̃. This provides an
optimization principle that maximizes the mutual information I(b; x̃) between
the latent variable and the target, and simultaneously constrains I(x; b) small.
In the above existing hashing methods, maximizing I(b; x̃) corresponds to min-
imizing the reconstruction error. The reconstruction-essential information [31]
may be the sequence of actions, constant changes, etc., which involves more
fine-grained temporal understanding. However, as shown in Fig. 2, binary codes
require more attention to global semantic concepts like “biking” or “cat” for
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ranking videos. Because, the retrieval goal is not to retain all information of the
original video data, but to preserve the discriminative similarity information.

Based on the above discussion, we propose a novel Dual-stream Knowledge-
Preserving Hashing (DKPH) framework to obtain semantic binary codes by
decomposing video information into semantic-dependent and reconstruction-
dependent information. As shown in Fig. 3, DKPH fully releases the potential
of semantic learning via teacher-student optimization: (1) the student model
designs a simple but effective dual-stream structure to disentangle the semantic
extraction from reconstruction constraint on a single binary code; (2) the teacher
model refines the semantic similarity knowledge to further guide the meaningful
information decomposition in the student model.

More concretely, the dual-stream structure contains a parallel temporal layer
and hash layer. The temporal layer tries to capture reconstruction-dependent
information by learning dynamic frame-level features, while the hash layer fo-
cuses on the semantic-dependent part from a global video-level perspective. To
achieve the above goal, a teacher model is trained in a self-supervised manner to
construct a Gaussian-adaptive similarity graph, which captures the inherent sim-
ilarity relations between samples. This relation knowledge is preserved into the
student hash layer to generate semantic-dependent discriminative binary codes.
Contributions. (1) We propose a novel framework, DKPH, to fully release the
potential of semantic learning on binary codes and may shed critical insights for
the retrieval community. To our best knowledge, our method is the first work
that explores the task heterogeneity in video hashing. (2) A simple but effec-
tive dual-stream structure is developed to decompose video information, which
can generate semantic-dependent discriminative binary codes by preserving the
semantic similarity knowledge from the proposed Gaussian-adaptive similarity
graph. (3) Extensive experiments demonstrate that DKPH outperforms state-
of-the-art video hashing models on FCVID, ActivityNet and YFCC datasets.

2 Related Work

Unsupervised hashing. Unsupervised hashing aims to learn hash functions
that compress data points into binary codes, which are built on training data
without manual annotations. Iterative quantization (ITQ) [12] is a traditional
representative method that directly explores the minimum quantization error by
learning an optimal rotation of principal component directions. However, non-
deep image hashing methods only seek a single linear projection, resulting in
poor generalization. Then, Deep Hashing (DH) [9] uses a deep neural network
to learn binary codes via multiple hierarchical non-linear transformations.

Due to the explosive growth of short videos, some works [36,21] also focus on
video hashing. Multiple Feature Hashing (MFH) [36] mines local structural in-
formation while ignoring inter-frame temporal consistency [51]. Later, a series of
methods based on encoder-decoder structure have become mainstream methods
for video hashing. For example, Self-Supervised Temporal Hashing (SSTH) [56]
employs an encoder-decoder RNNs to capture the temporal nature of videos. Li et
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al. [18] jointly model static visual appearance and temporal pattern into binary
codes via two special reconstruction losses. Unsupervised Deep Video Hashing
(UDVH) [45] emphasizes balancing dimensional variation for each binary repre-
sentation. Self Supervised Video Hashing (SSVH) [37] attempts more powerful
Bi-LSTM to model more granular inter-frame dependencies. Despite a similar
network architecture to SSVH, Neighborhood Preserving Hashing (NPH) [21]
encodes the neighborhood-dependent video content as a binary code. Bidirec-
tional Transformer Hashing (BTH) [22] introduces the BERT architecture [7]
in NLP to explore inter-frame correlations, and achieves excellent results. How-
ever, these video hashing methods fail to consider the heterogeneity between
reconstruction and retrieval tasks for optimizing binary codes. Recently, Shen et
al. [34] propose twin bottlenecks to extract continuous features, but the similar-
ity optimization process for binary codes is still implicit and heavily depends on
the reconstruction effects. Besides, more efficient sample relations have not been
explored, which affects the semantic discriminative of binary codes.
Knowledge distillation. [14,32] first propose to transfer knowledge from teacher
models to student models through the soft outputs or intermediate layer features.
Recently, Knowledge Distillation (KD) is extended to training deep networks in
generations and [1,25] find that KD can refine ground truth labels. In unsuper-
vised video hashing, to preserve and distill the semantic knowledge, we refine
pre-trained CNN features to visual embeddings in the teacher model, which can
further construct an efficient similarity graph for training student model.

3 Method

3.1 Problem Definition

We introduce some notations and the problem definition of unsupervised video
hashing. Generally, learning hash functions is considered in an unsupervised
manner from a training set of N video data points V = {vi}Ni=1 ∈ RN×M×D,
where each vi = [x1, · · · ,xM ] ∈ RM×D is a CNN feature set, M is the number
of frames, and D is the feature dimension of each frame. DKPH aims to learn
nonlinear hash functions based on transformer blocks that map each video data
point vi into a K-dimensional Hamming space bi ∈ {−1, 1}K , which needs to
keep relative semantic similarity between videos.

3.2 Network Overview

DKPH consists of a teacher model ΩT and a student model ΩS . As shown in
Fig. 3, ΩT is a common encoder-decoder architecture that can exchange inter-
frame information through transformers to obtain long-term semantic knowl-
edge. ΩS is a dual-stream encoder-decoder architecture that can disentangle the
semantic extraction and reconstruction constraint on a single binary code to
better capture the semantic information transmitted by ΩT . In this section, we
introduce three key sub-networks: transformer encoder, hash layer and temporal
layer, where the structure of transformer encoder is the same in ΩT and ΩS .
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Fig. 3. The proposed DKPH framework which involves (1) training teacher model ΩT

and student model ΩS in an unsupervised manner, (2) distilling semantic knowledge
from ΩT to guide the information decomposition in ΩS .

Transformer encoder. To model long-term semantic correlation in videos,
we first employ transformer blocks to handle the pre-processing CNN frame
features. Each transformer encoder block has a multi-head self-attention and a
feed-forward layer. Different from splitting images into several tokens in ViT [8],
we treat frame features [x1

i , · · · ,xM
i ] as token units, which contain rich visual

content information. Besides, to learn the ordering information of each frame
inside the original video, we follow the standard procedure in ViT by adding
trainable positional encoding embeddings Epos. Thus, the input video matrix
Xi is defined as follows:

Xi = [x1
i , · · · ,xM

i ] +Epos. (1)

Given the input matrix Xi, we calculate queries Qi, keys Ki and values Vi

as follows: Qi = XiW
Q
i , Ki = XiW

K
i , Vi = XiW

V
i , where WQ

i , W
K
i

and WV
i are linear projections with an output of d dimensions. Then the self-

attention outputs can be calculated by

Att(Qi,Ki,Vi) = softmax
(
QiK

T
i /

√
d
)
VT

i . (2)

Finally, these frame token units undergo multiple informative interactions, which
are transformed into a sequence of visual embeddings [t1i , · · · , tMi ].
Hash layer. As shown in the teacher model ΩT of Fig. 3, the intuitive ap-
proach [22] is to directly reduce the visual embedding dimension of each frame

through linear mapping [̂t
1

i , · · · , t̂
M

i ] = HT

(
[t1i , · · · , tMi ]

)
∈ RM×K , and then
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binarize them to obtain frame-level binary codes [b1i , · · · , b
M
i ] ∈ {−1, 1}M×K .

However, according to the settings of existing methods [22] in the testing phase,
ΩT needs to average [b1i , · · · , b

M
i ] to obtain a real-valued code, which is bina-

rized to video-level binary code for retrieval. This leads to two issues: (1) there
is a quantization error between real-valued codes and binary codes, resulting in
a sub-optimal solution; (2) when +1 and −1 numbers of frame binary codes are
the same, {−1, 0, 1}K may be generated, which violates the principle of hashing.

Therefore, we directly concatenate the frame visual features [t1i , · · · , tMi ] of
the video from a global perspective in ΩS , and then extract a real-valued code
through the Fully Connected (FC) layer:

t̂i = HS

(
Concat([t1i , · · · , tMi ])

)
∈ RK . (3)

Finally, we can obtain a K-bit binary code:

bi = sgn
(
tanh(t̂i)

)
∈ {−1, 1}K . (4)

Besides, to avoid the discrete optimization problem [5], we follow [15] for back-
propagating gradients. In this way, the encoder-decoder methods [56,37] can
compress the visual information as much as possible. However, to meet the goal
of video reconstruction, the compression process may contain lots of retrieval-
superfluous information, which affects the discriminativeness of binary codes.
Temporal layer. To alleviate the task heterogeneity problem, a simple but
effective dual-stream structure is introduced to decompose video information in
ΩS . Specifically, we design a temporal layer TS parallel to the hash layer HS

in the dual-stream structure. TS directly reduces the dimension of frame visual
features [t1i , · · · , tMi ] to obtain frame-level latent features via FC:

[l1i , · · · , l
M
i ] = TS

(
[t1i , · · · , tMi ]

)
∈ RM×K . (5)

The temporal layer attempts to model complex information such as dynamic
temporal changes via the reconstruction constraint, while for the hash layer,
we will design similarity constraints to guide the flow of semantic information.
Next, we will introduce how to perform dual-stream reconstruction and similarity
knowledge preservation respectively.

3.3 Dual-stream Reconstruction Learning

Existing video hashing works usually design the reconstruction task to compress
visual information into binary codes. Inspired by masked language modeling
in BERT [7,43], ΩT [22] exploits the visual cloze task to optimize transformer
blocks and capture inter-frame correlations, which randomly masks the input
frame features as tokens and reconstructs the masked tokens in the decoder. In
this way, frame-level binary codes in ΩT can retain all the essential information
for reconstruction, rather than retrieval.

To avoid this issue in ΩS , we first mix [l1i , · · · , l
M
i ] and bi derived in Eq. 4

and Eq. 5, and then leverage the FC layer to reconstruct:

[x̃1
i , · · · , x̃M

i ] = DS

(
[l1i + bi, · · · , lMi + bi]

)
∈ RM×D. (6)
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Then, we can use the mean square error loss to measure the difference between
CNN features [x1

i , · · · ,xM
i ] and decoder features [x̃1

i , · · · , x̃M
i ] in ΩS :

Lrecon =
1

DNM

N∑
i=1

M∑
m=1

∥xm
i − x̃m

i ∥22 . (7)

Please note that, in ΩT , the definition of Lrecon is the same as Eq. 7, but
teacher decoder features can only be generated from frame-level binary codes
[b1i , · · · , b

M
i ], where the code length is fixed to 128 in experiments.

3.4 Semantic Knowledge Preservation

Using the frame-level reconstruction task alone does not make the two layers
perform the desired role, so we further guide HS to learn video-level semantic
similarity information. For unsupervised learning, some image hashing works [49]
prove that neighborhood structures learned from original CNN features can cap-
ture the similarity relations between samples. However, this strategy is time-
consuming due to building a similarity graph for all samples directly, and has
lots of noisy predictions, which confuses the learning of hash functions. Bene-
fiting from the teacher-student distillation framework in Fig. 3, we construct a
Gaussian-adaptive similarity graph from ΩT that captures the inherent seman-
tic relations by estimating positives and hard negatives of training videos. These
relations can guide HS to generate discriminative binary codes and maintain the
neighborhood structure in Hamming space.

Specifically, we first warm up ΩT with the reconstruction task Lrecon, and
exploit the transformer visual embeddings [t1i , · · · , tMi ] instead of the high dimen-
sional CNN frame features to mine similarity relations. Although visual embed-
dings may contain redundant information due to Lrecon, they model inter-frame
correlations compared to CNN features, which are helpful for mining long-term
semantic concepts. To obtain video-level graph, we average [t1i , · · · , tMi ] to video
embedding ti. Then, to solve the time-consuming problem, we follow [26] to use
the neighbor graph between each video point ti and the cluster center {ci}Nc

i=1 of
video points to approximate similarity relations between ti and {ti}Ni=1, where
Nc is the number of K-means clustering center. For each ti, we calculate p nearest
centers {cij}pj=1, and the similarity matrix Z ∈ RN×Nc is expressed as:

Zij =
exp

(
−||ti, cij ||2/α

)∑p
j′=1 exp

(
−||ti, cij′ ||2/α

) , (8)

where α is a bandwidth parameter. Note that the similarity values between ti and
corresponding Nc−p non-nearest centers in Z are set to 0, for simplicity. Finally,
an approximate graph adjacency A ∈ RN×N is calculated as: A = ZΛ−1ZT ,
where Λ = diag(ZT1) ∈ RNc×Nc . However, A may still be a noisy similarity
signal, where the nearest center number p greatly affects the prediction quality.
To avoid this dilemma, the existing work [22] builds multiple large adjacency
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Fig. 4. The cumulative distribution and corresponding histogram distribution of sim-
ilarity values for 5 video points in A on the FCVID dataset [16], where p = 10.

matrices to vote for credible sample relations, but it requires careful parameter
tuning and takes up huge storage space on large video datasets.

Different from [22], we develop the Gaussian-adaptive similarity graph in-
spired by SSDH [48], which requires only one matrix to estimate more efficient
sample relations. Compared to SSDH, our novelty lies in building a graph based
on each sample and mining hard negative samples. Specifically, we first inves-
tigate the cumulative distribution and corresponding histogram of similarity
values for each video point in A. For better visualization, we randomly select
the similarity values corresponding to 5 video points on the FCVID dataset [16],
and use kernel density estimation [2] to simulate the real distribution curve in
Fig. 4. Observing the cumulative distribution shows that the similarity values
between most graph nodes are relatively small, while the histogram of the simi-
larity value corresponding to each video point tends to a Gaussian distribution.
This shows from the real data that it is very noisy to directly treat all the
similarity signals in A as positive samples. To ensure high confidence in the su-
pervision signal, we adaptively obtain positive samples for each video point. For
the video point vi, the mean and standard deviation of similarity values between
the nodes can be expressed as µi and ϵi, then we take the positive sample esti-
mator as PTi = µi + λ1 ∗ ϵi. Some metric learning works [58,28] show that hard
negative samples are beneficial to model, so we add negative sample estimator
NTi = µi − λ2 ∗ ϵi to mine hard negative samples for training. In this way, the
Gaussian-adaptive graph adjacency matrix can be expressed as:

Âij =


1, if Aij ≥ PTi

−1, if NTi < Aij < µi

0, otherwise

. (9)

To preserve the similarity graph relations mined in ΩT for binary codes, we
design a binary structure similarity loss:

Lbsim =
1

N

∑
{i,j}∈S

|Âij |(Âij −
1

K
bib

T
j )

2, (10)

where S is the equal sampling strategy that samples positive or negative pairs
with probability 0.5 based on Â. Finally, we can obtain discriminative codes.
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Furthermore, some works [32] argue that the middle layer of the teacher
network can serve as a hint to the corresponding layer of the student network,
thereby improving the effect of semantic knowledge transfer. Therefore, we con-
sider aligning the visual embeddings between ΩSand ΩT . Inspired by [41,39],
we design a visual embedding similarity loss:

Ltsim =
1

N

∑
{i,j}∈S

∥∥ti − ci1
∥∥2
2
+η|Âij |(1− Âij)

[ ∥∥ti − ci1
∥∥2
2
−
∥∥ti − cj1

∥∥2
2
+β

]
+
,

(11)
where ti is the mean visual embedding of i-th video in ΩS , ci1 or cj1 is 1-NN
nearest center of corresponding teacher visual embedding, η controls the balance
and [x]+ means the hinge function max(0, x), which makes ti closer to ci1 than
negative pair cj1 by a fixed margin β = 1.0.

3.5 Overall Learning

The overall training objectives of ΩT and ΩS are as follows:

Lteacher = Lrecon ,

Lstudent = Lrecon + γ1Lbsim + γ2Ltsim ,
(12)

where γ1 and γ2 relatively weight the losses.

4 Experimental Results

4.1 Datasets, Metrics and Implementation Details

Datasets. We run experiments on three popular video datasets. FCVID [16]
is a web video dataset consisting of 91,223 YouTube videos annotated into 239
categories. It covers a wide range of topics, with the majority of them being real-
world events such as “biking”, “making coffee” and “yoga”. The dataset is evenly
split into training and testing partitions with 45,585 and 45,600 videos. We use
the testing partition as the query set and retrieval database. ActivityNet [4]
consists of 20K YouTube videos annotated with 200 class descriptions. As the
testing set labels are not publicly available, the evaluation is performed on the
validation set. Following [21], we pick 9,722, 1,000 and 3,760 videos as train-
ing set, query set and retrieval database, respectively. YFCC [40] is a massive
dataset from the Yahoo Webscope program containing 0.8M videos. We ran-
domly select 409,788 unlabeled videos for training and 101,256 labeled videos
with 80 semantic concepts [47] for testing. In these labeled videos, we sample
1000 videos as the query set and the remaining ones as retrieval database.
Metrics. We measure the retrieval performance with standard metrics in in-
formation retrieval, including Mean Average Precision at top-k retrieved results
(MAP@k) and Precision-Recall (PR) curves.
Implementation Details. Our experiments are based on the Pytorch frame-
work [30]. In the video encoding process, we uniformly sample 25 frames from
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Fig. 5. Performance comparison (w.r.t. MAP@k) of DKPH and SOTA methods.

each video and use VGG-16 pretrained on Imagenet [35] to extract frame-wise
features. To ensure fair comparison [22], we use a single transformer block with
a single attention head as the transformer encoder. For the teacher model ΩT ,
we warm up 60, 300 and 200 epochs on FCVID, ActivityNet and YFCC, re-
spectively. Considering the trade-off of visual information compression loss and
inter-frame correlations, we set the dimension of the visual embeddings and bi-
nary codes to 256 and 128 in ΩT . In the graph construction process, the number
of clustering center Nc is set as 2,000, 1,000 and 2,000 on FCVID, ActivityNet
and YFCC respectively. We employ Adam optimizer to train the model with
a mini-batch size of 256 and train the student model ΩS for 48 epochs, where
the initial learning rate is 5 × 10−4. The default hyper-parameters setting is:
λ1 = 2, λ2 = 1, η = 0.1, γ1 = 0.11, γ2 = 0.9. In the testing phase, we only use the
student model ΩS , where the lengths of binary codes are 16, 32 and 64.

4.2 Comparisons with State-of-the-art (SOTA) Methods

To prove the effectiveness of DKPH, we compare the retrieval performance with
two image hashing methods: ITQ [12], DH [9], and six SOTA video hashing meth-
ods: MFH [36], SSTH [56], JTAE [18], SSVH [37], NPH [21], and BTH [22]. Fig. 5
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Fig. 6. Performance comparison (w.r.t. PR curves) of DKPH and SOTA methods.

Table 1. The impact of different frame feature encoders with or without the dual-
stream structure on FCVID. Some abbreviations: TF-Transformer, D-Dual-stream.

Method
16 bits 32 bits 64 bits

k=5 k=20 k=60 k=100 k=5 k=20 k=60 k=100 k=5 k=20 k=60 k=100
CNN [54] 0.229 0.116 0.080 0.065 0.395 0.242 0.172 0.140 0.460 0.294 0.207 0.171
CNN [54]+D 0.273 0.152 0.106 0.084 0.407 0.252 0.175 0.147 0.464 0.308 0.223 0.189
LSTM [38] 0.227 0.114 0.077 0.062 0.393 0.240 0.168 0.139 0.457 0.291 0.210 0.174
LSTM [38]+D 0.272 0.150 0.104 0.083 0.404 0.248 0.172 0.146 0.462 0.301 0.224 0.192
TF [7] 0.235 0.122 0.083 0.069 0.421 0.252 0.172 0.143 0.477 0.313 0.238 0.202
TF [7]+D 0.297 0.174 0.120 0.097 0.441 0.275 0.203 0.171 0.494 0.331 0.255 0.228

shows the MAP@K results on three datasets. Compared with SOTA methods,
DKPH achieves the best results on three video datasets. Specifically, we obtain
0.7%–8.6% MAP@5 gains for various bits, which demonstrates the efficiency of
DKPH. We owe the great advantage of DKPH over these two methods [22,21]
to the full use of dual-stream structure and Gaussian-adaptive similarity graph.
Note that the model performance gaps are larger at 16 bits, as we expected.
Because the amount of information carried by the binary code is limited by the
length. Therefore, in low-bit scenarios, the impact of task heterogeneity will be
more serious, leading to inferior results from existing methods [22].

Furthermore, we examine DKPH with PR curves on FCVID and ActivityNet
in Fig. 6. DKPH delivers higher precision than SOTA methods at the same recall
rate, and improves more significantly at low recall requirements. This illustrates
that the model is suitable for real-world video retrieval systems, as people tend to
focus more on results with high accuracy rather than finding all similar results.

4.3 Ablation study

To provide further insight into DKPH, we conduct critical ablation studies.
Analysis of the dual-stream structure with different encoders.DKPH
employs a transformer encoder and a dual-stream structure to generate binary
codes. Thus, we explore the impact of different frame feature encoders (CNN [54],
LSTM [38], and transformer [7]) with or without the dual-stream structure
in Table 1. Specifically, based on the dual-stream structure, CNN, LSTM and
transformer obtain 0.4%-6.2% MAP@5 gains at different bits on FCVID. The
following advantages can be clearly observed: (1) the dual-stream structure is a
general-purpose and important design that consistently improves three en-
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Table 2. Contributions of different modules on FCVID.

Method
16 bits 32 bits 64 bits

k=5 k=20 k=60 k=100 k=5 k=20 k=60 k=100 k=5 k=20 k=60 k=100
DKPH+A 0.202 0.119 0.080 0.062 0.399 0.244 0.170 0.139 0.458 0.294 0.211 0.180
DKPH+M 0.269 0.139 0.091 0.075 0.421 0.258 0.176 0.151 0.484 0.321 0.243 0.204
DKPH+T 0.228 0.135 0.090 0.073 0.419 0.251 0.172 0.147 0.463 0.298 0.218 0.181
DKPH-D 0.235 0.122 0.083 0.069 0.421 0.252 0.172 0.143 0.477 0.313 0.238 0.202
DKPH-DR 0.276 0.159 0.111 0.092 0.435 0.267 0.189 0.158 0.487 0.326 0.245 0.218
DKPH-TS 0.158 0.088 0.067 0.051 0.311 0.123 0.078 0.058 0.345 0.169 0.118 0.103
DKPH-Lb 0.174 0.093 0.072 0.058 0.322 0.142 0.080 0.062 0.366 0.187 0.123 0.107
DKPH-Lt 0.209 0.121 0.098 0.080 0.405 0.239 0.177 0.141 0.432 0.276 0.205 0.162
DKPH 0.297 0.174 0.120 0.097 0.441 0.275 0.203 0.171 0.494 0.331 0.255 0.228
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Fig. 7. The MAP@k scores with various configurations about the positive estimator
factor and the negative estimator factor (λ1, λ2) on FCVID.

coders, especially at low bits; (2) the transformer outperforms CNN and LSTM
due to its strong ability to model long-term inter-frame correlations.

Analysis of model components. We compare DKPH with the following
variations: (1) DKPH+A. The Gaussian-adaptive graph adjacency matrix Â

is replaced by A; (2) DKPH+M. Â is replaced by multiple matrices [22]; (3)
DKPH+T. We replace the dual-stream structure with twin bottlenecks designed
for image hashing [34]; (4) DKPH-D. The dual-stream structure is removed; (5)
DKPH-DR. Both the dual-stream structure and Lrecon in ΩS are removed; (6)
DKPH-TS. We remove the teacher-student distillation strategy and only use
Lrecon; (7) DKPH-Lb. We remove the binary structure similarity loss Lbsim; (8)
DKPH-Lt. We remove the visual embedding similarity loss Ltsim. Table 2 shows
the performance of DKPH and its variations at different bits on FCVID, and
proves that each module significantly contributes to the final result.

We have the following observations. First, reasonable mining of positive and
hard negative pairs helps discriminate binary codes. DKPH adaptively explores
the similarity relations of each video point through the sample estimators. How-
ever, in DKPH+M, the multiple matrices strategy consumes more time and
space resources, and requires careful adjustment of matrix parameters, which
cannot achieve optimal results. Second, twin bottlenecks (DKPH+T) are still
difficult to replace the dual-stream structure designed for video hashing. There
are two reasons: (1) the mechanism of twin bottlenecks is to learn better recon-
structed images to feedback binary codes, which cannot exhibit the advantages
of video information decomposition; (2) twin bottlenecks generate frame-level bi-
nary codes, resulting in quantization errors during testing. Third, DKPH-D and
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Table 3. Cross-dataset MAP@20 results when training on FCVID and test on YFCC
at 64 bits. The blue number indicates the performance drop compared with training and
testing both on YFCC (black number).

Method SSTH [56] SSVH [37] NPH [21] BTH [22] DKPH

MAP@20 0.155 ( -6.3% ) 0.173 ( -7.8% ) 0.180 ( -6.0% ) 0.191 ( -5.7% ) 0.199 ( -2.8% )

Table 4. The MAP@k results
of latent features l and binary
codes b at 16 bits.

Method k=5 k=20 k=60
Only l 0.098 0.077 0.065
Only b 0.297 0.174 0.120

Table 5. The reconstruc-
tion errors in a category.

Method Error
DKPH 0.4849
DKPHf 0.9527

Table 6. The reconstruc-
tion errors in test set.

Method Error
DKPH 0.5586
Remove b 0.5615
Remove l 0.9769

DKPH-DR explore the effects of task heterogeneity, which suggests a conflict
between Lrecon and similarity learning in existing methods [37,22]. We decouple
the tasks, which allows binary codes to retain useful information and avoids the
conflict. Fourth, results in DKPH-Lb yield an excessive drop due to the lack of
similarity guidance, where Lbsim is the core loss of information decomposition.
Hyperparameter analysis. We investigate various configurations about the
positive and negative estimator factors (λ1, λ2), as shown in Fig. 7. From this
experiment, we find that as λ1 grows (i.e., PTi grows), the performance increases
at first and reaches the best results, then decreases as a whole. A small PTi may
cause the model to be trained on more noisy signals, , while a large PTi may
not fully exploit the underlying positive similarity relations. Moreover, λ2 has a
greater impact on model performance than λ1, reflecting the vital contribution
of hard negative samples to the model.

4.4 Further Analysis

Cross-dataset evaluation comparisons. To investigate the generalization of
DKPH for cross-dataset retrieval, we train various methods on FCVID and test
on YFCC in Table 3, which shows MAP@20 results for cross-dataset retrieval
at 64 bits. DKPH can not only achieve SOTA in the single-dataset setting, but
also the performance drop (-2.8%) is the lowest in the cross-dataset setting. This
may be because binary codes focus more on semantic concepts rather than the
underlying reconstruction information, which ensures good transferability and
generalization of DKPH when retrieving unknown datasets.
Information decomposition analysis. Table 4 shows the MAP@k results
of latent features l and binary codes b at 16 bits on FCVID. Results of Only
l are much lower than those of Only b, which indicate that l may not have
enough semantics to support the retrieval task. Next, we examine the effect of
dual-stream features for reconstruction at 16 bits on FCVID. In Table 5, we
randomly input a category of test videos and then calculate the mean square
error between [x1

i , · · · ,xM
i ] and [x̃1

i , · · · , x̃M
i ]. When we replace l with fixed

values (i.e.,the mean of latent features), the reconstruction error in DKPHf
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Fig. 8. t-SNE visualizations [27] of BTH and DKPH. Videos are randomly sampled on
FCVID database, and samples with different labels are marked with different colors.

increases by 96.5%. In Table 6, we directly remove b or l for reconstruction and
calculate errors in all test videos. Removing b, the error increases by 0.52%, while
Removing l increases the error by 74.9%. Table 5 and 6 prove that l, rather than
b, contains sufficient essential information (dynamic changes) for reconstruction.
Qualitative results. Fig. 8 shows the t-SNE visualization [27] of binary codes
learned by BTH and DKPH. To facilitate the observation, we randomly sample
8 categories of videos twice on 16 bits and 64 bits, respectively, to obtain binary
codes. At 16 bits, there is a clear distinction between most categories in our
model. In particular, t-SNE embeddings of DKPH in some categories (e.g., 0,
2, 6) can be mapped onto a small circle. This proves that DKPH pays more
attention to the learning of global semantics and binary codes of a category are
almost very close in Hamming space, so the phenomenon of t-SNE embedding
aggregation occurs. At 64 bits, t-SNE embeddings of our model in different
categories are well separated, which proves the good discriminativeness.

5 Conclusion

We propose a novel unsupervised video hashing framework, DKPH, to tackle
the task heterogeneity problem. Firstly, we design the dual-stream structure to
decompose video information, which disentangles the semantic extraction from
reconstruction constraint. Then, a Gaussian-adaptive similarity graph is devel-
oped to explore the semantic similarity knowledge between samples. With the
help of this knowledge, the hash layer in the dual-stream structure can further
generate discriminative semantic binary codes. In this paper, we hope not only
to present insights into the importance of information decomposition but also to
facilitate future work that advances video hashing by solving design flaws rather
than mostly trial and error.
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