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Abstract

Learning to hash has become popular for video
retrieval due to its fast speed and low storage con-
sumption. Previous efforts formulate video hash-
ing as training a binary auto-encoder, for which
noncontinuous latent representations are opti-
mized by the biased straight-through (ST) back-
propagation heuristic. We propose to formulate
video hashing as learning a discrete variational
auto-encoder with the factorized Bernoulli la-
tent distribution, termed as Bernoulli variational
auto-encoder (BerVAE). The corresponding ev-
idence lower bound (ELBO) in our BerVAE
implementation leads to closed-form gradient
expression, which can be applied to achieve
principled training along with some other un-
biased gradient estimators. BerVAE enables
uncertainty-aware video hashing by predicting
the probability distribution of video hash code-
words, thus providing reliable uncertainty quan-
tification. Experiments on both simulated and
real-world large-scale video data demonstrate
that our BerVAE trained with unbiased gra-
dient estimators can achieve the state-of-the-
art retrieval performance. Furthermore, we
show that quantified uncertainty is highly cor-
related to video retrieval performance, which
can be leveraged to further improve the re-
trieval accuracy. Our code is available at
https://github.com/wangyucheng1234/BerVAE

1 INTRODUCTION

With the bursting of social media data, in particular from
the video sharing services such as YouTube and TikTok,
efficient search engines and recommendation systems for
such high-volume data are crucial for diverse online ser-
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vices. Hashing is one of fast, stable, and accurate al-
gorithms for content-based retrieval (Indyk and Motwani,
1998} |Dasgupta et al., 2011} |Broder, [1997; Broder et al.,
1997). Traditionally, the design of the hash function that
maps the input data to hashing keys or code-words (hash-
codes) requires significant efforts to achieve the desired
retrieval effectiveness and efficiency. Recent advances in
learning to hash make it possible to learn this hash function
automatically from data for complicated media data such
as documents, images, and videos. As discussed in many
previous works (Zhang et al., 2016; Song et al., 2018)), for
large-scale video databases, learning to hash for video re-
trieval can bring storage and computational benefits with
the availability of high volume of streaming video data
for training.

Modern deep neural networks (DNNs) have been applied
to different computer vision tasks, including image classi-
fication (Krizhevsky et al.,[2012}Simonyan and Zisserman),
2015)), semantic segmentation (Long et al.,. 2015} Ron-
neberger et al.,[2015), image synthesis (Goodfellow et al.|
2014; Kingma and Welling, 2013)), and have achieved great
successes. While those DNNs with modern computer hard-
ware are capable of modeling high-dimensional and highly
non-linear mappings and can even keep up with the hu-
man experts on a series of challenging tasks, they are no-
torious for making overconfident predictions. In some sce-
narios when designing DNNs for predictions with critical
consequences, reliable uncertainty quantification is as im-
portant as accurate model prediction. The Bayesian meth-
ods, coming naturally with the capability of quantifying
predictive uncertainty, have been integrated with many ma-
chine learning models to achieve better empirical perfor-
mance and uncertainty quantification. Recent advances
in different approximate Bayesian inference methods, for
example, Monte-Carlo (MC) Dropout (Gal and Ghahra-
mani, [2016) with corresponding amortized variational in-
ference (Kingma and Welling} [2013)), have further made it
possible to scale the Bayesian learning methods to large
DNN models.

Many previous works in video hashing train an auto-
encoder with dichotomized latent representations as hash-
codes for corresponding videos (Zhang et al., 2016} [Song
et al., 2018} L1 et al., 2019b} 2021} |Yuan et al.l [2020). Al-
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though they have achieved satisfying retrieval performancéypes of data. Semantic Hashing (Salakhutdinov and Hin-
on large-scale datasets, there are several limitations to len, 2009) is among the earliest works using DNNs for
addressed. First, the binary hash-code of each video is gehashing, where a two-stage procedure is proposed to train
erated by dichotomizing the continuous latent representaa deep auto-encoder for document retrieval in a fully unsu-
tions, often in some heuristic ways. When training the autopervised manner.

encoder, heuristic tricks (Bengio et/al., 2013) were adopteidzor high-dimensional complex data such as images and
to approximate the back-propagated gradients due to non-

differentiability of the discrete binarization operators. ThisV'deOS’ some previous deep hashing models include Deep

) Hashing (DH) (Erin Liong et al., 2015), Deep Pairwise-
may affect the learning-to-hash performance. Second, nonguperv?séd I-%a(shing (DPgSH) (Li et al.) 2016F)) and Self-

T e Superve Temporl s (SSTH (zhargt 2010
P y 9 DH (Erin Liong et al., 2015) is capable to capture the non-

the data size, data heterogeneity, as well as the data'dnvefirrhearity of the learned hashing function and the predicted

nature of learning to hash, it is critical to have a new video R .
hashing model that can reliably quantify the uncertainty hasfh-(_:c_Jdes of the whole database can mamtgm _the desired
'variability and balance by the designed activation func-

which is not available in any of the existing methods to thetion and training losses. The authors of DPSH (Li et al.,

best of our knowledge. 2016) further introduced the pairwise contrastive labels to
In this work, we directly model hash-codes probabilisti- the deep-hashing model training. To model the temporal
cally as factorized latent Bernoulli random vectors. Learn-order information of video frame sequences, the authors
ing to hash can be formulated by deriving the variationalin SSTH (Zhang et al., 2016) proposed a Binary Long
posterior of this latent random vector in a Bernoulli vari- Short-Term Memory (LSTM) encoder and a Recurrent
ational auto-encoder, hence the name BerVAE. With theNeural Network (RNN) decoder for video hashing. More
learned variational posterior of hash-codes, BerVAE is carecent advances, including Self-Supervised Video Hash-
pable to provide high-quality uncertainty quanti cation. To ing (SSVH) (Song et al., 2018), Neighborhood Preserving
train our BerVAE considering the discrete latent Bernoulli Hashing (NPH) (Li et al., 2019b), Central Similarity Quan-
random vector, we adopt and benchmark several gradiization (CSQ) (Yuan et al., 2020), Unsupervised Varia-
ent estimators, including the commonly adopted straighttional Video Hashing (UVVH) (Li et al., 2019a) and Bidi-
through (ST) heuristic, which ignores the discrete binarizarectional Transformers Hashing (BTH) (Li et al., 2021),
tion operator, as well as several biased and unbiased grédrther improved the video retrieval accuracy through novel
dient estimators when involving discrete random variablesneural network architectures (Song et al., 2018; Li et al.,
Gumbel-Softmax (GS) (Jang et|al., 2016; Maddison et al.2019b, 2021), loss function design (Song et al., 2018; Li
2016), and unbiased uniform gradient (U2G) (Yin et al.,et al., 2019b) and unsupervised contrastive label genera-
2020). U2G, independently developed as DisARM (Dongtion (Li et al., 2019a; Yuan et al., 2020; Li et al., 2019b).
etal, 2020)’ IS an improved version of the ARM _gradl- VAE (Kingma and Welling, 2013), a deep generative model
ent estimator (Yin and Zhou, 2019). We also derive the . : : .
: ; -~ “suitable for unsupervised representation learning, models
closed-form gradient with our adopted decoder in video ; . .
the latent representations as random variables. When train-

hashing. We perform comprehensive ablation studies on g VAES, the evidence lower bound (ELBO) is optimized

gﬁ:hBZ)rl\r}Lhé_ ttl)(; s en (;j vrigéellc;vxzrslﬁi:a?ar?gih?:\gosngiﬁ-ig a}_o minimize the discrepancy between the generative distri-
9 Sution and data distribution. Discrete generalization mod-

art retrieval performance; and more importantly, BerVAE
. . S . els of VAE have been proposed recently and are successful
facilitates uncertainty quanti cation of derived hash-codes . i .
. . . . ~for data compression (van den Oord et al., 2017; Razavi
for better video retrieval and consequent decision making. . ; .
et al., 2019) and discrete representation learning (Rolfe,

2016; Park et al., 2021). However, optimizing these dis-
2 RELATED WORKS crete VAEs is notoriously challenging as the reparameter-
ization tricks can not be directly applied and the gradient
of the latent distribution is hard to estimate. Some popu-
lar biased gradient estimators includes commonly adopted
straight-through (ST) (Bengio et al., 2013), which ignores
Pioneering works of learning to hash include Spectrakhe discontinuity by the introduction of discrete latent dis-
Hashing (Weiss et al., 2008), Linear Discriminant Analy- tripution, and Gumbel-Softmax (GS) (Jang et al., 2016;
sis (LDA) Hashing (Strecha et al., 2011), and Graph HashMaddison et al., 2016), which relaxes the discrete latent
ing (Liu et al., 2011, 2014). Although those methods canrepresentations continuously with the softmax function.
automate the design of hash functions using the collecte®EINFORCE, a widely applicable unbiased gradient esti-
data and save human efforts, they often require handcrafhator that estimates gradients by Monte Carlo estimation,
features. Deep learning-based hashing models have beeften suffers from high variance, and many recent works
proposed recently and had success in analyzing various

We review the related works dearning to hashandgen-
erative modeling with discrete latent representations



Yucheng Wang, Mingyuan Zhou, Yu Sun, Xiaoning Qian

were proposed to alleviate this issue (Yin and Zhou, 20193.2 BerVAE for Video Hashing

Dong et al., 2020; Yin et al., 2020). In particular, VAEs

with binary latent representations are especially suitable foFigure 1 illustrates our BerVAE-based video hashing ar-
unsupervised learning to hash, which was applied to texghitecture. ~ To represent a video clip, we randomly
retrieval (Chaidaroon and Fang, 2017; Dong et al., 2019¢hooseM frames from each video and the temporal in-
Dadaneh et al., 2020; Mena ahthnculef, 2019) as well formation of frame-sequence is exploited by a transformer
as image and video retrieval (Verwilst et al., 2021; Fajtinetwork, following Li et al. (2021). Denote the out-
et al., 2020; Li et al., 2019a). One drawback is that prePut of the transformer encoder network for video by
vious works reparameterize the latent Bernoulli distribu-fhi;h7;:::;hMjh™ 2 RY 1g. We use a linear layer with
tion using continuous distribution or thresholding function, @ Weight matrixW* and a mean pooling layer to aggregate
whose quantization error may result in information loss.them into a vector with the same dimension of hash-code
Moreover, none of them provides reasonable uncertaintfi, Parametrizing the corresponding success probabilities
guanti cation, which is crucial for reliable data retrieval. ~ Of random hash-code bits:

The major difference between our Bernoulli t™ = W'h" 2 R L'm=1;2:::;M;
VAE (BerVAE) and previous models that incorporate 1M

VAEs with binary latent representations is that we op-t; = — tm:

timize the distribution of discrete hash-codes using the m=1

U2G/DisARM estimator, which can alleviate the bias (t') whenbY = 1

issue and have low variance; and moreover, our model cag (b/jVi) = v v v=1:2000k;
provide reasonable and reliable uncertainty quanti cation 1 () whenby = 1
for video retrieval, which has not been discussed in any 2)
previous works to the best of our knowledge. i ,
whereb denotes the-th bit of bj, and (x) = 1~ is
the sigmoid function. As we are reconstructing the video
featureV;, 2 RM 9 from the aggregated binary vector
3 METHOD bi 2 RK 1 we usewgre 2 RM 1 to reconstruct the
whole frame-sequence, aMiize; 2 RK ¢ to reconstruct
3.1 Problem Settings the features of each framé = fvi;vZ;:::vMg. Let

W g1 denote then-th entry ofwgci. We assume that the
Suppose that we have a video dataset Wtlvideo clips  likelihood of video features™ given hash-codd; is a
S = fVi:Vo: Vs ::: Vi g. The objective of unsupervised Gaussian distribution with mean™ = w_ b Wgc, and
video hashing is to map each input video to the correspondsotropic diagonal covariance matrix = &cl 4 4. The
ing k-bit hash-code8 = fby;by;:::;byjbi 2f 1;1gg log-likelihood of S with respect tdB is given by:
such that each video pa¥;V; with similar content can
have the hash-codds; b; with a smaller Hamming dis-
tance while a video paW,; Vy with different contents will
haveb,; by with a larger Hamming distance between them.

X
logp (SjB) = logp (v{"jbi)= L, + C; (3)
i=1 m=1

. . . . where ghe sum of squared errord
To enable uncertainty-aware video retrieval, we here in- [EN P M 1 q N

Cm mi2
novate a Bayesian video hashing strategy by formulat- p =1 m=1 7z Vi "z and C

ing unsupervised video hashing to nd the posterior dis- = M log2 3. is a constant.  The negative
tribution % B given S: p(BjS) = %_ sSince ELBOin (1) can be rewritten as follows:

p(S) = g p(SiB)p(B)dB is intractable, we reformu- X

late the problem as minimizing the Kullback-Leibler (KL) Lggo (; )= Eq (gjs)l ——jiv" mii3]
divergence between the variational distributign(BjS), i=1 m=1 2 Re

which is parameterized by, and the true posterior dis- N

tribution p(BjS) to approximate. This variational infer- + Dk (g (bijVi)jjp(bi)):

ence problem can be solved by minimizing the negative i=1

evidence lower bound (negative ELBO) given the training (4)

video data (Kingma and Welling, 2013). If the likelihood
p(SjB) is parameterized by, then the negative ELBO Modeling the prior of each hash-code hith') as a

givenS can be written as follows: Bernoulli distribution with the success probabilfy to be
1and otherwisd pYtobe 1, Qe KL term has a closed
Leso(: )= Eq (gjs)llogp (SiB)] form DL (q (bijV)ip(B)) = yoy [ (1) log 52 +

D (a @S)pB): @ (@ )log Lo,
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In practice, in order to balance the scales of two loss termsegative ELBO and the gradient of negative ELBO with re-

we adopt the following minimization objective: spect to the encoder parameters by back-propagation with-
=) p out evaluating the decoder faf times. We include the full
_ _ Eq sl iNzl mzl jvir {”jj% derivation in AppendixA. The gradient contributed from
Lewgo (5 )= MNd the KL term and-2 can be calculated with the standard
P N DL (q (bijVh)jip(bi)) back-propagation procedure. We also benchmark the U2G
+ =L KN — =2 estimator and our derived closed-form gradients with other

(5) commonly adopted gradient estimators, including ST and
Gumbel-Softmax (GS) estimators (Jang et al., 2016; Mad-
where is a hyper-parameter re ecting our prior belief rel- dison et al., 2016) in Section 4.1.
ative to the likelihood of observed data.
3.4 Uncertainty-aware Video Retrieval

3.3 Training BerVAE
g The probabilistic modeling of hash-codes enables learning

To train BerVAE, we need to back_propagate the gradient§0 hash with Bernoulli latent vectors as well as quantifying
of the expected negative ELBO with respect to the encodetheir uncertainty. We predict the hash-code of any given
and decoder parametdrs g. With the discrete random video clip by thresholding each entry of the predicted suc-
hash-codeb;, the encoder parameterscan not be opti- ~C€ss probability:

mized directly using the back-propagation algorithm with

Monte-Carlo sampling. In previous works, the encoder e 1 (t) 05 @
network is trained using the straight-through (ST) heuris- ' 1 otherwise.

tic, ignoring the discrete thresholding when applying the

chain rule. This is equivalent to themaximize-a-posteriofMAP)

Principled training to achieve tighter ELBO is crucial for inference with the variational posterior distribution
both Bayesian inference and uncertainty quanti cation tod (bijVi). For each query video, we retrieve the most sim-
derive effective video retrieval by better capturing the gen4lar videos by the Hamming distances of their hash-codes.
erative distribution of hash-codes. We here consider gra¥Ve adopt Shannon's entropy of the variational posterior
dient estimators that are unbiased and/or with low vari-distributionq (bijVi) to quantify the inferred hash-code
ance and couple them in back-propagation for trainingincertainty:

BerVAE. In particular, we apply unbiased uniform gra- e

@ent (UZQ) (Yin et al., 2020),. which achieves the min- H(q (bijVi)) = [ (t}’)log (t}’)

imum variance of augment-reinforce-merge (ARM) esti- vel (8)
mators (Yin and Zhou, 2019) by integrating out the in- v Vg,

duced randomness by reparameterizing discrete random + (t;))log (1 (-

variables. ] ] ] o i
This quanti ed uncertainty can be indicative of the video

For any functiorf : f 1, 1g*! R,and Bernoullirandom  retrieval error and help further improve retrieval perfor-
vectorb g (bjS) as in (2), the U2G estimator for the mances. As a simple illustration in this work, we consider

gradient of the formt (Ey, o () [f (b)] is: withholding the videos with the highest quanti ed uncer-
o tainty of latent hash-codes from the nal video retrieval

r +Ep q (olf (D)] ﬂ[(f 2 1u> (D results. Our experiments in Section 4 demonstrate em-
2 (6)  pirically that this straightforward strategy can effectively

fQ2 Lu< @y Qs (o o< oplb improve video retrieval accuracy and serve as a way to

) ) _ ~ benchmark the uncertainty quanti cation performance in
where u is sampled from a factorized continuous uni- yigeo hashing.

form distribution betweerD and 1, and 1,5 ( ¢y =
(> ¢ yidpes (piiidue (o)t OMe -y ExpERIVENTS
U2G sample requires two evaluations fof ), compared
to 2 evaluations if we want to calculate the closed-form
gradientr (E, ¢ ()[f (b)] for arbitraryf (). To train our
BerVAE, the gradient with respect to the parametensf
the g distribution,r  E, 4 (n)[f (b)], can be further cou-
pled with back-propagation.

We rst evaluate different gradient estimators for model

training and demonstrate the effectiveness of BerVAE-

based hash-code embedding with low-dimensional toy ex-
amples in Section 4.1. We then evaluate BerVAE-based
video hashing on real-world large-scale video datasets. We
As a special case with a linear decoder network and factorintroduce the FCVID dataset, the evaluation metrics, and
ized Gaussian likelihood, we can calculate the closed-forntraining details in Sections 4.2, 4.3 and 4.4. We compare



Yucheng Wang, Mingyuan Zhou, Yu Sun, Xiaoning Qian

Figure 1: Schematic illustration of BerVAE-based video hashing: hash-codes are modeled as latent Bernoulli random
vectors for uncertainty-aware unsupervised video hashing.

our method with the baseline model (Li et al., 2021), from

which we inherit the backbone architecture with, and show

the uncertainty quanti cation capability of BerVAE in Sec-

tions 4.5 and 4.6 on FCVID. We have also conducted exper-

iments on the ActivityNet dataset (Heilbron et al., 2015),

reported inAppendixC.2 due to limited space. Lastly in

Section 4.7, we visualize our uncertainty quanti cation re-

sults qualitatively and through t-SNE visualization. (@) =0:15 (b) =0:3

Figure 2: Training ELBO for BerVAE with respect to the

4.1 Toy Examples training epochs using different gradient estimators.

Experimental Settings Both the training and test sets in

our rst toy example are composed of 10,000 points inde-

pendently sampled from a mixture of 2-D Gaussian distri-same network initialization and training batches for all the
butions with the mean ; = ( 0:5,0)", , =(0:50)7, experiments.

and ;= (1:50)T, and variance?| of different values. . . .
3 = ) (Ijn Figure 2, we report our training ELBO with respect to

. . . the training epochs, where the training ELBO is evalu-
layers, each with the ReLU activation function and batch ) . .
y ted using the closed-form ELBO derivedAppendixA.

normalization layer. The decoder network is composed O@\/

one linear layer. We follow the same model training as de- e observe that model training based on the ST gradient

scribed in Section 3 with the 2-D sampled Gaussian inputsf.aStimator typically has the worst training loss among all

The latent vector is modeled as -bit Bernoulli random of the tested gradient estimators, probably because it has

vector whose success probabilities are modeled by the erﬁbe largest estimation bias. The convergence rate of train-

. ; ; . ; .o ing using U2G is slower than the one with the Closed-
coder network with a sigmoid activation function. Similar : L
worew 'gmol vation fUnctl i Form Gradient (CFG), and the training by the Gumbel-

as Dong et al. (2020), we compare different gradient esti- . _ . o
: . . Softmax (GS) estimator is even slower. While training
tors by th h dt ELBO. .
mators by their achieved training based on U2G or GS converges slower than using CFG,
they can be easily implemented and applied to other dis-

ReSUItS & Discussion We report the training ELBO’ de- crete VAEs with any decoder network architectures.
rived hash-code latent representations, and predicted uncer-

tainty of each test points in Figures 2, 3, and 4. We use th@o benchmark and demonstrate the effectiveness of de-
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(8) U2G, =0:15 (b) CFG, =0:15 (c)ST, =0:15 d)GS, =0:15

(e) U2G, =0:3 () CFG, =0:3 () ST, =0:3 (h)GS, =0:3
Figure 3: The clustering results based on hash-codes by BerVAE trained with different gradient estimators.

entropy along the y-axis and plot the uncertainty with re-
spect to the x-coordinate in Figure 4 to illustrate the uncer-
tainty quanti cation capability of BerVAE. From the plots
in Figure 4, the predicted uncertainty is the highest at the
boundary between each of the neighboring clusters. The
predicted uncertainty peaks of the CFG, U2G and GS es-
timators are closer t6 and1, and the x-coordinate values
(@ =0:15 () =0:3 of the corresponding Gaussian mixture component centers.
It is clear that the clustering results by ST are the worst
and the predicted uncertainty is the most biased. Espe-
cially whenx 2 [0; 1], the derived latent hash-codes from
BerVAE with ST fail to cluster reasonably. Besides the
rived hash-codes by our BerVAE, Figure 3 visualizesabove experiment, We provide another toy example, for
the clustering results of hash-codes from BerVAE trainedwhich we set different y-coordinates for the centers of the
with different gradient estimators. The points generatedsaussian mixture components. We include our results in
from different Gaussian mean values are labeled withAppendixB due to limited space, which show the same
the markers of different shape. The points encoded intarends as the rst example. Based on these, we choose to
f 1, 1g;f 1;1g;f1;, 1gandfl;1gare coloredinblue, optimize the encoder network of BerVAE by U2G for video
green, cyan, and magenta, respectively. The clustering rérashing.
sults by BerVAE trained using ST are much worse than the
ones with other gradient estimators. In all of the exper-4
iments with either CFG, U2G, or GS, most of the points

encoded into the same hash-code are generated from th&v/|p | the Fudan-Columbia Video Dataset (Jiang et al.,
same Gaussian mixture component. The points in cyan angly1g), is a large-scale video dataset containing a total of
green are far from each other compared to the points in blugs 723 videos in 239 categories with a total duration of
and green. Clearly, the distance relationships in the origiz 232 hours. Following previous works (Zhang et al., 2016;
nal input space are well preserved in terms of the Hammingsong et al., 2018; Li et al., 2019b,a, 2021; Yuan et al.,
distance of their corresponding hash-codes. This indicatesp20), we use 91,185 videos of them with 45,585 for train-
that effective retrieval can be achieved by comparing theng and 45,600 for testing.

Hamming distance of the derived hash-codes by BerVAE.

Figure 4: The predicted uncertainty of the BerVAE trained
with different gradient estimators.

.2 Real-world Video Dataset

As discussed in Section 3.4, we can quantify the uncer4.3 Evaluation Metrics

tainty of the derived latent hash-codes by the Shannon's

entropy of the predicted posterior distribution in BerVAE. Video Retrieval In a ranking-based retrieval system, Av-
With the same y-coordinate of each Gaussian mixture comerage Precision (AP) is the integrated performance measure
ponent center in this example, we integrate the Shannon®intly considering precision and recall. LBt(k) be the
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