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Abstract

Deep quantization methods have shown high efficiency on
large-scale image retrieval. However, current models heavily
rely on ground-truth information, hindering the application
of quantization in label-hungry scenarios. A more realistic
demand is to learn from inexhaustible uploaded images that
are associated with informal tags provided by amateur users.
Though such sketchy tags do not obviously reveal the labels,
they actually contain useful semantic information for super-
vising deep quantization. To this end, we propose Weakly-
Supervised Deep Hyperspherical Quantization (WSDHQ),
which is the first work to learn deep quantization from weakly
tagged images. Specifically, 1) we use word embeddings to
represent the tags and enhance their semantic information
based on a tag correlation graph. 2) To better preserve seman-
tic information in quantization codes and reduce quantization
error, we jointly learn semantics-preserving embeddings and
supervised quantizer on hypersphere by employing a well-
designed fusion layer and tailor-made loss functions. Exten-
sive experiments show that WSDHQ can achieve state-of-art
performance on weakly-supervised compact coding.

With the explosive growth of media data on the web,
many retrieval tasks need to handle large-scale and high-
dimensional data. Due to high computational efficiency and
low memory overhead, learning to hash (Wang et al. 2018),
as a technique in Approximate Nearest Neighbor (ANN)
search, has been applied in many applications. Briefly, the
goal of hashing is to transform high-dimensional data into
compact binary codes while preserving semantic informa-
tion. Based on the ways of measuring distance between en-
coded data, hashing methods can be roughly categorized into
two types. 1) Binary hashing (Gionis et al. 1999; Salakhut-
dinov and Hinton 2009) transforms high-dimensional data
into hash codes in Hamming space such that distances are
computed with fast bitwise operators. 2) Quantization (Je-
gou, Douze, and Schmid 2010; Ge et al. 2013; Babenko and
Lempitsky 2014; Zhang, Du, and Wang 2014; Yang, Chen,
and Xia 2020) divides high-dimensional data space into dis-
joint cells and approximately represents each point by its cell
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We attempt to use weak tags  
instead of  ground-truth labels 
to supervise quantization learning…

Various Semantic Information

Tag Sparsity

Weak Semantics of a Single Tag

#friends #cute #nature #kitty #kiss 
#friendship #cat #wildlife #pair 

#kisses #deer #fawn #bambi #smooch

Figure 1: An example from NUS-WIDE dataset to illustrate
the problem of weakly supervised quantization using tags.

centroid. Since the pairwise distances between data points
are pre-computed by inter-centroid distances and stored in a
lookup table, the search speed is accelerated.

Recently, deep learning has been integrated into hash
models and yields superior performance over the shallow
methods (Zhao et al. 2015; Huang, Chen, and Pan 2019; Jin
et al. 2020). Empirically, deep quantization methods have
more powerful representation capability than deep binary
hashing methods for ANN search (Cao et al. 2016, 2017; Liu
et al. 2018; Chen and Cheung 2019; Yuan et al. 2020). Nev-
ertheless, there are two concerns about existing deep quanti-
zation methods. 1) Data hunger: existing deep quantization
methods heavily rely on high-quality supervision. However,
despite the advent of large-scale annotated datasets such as
ImageNet (Deng et al. 2009), the lack of well-labeled data
in specific domains remains a critical bottleneck of deep
learning. Collecting massive data with exact labels is usu-
ally labor-intensive and expensive, which hinders the de-
ployment of deep quantization methods in practical large-
scale applications, e.g. search engines and social media. 2)
High norm variance of deep features: deep networks often
produce representation vectors with relatively high variance
on the norm, which adversely degrades the quality of quan-
tization (Wu et al. 2017; Eghbali and Tahvildari 2019).

To overcome the heavy dependence of manually anno-
tated data, we consider taking the freely available web im-
ages with impure tags as training data, and study the novel
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problem of weakly supervised deep quantization, as illus-
trated in Fig. 1. Different from existing deep supervised
quantization methods that leverage clear labels as supervi-
sion, we try to tackle the following challenges: 1) Tag spar-
sity: the tag words are nearly unrestricted, so many synony-
mous tags share similar meanings; the total number of tags
could be huge. 2) Weak semantics of a single tag: a single tag
can be semantically vague, leading to confusion in learning.
3) Various semantics in one image: an image may contain
multiple concepts. Besides, to further improve deep quanti-
zation, we also attempt to reduce the high norm variance of
deep embeddings in the quantization model.

In this paper, we propose Weakly-Supervised Deep
Hyperspherical Quantization (WSDHQ) for learning to
quantize with weak tags. To our best knowledge, WSDHQ is
the first work to address the problem of weakly-supervised
deep quantization without using ground-truth labels. It ex-
plores the possibility of disconnecting the deep quantization
evolution from the scaling of human-annotated datasets,
given free and inexhaustible web and social media data. We
make the following contributions in WSDHQ:

1) On the specific task of image quantization, we are the
first to consider enhancing the weak supervision of tags.
Concretely, we build a tag embedding correlation graph,
to effectively enhance tag semantics and reduce sparsity.

2) To reduce the error of deep quantization, we remove the
norm variance of the deep features by applying `2 nor-
malization and maps visual representations onto a se-
mantic hypersphere spanned by tag embeddings.

3) We further improve the ability of quantization model to
better preserve semantic information into quantization
codes by designing a novel adaptive cosine margin loss
and a novel supervised cosine quantization loss, that di-
rects the training of our model in an end-to-end manner.

4) Extensive experiments show that WSDHQ yields state-
of-art retrieval results in weakly-supervised scenario.

Related Work
Deep Quantization. Deep quantization methods cooperat-
ing with CNNs (Krizhevsky, Sutskever, and Hinton 2012; He
et al. 2016) have shown superior performance against tradi-
tional non-deep methods that use hand-crafted features (Je-
gou, Douze, and Schmid 2010; Ge et al. 2013; Kalantidis
and Avrithis 2014; Babenko and Lempitsky 2014; Zhang,
Du, and Wang 2014; Martinez et al. 2016, 2018). The goal
of deep supervised quantization is to learn compact codes
through deep networks that are faithful to given semantic
information such as pointwise (Cao et al. 2017; Eghbali and
Tahvildari 2019; Yuan et al. 2020), pairwise (Cao et al. 2016;
Chen and Cheung 2019) or triplet labels (Yu et al. 2018;
Liu et al. 2018). Despite the promising performance, ex-
isting methods largely rely on high-quality labels to learn
satisfactory models. It limits the application of deep quan-
tization on many real-world scenarios, where a lot of data
is available without adequate ground-truths. Different from
previous works, we attempt to solve the novel problem of
weakly-supervised deep quantization in this paper.

Tackle Norm Variance for Quantization. It has been re-
vealed that many adopted deep networks produce represen-
tations with relatively large norm variance, which leads to
greater quantization error and unexpected performance de-
generation (Wu et al. 2017; Eghbali and Tahvildari 2019). To
reduce the norm variance, MSQ (Wu et al. 2017) quantized
the data norms using an additional scalar quantizer before
applying product quantization (PQ). Nevertheless, it is hard
to balance the budget between two quantizers, and PQ is in-
ferior to other quantization methods due to its orthogonality
assumption on codebooks (Babenko and Lempitsky 2014).
DSQ (Eghbali and Tahvildari 2019) removed the norm vari-
ance for deep representations by quantizing them on a unit-
norm sphere, and learned to close the Euclidean distance be-
tween each image embedding and its unique class center.

In this paper, we employ a transformation layer with `2
normalization as DSQ did, to embed deep image represen-
tations onto a semantic hypersphere spanned by tag em-
beddings. Different from DSQ, we learn quantization in a
multi-semantics (i.e., multi-label and multi-class) settings by
jointly optimizing two novel cosine losses, i.e., adaptive co-
sine margin loss and supervised cosine quantization loss.
Weakly-supervised Hashing. There has been less attention
paid to weakly-supervised hashing, where meta-data (weak
tags) attached to web images is freely available to be an in-
exhaustible source of weak supervision (Gomez et al. 2018).
To our knowledge, there has been no weakly-supervised
quantization method for ANN search until now. Although
there have been a few initial attempts (Zhang et al. 2016;
Tang and Li 2018; Guan et al. 2018; Gattupalli, Zhuo, and
Li 2019; Cui et al. 2020) in weakly-supervised binary hash-
ing, they either rely on pure labels to rectify the model
or directly train the model using raw tags without effec-
tive semantic enhancement, which leaves a lot of room for
improvement. Zhang et al. (2016) used collaborative filter-
ing to predict tag-label associations, where labels were re-
quested. Guan et al. (2018) proposed a two-stage frame-
work consisting of weakly supervised pre-training and fine-
tuning using ground-truth labels. Technically, the above two
methods are not ideal to be truly weakly-supervised hash-
ing, because of the dependence on ground-truth information.
Weakly Supervised Multimodal Hashing (WMH) (Tang and
Li 2018) is the first holistically weakly-supervised hashing
method, which constructs binary matrix of tags and for-
mulates hashing as an eigenvalue problem. It tends to be
vulnerable because WMH directly uses weak tags as bi-
nary labels. Weakly Supervised Deep Hashing using Tag
Embeddings (WDHT) (Gattupalli, Zhuo, and Li 2019) em-
ploys Word2Vec (Mikolov et al. 2013) embeddings for tags.
Although noises and vagueness are partially alleviated in
WDHT, the tags of each image are roughly represented as
the average vector of tag embeddings by simple weighting
strategies, which is too rough to grasp various semantics.

Our WSDHQ is the first weakly supervised deep quanti-
zation method. Different from existing weakly supervised
binary hashing methods, there are two improvements: 1)
WSDHQ investigates the semantic relations of weak tags,
based on which, it further enhances tag semantics and re-
duces similar tags confusion so as to improve the supervi-
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sion. 2) WSDHQ preserves more fine-grained semantic rep-
resentations during training, which helps to get better per-
formance. We will discuss the effects of these two strategies
(i.e., loss designs) in the ablation experiment.

Proposed Approach
In this section, we first formulate the research problem and
give a brief overview of our approach. Then we present
the supervision enhancement and the quantization on hyper-
sphere. Finally, we introduce the overall learning algorithm.

Problem Formulation
In a weakly-supervised image retrieval scenario, we are
given a training set of N images with attached tag sets
{xn,Yn}Nn=1, where each image is represented as a P -
dimensional vector xn ∈ RP and is associated with a set
of textual tags Yn ⊂ Y , Y is a set containing all tags.
While the web images with tags are easy to obtain from
search engines or social media, the raw tags are not re-
liable enough to be ground-truth labels. Thus the goal of
weakly-supervised deep quantization is to learn a composi-
tional quantizer q : x ∈ RP 7→ b ∈ {0, 1}B , which encodes
each point x into a compact B-bit binary code b by preserv-
ing the weak semantics from tags via DNNs.

Overview of Our Approach
This paper enables efficient image retrieval by present-
ing Weakly Supervised Deep Hyperspherical Quantization
(WSDHQ) in an end-to-end deep learning architecture, as
shown in Fig. 2. WSDHQ consists of five main components:
1) A standard CNN f , e.g. AlexNet (Krizhevsky, Sutskever,
and Hinton 2012), to extract deep features of images. 2)
A word embedding model, e.g. Word2Vec (Mikolov et al.
2013), to represent each tag yi ∈ Y as an embedding ti,
while T and Tn are tag embedding sets w.r.t. raw tag sets Y
and Yn. 3) A correlation graph G, to enhance the semantics
of tags and merge synonymous tags. We denote semantically
enhanced tag sets via G as T̃ and T̃n. 4) A transform layer
g, to embed deep features vn as rn on a hypersphere, which
is spanned by the normalized tags S . 5) A semantic hyper-
sphere, on which the norm variances of data points are re-
duced to zeros. With the help of two well-customized cosine
losses, our joint process of semantics-preserving learning for
image embedding rn and quantization on the hypersphere
yield better compact codes for ANN search.

Enhance Weak Supervision with Tag Correlation
When using attached tags as supervision, we first consider
the issues of weak semantics of single tags and tag sparsity.
Semantic Correlation Graph. We first extract the pre-
trained Word2Vec embedding ti ∈ RD for each informative
tag yi ∈ Y , where D is the dimension of textual embedding
space, then form the tag embedding sets T and {Tn}Nn=1

w.r.t. Y and {Yn}Nn=1. Let T ∈ RD×|T | be the tag embed-
ding matrix. Next we obtain a k-nearest neighbor set NNk(i)
by cosine similarity for each tag ti. A semantic correlation

graph G is then constructed on the total tag set T by an ad-
jacency matrixA = (aij) ∈ {0, 1}|T |×|T |, where

aij =

{
1, if j ∈ NNk(i) and t>i tj

‖ti‖‖tj‖ ≥ τ , or just i = j,
0, otherwise,

and τ is the correlation threshold that determines whether a
neighbor tag is related to an anchor tag in semantics. Note
that each row ai inA indicates the semantic similarities be-
tween ti and other tags on G.
Semantic Enhancement on Graph. Since the neighbor in-
formation from G can effectively enhance the semantic rep-
resentations of single tags and alleviate their semantic bi-
ases, we can obtain an semantics-enhanced tag embedding
matrix T̃ = TÃ> by aggregating the embeddings from its
neighbor tags, where Ã is the row-wise normalization ofA.
Reduce Sparse Tags. After semantic enhancement, the rep-
resentations of similar tags are expected to move closer and
aggregate in small regions, so those sparse and redundant
tags can be further detected and merged. The merging pro-
cess follows classic density-based clustering algorithm (Es-
ter et al. 1996). Any t′i, t

′
j on G are density-reachable to

each other if d(t′i, t
′
j) < ε, where ε is the merging thresh-

old and d(·, ·) is a distance metric, e.g. the `2 distance. Each
time we pick up one unprocessed point t′i from G in order
and compute its density-reachable set R(i, ε) = {t′j | t′j is
density-reachable from t′i}. Once |R(i, ε)| > 1, we merge
and replace all the elements in R(i, ε) by the average point.
Finally, we obtain refreshed embedding sets T̃ and {T̃n}Nn=1
by removing same embeddings in each tag set.

Quantization on Semantic Hypersphere
We adopt a standard CNN f : RP 7→ RV for extracting
V -dimensional deep features vn = f(xn) of image xn.

S = {t′i/‖t′i‖2}|T̃ |i=1 and Sn = {t′i/‖t′i‖2}|T̃n|i=1 are the nor-
malized total tag set and the normalized tag set of image
xn, which span the D-dimensional hyperspherical seman-
tic space. We set up a transform layer g : RV 7→ RD
with `2 normalization to remove norm variance of deep
features vn and map vn onto the semantic hypersphere as
rn = g(vn) =

σ(Wgvn)
‖σ(Wgvn)‖2 , where σ(·) is the activation,

e.g. the hyperbolic tangent (tanh), and Wg is the parameter
matrix of g. For brevity, we use h = f ◦ g to denote the
fusion of network f and layer g such that rn = h(xn).
Semantics-preserving Learning on Hypersphere. We pro-
pose an adaptive cosine margin loss Ln to enable semantics-
preserving learning on hypersphere, namely

Ln =
∑

s+
i ∈Sn

∑

s−j ∈Nn

[
∆ij − cos θ(s+

i ,rn) + cos θ(s−j ,rn)

]
+
,

where [·]+ = max(0, ·), cos θ(v,v′) = 〈v,v′〉, s.t. ‖v‖2 =
‖v′‖2 = 1, Nn is the negative semantic set of xn and ∆
is the cosine margin. This metric loss encourages the image
embedding rn to move closer to positive semantic embed-
dings while pushing it from negative embeddings.

Ideally, we would like to utilize all negative semantic em-
beddings of xn, i.e., Nn = S\Sn for learning, but this can
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Figure 2: The proposed Weakly Supervised Deep Hyperspherical Quantization (WSDHQ) consists of five main parts: 1) a
standard CNN, 2) a word embedding model, 3) a correlation graph, 4) a transform layer and 5) a semantic hypersphere.

lead to unacceptably high computational cost as |S| is usu-
ally huge in real world. In practice, we only involveKn most
tricky negative semantic embeddings as our negative set, i.e.,

Nn = arg max
s−i ∈S\Sn, |Nn|=Kn

cos θ(s−i ,rn).

To keep the image representations consistent with precise
semantic information, we adopt an adaptive margin strategy
∆ij that depends on the discrepancy between positive and
negative semantics. For example, a smaller margin ∆(cat, dog)
is acceptable while ∆(kiss, dog) should adapt to be larger, since
the semantic representation of negative semantics “dog” is
closer to that of positive semantics “cat” than positive se-
mantics “kiss”. Specifically, we define

∆ij = 21−γ ·
(

1− cos θ(s+
i ,s
−
j )

)γ
,

where γ is a hyper-parameter such that smaller γ leads to
larger adaptive margin under same semantic similarity.
Supervised Cosine Quantization. We propose a super-
vised quantizer on hypersphere to enable efficient image re-
trieval. Specifically, each image embedding rn will be quan-
tized with a set of M codebooks C = [C1,C2, · · · ,CM ],
each Cm = {cm1, cm2, · · · , cmK} contains K codewords,
and each codeword cmk is a D-dimensional centroid vec-
tor obtained by k-means. The codeword assignment vec-
tor bn is segmented into M 1-of-K indicator vectors bn =
[b1n; b2n; · · · ; bMn] w.r.t. M codebooks, and each one-hot
indicator vector bmn indicates which one of K codewords
in the m-th codebook is used to compose the approximation
for rn. The proposed quantizer encodes each image embed-
ding rn as the sum of M codewords, each of which comes
from its codebook Cm assigned by an indicator vector bn,
i.e., rn ≈ r̂n ≡

∑M
m=1Cmbmn. Then we integrate seman-

tic supervision into quantization learning, with the cosine
quantization loss formulated as

Qn =
∑

si∈S

(
cos θ(si,rn) − cos θ(si,r̂n)

)2
.

Approximate Nearest Neighbor Search. Approximate
nearest neighbor (ANN) search by maximum inner-product

similarity (MIPS) is a powerful tool for quantization meth-
ods (Cao et al. 2017; Liu et al. 2018). Note that on the unit
hypersphere, the cosine similarity between two points can
be equivalently transformed into inner-product. Hence, with
the image database of N quantized binary codes {bn}Nn=1,
we adopt Asymmetric Quantizer Distance (AQD) (Jegou,
Douze, and Schmid 2010) as the metric, which computes the
cosine of the angle on hypersphere between a given query q
and the reconstruction of a database point xn as

AQD(q,xn) = cos θ(rq,r̂n) = r>q

(
M∑

m=1

Cmbmn

)
,

where rq is the hyperspherical embedding w.r.t. query q. We
set up a query-specific lookup table of M × K items for
q, which stores the pre-computed results of inner-product
between q and all codewords in C. Hence, the AQD can be
efficiently computed by summing chosen items from lookup
table according to the quantization code bn.

Learning Algorithm
Overall Objective. WSDHQ enables efficient image re-
trieval in an end-to-end architecture, which jointly learns
semantics-preserving hyperspherical embedding and super-
vised quantization in a total objective as

min
W,C,B

N∑

n=1

(Ln + λQn) , (1)

where λ is a positive hyper-parameter to balance the adap-
tive cosine margin loss L and the semantically supervised
quantization loss Q, and W denotes the learnable network
parameters. Through optimizing objective (1), WSDHQ pre-
serves the semantic information of tags into hyperspherical
embeddings while effectively reducing quantization error.

There are three sets of variables in objective (1): 1)
the network parameters W , 2) N binary codes B =
[b1, b2, · · · , bN ] = [B1;B2; · · · ;BM ], where Bm =
[bm1, bm2, · · · , bmN ] is the subcode matrix of all points
w.r.t. the m-th codebook Cm and 3) M codebooks C =
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[C1,C2, · · · ,CM ]. We adopt an commonly used alternating
optimization paradigm (Liu et al. 2018), which iteratively
optimizes one variable set while fixing the others.
Learning W . Many back-propagation algorithms can be
adopted to optimize the network parametersW . With the ad-
vance of automatic differentiation techniques in mainstream
machine learning libraries (Abadi et al. 2016; Paszke et al.
2019), it is easy to optimizeW within a few code lines.
Learning B. We update N quantization codes B by fixing
W and C as known variables. Since each bn is independent
with {bn′}n′ 6=n, the optimization of B can be split into N
subproblems, e.g., we optimize bn as

min
bn

(
rn −

M∑

m=1

Cmbmn

)>
ΣS

(
rn −

M∑

m=1

Cmbmn

)
,

(2)

s.t. ‖bmn‖0 = 1, bmn ∈ {0, 1}K ,
where ΣS =

∑
si∈S sisi

> is the covariance matrix of se-
mantic embeddings, which reflects the latent distribution of
queries as all visual features will be eventually embedded to
the hypersphere spanned by these embeddings. Objective (2)
is generally an NP-hard problem of discrete combinato-
rial optimization, while some stochastic local search algo-
rithms can provide a promising solution. We take the widely
used Iterated Conditional Modes (ICM) algorithm (Besag
1986; Zhang, Du, and Wang 2014) to solve it.Given fixed
{bm′n}m′ 6=m, we update bmn by exhaustively checking all
codewords inCm and finding the codeword such that objec-
tive (2) is minimized. In each encoding iteration, the M in-
dicators {bmn}Mm=1 are calculated alternatively in this way.
Moreover, we inject some stochastic relaxations (Zeger et al.
1992; Martinez et al. 2018) into ICM to avoid local optimum
so as to improve the performance of quantization. Specif-
ically, for the i-th encoding iteration, we add an iteration-
decaying perturbation π(i) = (T (i)/M) · ε to codebooks
C and get perturbed codebooks C̃ = C + π(i), where
T (i) =

√
1− (i/I) is the temperature scheduled for the i-th

iteration among all I encoding iterations, ε ∼ N (0,Σ) and
Σ = diag(cov(R)) is the diagonal covariance proportional
to R. Finally, we replace the codebook Cm in objective (2)
with C̃m before learning {bmn}Nn=1.
Learning C. We update M codebooks C by fixingW and
B as known variables, and rewrite the objective (1) as

min
C

tr
(
(R−CB)>ΣS(R−CB)

)
, (3)

where R = [r1, r2, · · · , rN ] is the image embedding ma-
trix. The optimal solution of objective (3) comes in a closed
form as C = RB>(BB>)−1. Note that the binary ma-
trix B satisfies structurally regular conditions: 1) Diagonal
B>i Bi can be computed as histograms of the codes in Bi,
and B>i Bj = (B>j Bi)

> can be computed as bivariate his-
tograms of the codes in Bi and Bj . 2) RBi can be com-
puted by treating the columns ofBi as binary vectors that se-
lect the columns ofR to sum together. With the help of these
properties, the optimal solution of C can be solved with
time complexity O(MND) and O(M2N), compared with

their naı̈ve computations of O(MKND) and O(M2K2N)
(Martinez et al. 2018).

Experiments
In this section, we conduct extensive experiments to evaluate
our proposed WSDHQ model with several state-of-art shal-
low and deep hashing methods on two web image datasets.

Setup
To our best knowledge, there are only two large-scale and
commonly-used web image datasets (MIR-FLICKR25K,
NUS-WIDE) that contain image-tag-label triplets. (E.g.,
ImageNet does not contain tag information.) Thus we con-
duct our empirical evaluations on them.

MIR-FLICKR25K (Huiskes and Lew 2008) is a dataset
of 25,000 Flickr images associated with 1,386 tags. The au-
thors labelled the images with 38 semantic concepts in total,
which are only used for evaluation in our experiments. 2,000
images are randomly sampled as test queries and the rest are
used as retrieval database and training images.

NUS-WIDE (Chua et al. 2009) is a large-scale web image
dataset also collected from Flickr, which contains 269,648
images with 5,018 tags provided by users. The authors have
manually annotated each image with a pre-defined set of 81
ground-truth labels, which are only used for evaluation. We
collect a subset of 193,752 images with the 21 most frequent
labels for experiments. We follow (Cao et al. 2017; Liu et al.
2018) to randomly sample 5,000 images as queries and re-
main the rest as the database, from which we further sample
10,000 images and their tag sets as training data.

Following standard evaluation protocols adopted in previ-
ous works (Cao et al. 2017; Liu et al. 2018; Gattupalli, Zhuo,
and Li 2019), we use three evaluation metrics: Mean Av-
erage Precision (MAP), Precision-Recall curves (PR), and
Precision curves w.r.t. the number of top returned results
(P@N). To make fair comparisons, all methods use identical
training and test sets, and we follow previous works to adopt
MAP@5000 for both datasets. Given a query, the ground
truth is defined as: if a result shares at least one common
label with the query, it is relevant; otherwise it is irrelevant.

We compare the retrieval performance of the proposed
WSDHQ model with several state-of-art hashing meth-
ods, including: 1) Five shallow unsupervised methods,
LSH (Gionis et al. 1999), SH (Weiss, Torralba, and Fer-
gus 2009), SpH (Lee 2012), ITQ (Gong et al. 2013) and
AQ (Babenko and Lempitsky 2014). 2) One deep unsuper-
vised method, DeepBit (Lin et al. 2016). 3) Two shallow
weakly-supervised methods, WMH (Tang and Li 2018) and
WDH (Cui et al. 2020). 4) One deep weakly-supervised
method, WDHT (Gattupalli, Zhuo, and Li 2019).

We use AlexNet (Krizhevsky, Sutskever, and Hinton
2012) to extract 4096-dimensional deep fc7 features from
each image for shallow models. For deep models, we di-
rectly use raw image pixels as input and adopt AlexNet
(conv1 ∼ fc7, pre-trained on ImageNet) as the backbone
network. We take the Word2Vec (Mikolov et al. 2013) as
word embedding model and represent each tag with a 300-
dimensional pre-trained embedding.
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Dataset MIR-FLICKR25K NUS-WIDE

8 bits 16 bits 24 bits 32 bits 8 bits 16 bits 24 bits 32 bits

LSH 0.524 0.570 0.562 0.572 0.376 0.392 0.413 0.418
SH 0.592 0.609 0.617 0.604 0.498 0.505 0.477 0.492
SpH 0.556 0.582 0.579 0.586 0.463 0.448 0.464 0.461
ITQ 0.641 0.623 0.654 0.633 0.536 0.545 0.556 0.563
AQ 0.637 0.645 0.658 0.661 0.524 0.567 0.587 0.592

DeepBit 0.628 0.632 0.623 0.608 0.542 0.555 0.558 0.552

WMH 0.656 0.684 0.672 0.671 0.558 0.592 0.605 0.601
WDH 0.669 0.678 0.694 0.685 0.577 0.602 0.618 0.627

WDHT 0.704 0.733 0.737 0.724 0.652 0.670 0.682 0.692
WSDHQ 0.744 0.751 0.765 0.772 0.716 0.722 0.738 0.731

Table 1: Mean Average Precision (MAP) Results for Differ-
ent Number of Bits on the Two Benchmark Image Datasets.

We implement WSDHQ based on TensorFlow (Abadi
et al. 2016). For the semantic correlation graph, we set the
maximum number of neighbors k = 20 for each tag, the
correlation threshold τ as 0.75 and the merging threshold
ε as 0.1. We set the number of tags for negative tags se-
lected in the adaptive cosine margin loss as Kn = 1000. We
fine-tune all layers copied from pre-trained model and train
the transform layer via back-propagation from scratch. We
adopt a mini-batch Adam with default parameters as opti-
mizer. Besides, we select learning rate from 10−5 ∼ 10−2,
the hyper-parameter λ from 10−5 ∼ 10−1 and γ from
[0.3, 0.5, 0.7, 1, 2, 3, 4] via cross-validation. Following (Cao
et al. 2016, 2017; Liu et al. 2018; Eghbali and Tahvildari
2019), we adopt K = 256 codewords for each codebook,
thus the binary index for each image of all M codebooks
requires B = M log2K = 8M bits (i.e., M bytes).

Results
The MAP results of all methods are reported in Table 1,
which shows that the proposed WSDHQ model substan-
tially outperforms all the comparison methods. Specifically,
compared to AQ (shallow quantization with deep features
as input), the best unsupervised hashing method, WSDHQ
achieves absolute increases of 10.8%, 15.9% in the average
MAP on MIR-FLICKR25K and NUS-WIDE, respectively.
Compare to WDHT (deep binary hashing), the state-of-art
weakly-supervised hashing method, WSDHQ outperforms
WDHT by appreciable margins of 3.4% and 5.3% in aver-
age MAP on two datasets, respectively.

We discover several interesting insights from the MAP
results. 1) The weak tags can actually be utilized as su-
pervision. Weakly-supervised methods (e.g. WSDHQ and
WDHT) significantly outperform unsupervised methods
(e.g. AQ and DeepBit). 2) The quantization often shows su-
periority over binary hashing under the same code length,
for instance, the shallow unsupervised quantization method
AQ achieves better performance than shallow unsuper-
vised binary hashing competitors SpH, SH as well as
LSH, and our WSDHQ also outperforms deep weakly-
supervised binary hashing WDHT. 3) Deep quantization
methods (e.g. WSDHQ) can learn better codes by jointly
preserving semantics and reducing the quantization error,
significantly outperforming the shallow counterparts ITQ

(a) MIR-FLICKR25K (b) NUS-WIDE
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Figure 3: Precision-recall curves on the MIR-FLICKR25K
and NUS-WIDE datasets with binary codes @ 32 bits.
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Figure 4: Precision@top-N curves on the MIR-FLICKR25K
and NUS-WIDE datasets with binary codes @ 32 bits.

and AQ with deep features.
The retrieval performance in terms of Precision-Recall

curves and Precision curves w.r.t. different numbers of top
returned samples are shown in Figures 3 and 4, respectively.
These metrics are widely used in practical image search sys-
tems. The proposed WSDHQ model significantly outper-
forms all comparison methods by large margins in the two
metrics. In particular, WSDHQ achieves much higher preci-
sion than all compared baselines at low recall levels or when
the number of top returned samples is small. This is de-
sirable for precision-oriented retrieval in practical systems,
in which users usually pay more attention to the top-N re-
turned results with a relatively small N .

Ablation Study
We investigate four variants of WSDHQ: 1) WSDHQG , a
variant of WSDHQ that removes the semantic correlation
graph G as well as the steps of semantics enhancement
and synonyms merging (i.e., sparse tags reducing) on G. 2)
WSDHQN, a variant which does not involve `2 normaliza-
tion for both tag embeddings and image embeddings. Note
that this variant conducts semantics-preserving learning no
longer on hypersphere, we replace all the cosine similar-
ity cos θ(v,v′) by inner-product 〈v,v′〉 between any two D-
dimensional vectors v and v′ in loss functions Ln and Qn
for all training samples. During retrieval, the AQD between
any query q and database image xn is computed with inner-
product, i.e., AQD(q,xn) = r>q r̂n, where rq ∈ RD is the
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Dataset MIR-FLICKR25K NUS-WIDE

8 bits 16 bits 24 bits 32 bits 8 bits 16 bits 24 bits 32 bits

WSDHQG 0.728 0.736 0.749 0.751 0.708 0.711 0.725 0.717
WSDHQN 0.724 0.727 0.740 0.755 0.703 0.716 0.723 0.726
WSDHQL 0.711 0.740 0.744 0.753 0.698 0.701 0.713 0.701
WSDHQ2 0.725 0.736 0.731 0.747 0.706 0.707 0.702 0.694
WSDHQ 0.744 0.751 0.765 0.772 0.716 0.722 0.738 0.731

Table 2: Mean Average Precision (MAP) Results of
WSDHQ and Its Variants on Two Benchmark Datasets.

transformed embedding of q and r̂n ∈ RD is the quanti-
zation reconstruction of image xn. 3) WSDHQL, a variant
of WSDHQ which replaces the adaptive cosine margin loss
for semantics-preserving learning with the mini-batch-wise
hinge loss in WDHT (Gattupalli, Zhuo, and Li 2019) as

Ln =
∑

s̄j∈S̄b\{s̄n}
max (0, δ + s̄>j rn − s̄>n rn),

where s̄n = 1
|Sn|

∑
si∈Sn si is the average point of all the

semantic embeddings in Sn, S̄b is the average semantic em-
bedding set of the b-th mini-batch, and δ = 0.2 is the pre-
defined margin recommended by the authors of WDHT. 4)
WSDHQ2, the two-stage variant which separately learns
semantics-preserving embeddings and quantization codes.
The MAP results on two datasets are reported in Table 2.
Enhancing Semantics on Correlation Graph. WSDHQ
outperforms WSDHQG by 2.3% and 1.6% in the average
MAP on two datasets, which indicates that the tag process-
ing on G plays an important role in weakly-supervised deep
quantization, because redundant and synonymous tags in a
tag set may lead to semantic bias and degrade performance.
Learning and Quantizing on Hypersphere. We find that
the WSDHQ with `2 normalization for norm variance re-
moval boosts 2.9% and 1.4% on the average MAP from
WSDHQN on two datasets. It shows that the transformation
to hypersphere contributes to learn better image representa-
tions and reduce the quantization error.
Loss for Visual Embedding Learning. Another observa-
tion is that WSDHQ outperforms WSDHQL by 2.8% and
3.3% in average MAP on two datasets. WSDHQL adopts a
mini-batch-wise hinge loss in previous state-of-art weakly-
supervised (binary) hashing method WDHT. The result
shows that this loss is not optimal for weakly-supervised
quantization (more generally, weakly-supervised hashing),
because tag embedding averaging for each image is merely
a coarse-grained estimation of true semantics, which fails
to model the true tag distribution in semantic space. More-
over, the hinge loss may mistakenly push two semantically
similar image embeddings far away from each other, since
the pairwise similarity is hard to well measure with weak
semantics. By contrast, the adaptive cosine margin loss in
WSDHQ is more granular. Instead of direct assertions of se-
mantic inter-relationship for training images, it wisely fo-
cuses on the pointwise intra-relationships between images
and tags in hyperspherical semantic space, thus better pre-
serving semantic information into image embeddings.
Joint Process of Embedding Learning and Quantization.
By jointly learning semantics-preserving image embeddings

(a) MAP @ 32 bits w.r.t. the trade-
off hyper-parameter of two losses

(b) MAP @ 32 bits w.r.t. the scaling 
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Figure 5: The MAP results of WSDHQ @ 32 bits w.r.t. γ and
λ on two datasets. The values on dotted lines are the MAP
results of WDHT (i.e., the best baseline) @ 32 bits.

as well as controlling the quantization error, WSDHQ out-
performs WSDHQ2 by 3.2% and 3.5% in average MAP on
two datasets. This verifies that end-to-end quantization can
improve the quantization quality of deep image embeddings.

Parameter Sensitivity
We study the sensitivities of 1) λ, the trade-off hyper-
parameter between losses Ln and Qn, and 2) γ, the scaling
hyper-parameter of the adaptive margin in Ln. The MAP re-
sults are shown in Fig. 5. WSDHQ surpasses the best base-
line within a wide range of λ and γ. The hill-shape trend
curves of MAP w.r.t. λ and γ confirm the importance of se-
lecting appropriate hyper-parameters in WSDHQ. WSDHQ
degenerates into its two-stage variant WSDHQ2 that gets in-
ferior results when λ → 0, which justifies the effectiveness
of joint learning of deep visual embeddings and deep super-
vised quantization. A moderately smaller γ that leads to rel-
atively larger margins helps the WSDHQ to learn more dis-
criminative quantization codes, while we should avoid de-
generation or even non-convergence caused by too small γ
with abnormally large margins.

Conclusions
In this paper we propose the Weakly-Supervised Deep Hy-
perspherical Quantization (WSDHQ) for efficient image
retrieval. Different from current deep quantization meth-
ods, WSDHQ enables learning quantization codebook from
weakly tagged web images without using ground-truth la-
bels. The weak supervision is enhanced via semantic en-
hancement for tags and sparse tag reduction based on the
investigated tag correlation. Our developed joint learning of
deep visual embeddings and semantics-preserving quantizer
on hypersphere also yield a significant performance boost to
WSDHQ on large-scale image retrieval. Extensive experi-
ments demonstrate state-of-art retrieval performance on two
well-known and widely-tested datasets. Our work encour-
ages the exploration of weakly-supervised deep quantization
by leveraging web and social media data, which promotes
quantization to adapt real-world scenario. Future work in-
cludes improving weakly supervised deep quantization by
detecting and completing the probably missing semantic in-
formation in the given tag sets during training.
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