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Abstract

Semi-supervised hashing has shown promising efficacy
in large-scale image retrieval, which learns similarity-
preserving codes from both labeled and unlabeled data. To
enable the use of advanced supervised hashing techniques,
pseudo labels are widely applied. However, existing methods
typically suffer from a biased learning issue due to pseudo
label noise, which can be further aggravated during optimiza-
tion. Although such a bias can adversely affect hashing accu-
racy, it has not been investigated sufficiently. In view of this,
we present a comprehensive discussion on potential causes of
biases, involving processes of pseudo-labeling, hash learning
and optimization. Accordingly, a novel Generalized Debiased
Semi-supervised Hashing (GDSH) method is proposed as a
unified solution to mitigate the biases. Specifically, reliable
pseudo labels are first predicted via a robust label comple-
tion strategy. Secondly, a debiased hash learning module is
designed by combining label denoising and similarity updat-
ing. This can not only refine the supervision, but also obtain
hash codes that are semantically debiased in both category
and sample levels. Finally, a discrete semi-supervised hashing
algorithm is proposed to alleviate the bias arising from opti-
mization. Experimental results on three single-label and three
multi-label image benchmarks demonstrate that GDSH re-
markably outperforms the state-of-the-arts in different semi-
supervised settings.

Introduction
With the development of data acquisition technology and the
popularization of the Internet and social media, the amount
of image data has increased exponentially (Wu et al. 2024;
Zhu et al. 2020; Liu et al. 2022). To manage large-scale im-
age database efficiently, hashing provides a practical solu-
tion by mapping high-dimensional visual features into com-
pact binary codes while maintaining the original similari-
ties. Therefore, the storage cost of massive data is substan-
tially reduced, and the retrieval task can be accomplished
quickly and effectively. Owing to these promising proper-
ties, hashing has become a highlighted topic in the field
of image retrieval (Cui et al. 2024; Shen et al. 2024; Tang
et al. 2024). Typically, existing approaches can generate

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

high-quality hash codes when there are sufficient correctly-
labeled data for training (Shen et al. 2015; Gui et al. 2018;
Sun et al. 2024b). However, this requirement can hardly be
met in practice. For one thing, due to the intensive labor of
manual labeling, the observed data set often contains plenty
of unlabeled instances (Wang et al. 2023b). For another, the
given labels can be insufficient (or even wrong) to describe
the corresponding image, especially in multi-label scenarios
(Chua et al. 2009; Xia et al. 2023), e.g., on photo-sharing
websites and apps like Flickr and Instagram. Under these cir-
cumstances, training only on labeled samples may not guar-
antee high accuracy.

To reduce the dependency on labeled data, semi-
supervised hashing approaches (Hu et al. 2019; Zhang and
Peng 2019; Wang et al. 2023a) have been proposed by ex-
ploiting both labeled and unlabeled samples to promote re-
trieval performance. According to how the extensive unla-
beled data are used, existing methods can be categorized into
regularization-based ones (Wang, Kumar, and Chang 2012;
Wu et al. 2013; Pan et al. 2015) and pseudo label-based ones
(Song et al. 2017; Zhang and Peng 2019). The former typ-
ically formulate the hash learning problem as an empirical
error minimization over labeled data, along with an unsuper-
vised regularization over all the data (Wu et al. 2013; Kan
et al. 2014). In such a formulation, unlabeled data provide
helpful distribution information using their features, while
the more discriminative category information remains unex-
plored. To address this gap, pseudo label-based approaches
have been investigated (Song et al. 2017; Cheng et al. 2022;
Wang et al. 2022a). By completing categorization informa-
tion behind unlabeled instances, the semi-supervised setting
is expanded into a supervised one, which supports the use
of various supervised hashing techniques. Therefore, pseudo
label-based semi-supervised hashing possesses high gener-
ality and adaptability.

However, it has been revealed lately that the pseudo-
labeling stage is prone to generate unreliable or even false
predictions(Chen et al. 2022; Kage et al. 2024). Simply
treating pseudo labels as ground truth can result in a biased
semi-supervised learning (Wang et al. 2022b). In order to
alleviate this, debiased learning scheme has been designed
for self-training (Chen et al. 2022) and imbalanced learning
(Wang et al. 2022b). Nonetheless, it has not received enough
attention in context of semi-supervised hashing. In fact, for
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Figure 1: Framework of the proposed GDSH. The biases are reduced in the process of pseudo-labeling, hash learning and
optimization. First, the RLC module generates more reliable pseudo labels based on robust classification hyperplane. Second,
the DHL module calibrates the hash code representation by using two levels of debiased supervision, including denoised pseudo
labels at the category level and updated similarities at the sample level. Finally, the binary codes are optimized discretely, so as
to avoid bias caused by relaxation.

pseudo label-based semi-supervised hashing, biases can be
born in every stage, including pseudo-labeling, hash learn-
ing and optimization. First, the noisy pseudo labels generally
serve as supervision in existent hashing framework (Song
et al. 2017; Zhang and Peng 2019), which would lead to
biased hash codes. Although some recent work is carried
out to solve pseudo label noise, they are generally based on
sample weighting, which requires considerable training time
and computational memory (Shi et al. 2021; Cheng et al.
2022; Fan et al. 2023). Second, in hash learning stage, unrea-
sonable objectives can also produce training bias. Besides,
the optimization of binary codes incurs bias when apply-
ing relaxation strategies (Shi et al. 2021). These biases, al-
though implicit, are likely to limit the performance of semi-
supervised hashing in large-scale data sets.

To obtain debiased hash codes in the general semi-
supervised setting, we propose a novel Generalized Debi-
ased Semi-supervised Hashing (GDSH) method. The pro-
posed GDSH decouples the semi-supervised hash learning
into two processes: robust label completion and debiased
hash learning. Specifically, the pseudo label for unsuper-
vised data is firstly predicted with a delicate strategy which
is scalable for large-scale data. Then the hash codes for
semi-supervised data are learned in a label-denoising fash-
ion. Contributions of this work are summarized as follows:
• We identify the issue and discuss the causes of implicit

bias in pseudo label-based semi-supervised hashing, and
propose a unified framework to handle different biases.

• We design a robust label completion strategy to reliably
annotate the unlabeled data, which can be well gener-
alized to weakly-labeled collections with various label
rates and numbers of categories.

• We propose a novel debiased hash learning method,
where pseudo label noise is alleviated with lower com-
plexity, and hash codes are semantically debiased in both

category and sample levels.
• Theoretical analysis demonstrates the stability for learn-

ing the bridge between hash codes and semantics.

The Proposed Method
This section will detail the proposed GDSH method, in-
cluding model formulation, learning algorithm, stability and
complexity analysis. The framework of GDSH is shown in
Fig. 1, which provides a unified and comprehensive solution
to the implicitly biased semi-supervised hashing.

Notations and Problem Formulation
Given n training images {xi ∈ Rd}ni=1, where xi represents
the feature vector of the i-th sample. V = [X,Xu] ∈ Rd×n

denotes the feature matrix of the whole training set, com-
prising nl labeled samples X ∈ Rd×nl and nu unlabeled
samples Xu ∈ Rd×nu . The labels for X are given as L ∈
{0, 1}c×nl , where c is the number of categories, Lji = 1
if xi belongs to the j-th category and 0 otherwise. Besides
the labels, the semi-supervised training set also includes a
pairwise similarity matrix S ∈ {−1, 0, 1}n×n. Sij = 1
means that sample i and sample j are semantically similar
(e.g. share at least one common label), and Sij = −1 means
they are dissimilar. If either of the two samples is unlabeled,
the semantic relationship is unknown, and Sij is set to 0.
The goal of GDSH is to learn the r-bit hash code represen-
tation B ∈ {−1, 1}r×n, which well preserves the semantic
similarities among the semi-supervised data.

Throughout this article, matrices are denoted by boldface
uppercase letters (like A), vectors are denoted by lowercase
bold letters (like a and ai), Aij gives the element at the i-
th row and j-th column in A. I and 0 denote the identity
matrix and matrix with all zeros, respectively. A−1, AT and
Tr(A) represent the inverse, transpose and the trace of A,
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respectively. A variety of norms on matrices and vectors will
be used, including the ℓ2-norm ∥·∥, ℓ1-norm ∥·∥1, ℓ2,1-norm
∥ · ∥2,1 and the Frobenius norm ∥ · ∥F . sgn(·) is the element-
wise sign function which outputs 1 for positive elements and
−1 otherwise. max{·, ·} and |·| return the maximum and the
absolute value, respectively.

Robust Label Completion
Pseudo-labeling is a general solution to semi-supervised
learning (Song et al. 2017; Shi et al. 2021; Zhang et al.
2024). It predicts the underlying associations between un-
labeled data and semantic classes, so as to provide fully an-
notated data for downstream machine learning tasks. A basic
method is to map the corresponding features to label space,
formulated as Lu = PXu, where Lu ∈ {0, 1}c×nu denotes
the pseudo labels, P ∈ Rc×d is the projection matrix. It is
expected that P can discover the true semantic distribution,
even when there is only few labeled data for training. Toward
this end, we propose a robust modeling method by preserv-
ing the sparse structure of label matrix. The motivation is
illustrated in Fig. 1, where a base hyperplane is presented
as comparison. The base model aims at fitting the observed
labeled data precisely, i.e., L = PX. However, such hyper-
plane crosses over samples xA, xB , xC that are associated
with multiple categories. Moreover, it can vary a lot depend-
ing on the selected data set, leaving pseudo labels less reli-
able. For the pursuit of robustness, the ℓ2,1-norm regulariza-
tion (Nie et al. 2010) is introduced to keep the sparsity of
label vectors. P is optimized with

min
P

∥L−PX∥2 + δ ∥PX∥2,1 , (1)

where δ is a trade-off parameter. Eq. (1) encourages assign-
ing less number of categories to a single data. This improves
the discriminative ability of classification hyperplane, reduc-
ing the probability of false predictions.

Apart from sparsity preserving property, it is also desir-
able that the projections are insensitive to data variation, so
an extra regularization term is imposed on P. The objective
for learning the robust hyperplane becomes

min
P

∥L−PX∥2 + δ1 ∥PX∥2,1 + δ2 ∥P∥2 . (2)

In practice, by adjusting the hyperparameters δ1 and δ2, an
optimal fitting degree can be achieved. Therefore, the RLC
model in Eq. (2) can adapt to data collections with different
label rates and different numbers of categories.

For the convex programming in Eq. (2), a global optimum
solution can be reached at the stationary point (Markovsky
and Van Huffel 2007). Setting the derivative w.r.t P equal to
zero arrives at

2PXXT − 2LXT + 2δ2P+ 2δ1DPXXT = 0, (3)

where D is a diagonal matrix dependent on P. Let (PX)i

be the i-th row of PX, then the i-th diagonal element of D
is (2∥(PX)i∥)−1.

P can be obtained via solving Sylvester equation (Golub
and Loan 1996) below:

(δ1D+ I)P+ δ2P(XXT )−1 = LXT (XXT )−1. (4)

The optimization of RLC model alternatively proceeds over
the variables P and D till convergence. With the learned
projections, predictions for unlabeled data are easily given
by PXu. In the following discussion, we denote the com-
plete labels of semi-supervised data as Y = [L,Lu] ∈
{0, 1}c×n, where Lu keeps the top-k predicted categories.

After pseudo-labeling, existing methods (Song et al.
2017; Zhang and Peng 2019) usually leverage the complete
supervision to guide hash learning. However, pseudo la-
bels inevitably contain noise due to practical factors, such
as random data sampling and utilized feature representa-
tions (Chen et al. 2022). Such noisy supervision can mislead
learning process and eventually cause bias in hash codes.
Therefore, it is urgent to denoise the labels for better perfor-
mance.

Debiased Hash Learning
Due to its intrinsic discriminative and binary properties, la-
bel is commonly regarded as another kind of data represen-
tation (Liu and Lu 2016; Liu et al. 2019). Thus, it is natural
to regress the class labels to hash codes for building a bridge
between them. For example, B = AY, where A ∈ Rr×c

represents the to-be-learnt projection matrix. Besides, the
pairwise similarities can contribute to achieving the simi-
larity maintaining goal of hash learning (Wang, Kumar, and
Chang 2012; Zhu et al. 2023). In the proposed model, we de-
fine the affinities among samples according to their labels,
and construct matrix S ∈ {−1, 1}n×n using sgn(YTY).
The semantic preserving objective is formulated as

min
A,B

∥S−BTB∥2 + γ∥B−AY∥2 + θ∥A∥2, (5)

where γ and θ are balance parameters. Note that the term
∥S−BTB∥2 can be substituted by ∥S−BTAY∥2, where
the real-valued AY is promising to embed more precise sim-
ilarity information. Then, Eq. (5) is rewritten as

min
A,B

∥S−BTAY∥2 + γ∥B−AY∥2 + θ∥A∥2. (6)

The major focus is to alleviate the bias brought by the
pseudo label noise, and meanwhile devise reasonable ob-
jective for debiased hashing. As a feasible solution, recent
methods have adopted sample weighting(Shi et al. 2021;
Cheng et al. 2022), which examines the quality of each
pseudo-labeled data. However, this requires extra computa-
tion and memory space, which is unacceptable in large-scale
applications. To solve this problem, we design a valid and
low-cost DHL approach in this paper. As shown in Fig. 1,
the supervision is refined with a category-level debiasing
strategy and a sample-level one. The former aims at denois-
ing the original pseudo labels and recovering the clean label
information. To this end, we assume there exists a ground-
truth label matrix Yu that can be obtained with the sum of
pseudo label matrix Lu and a noise correction matrix E, i.e.,
Yu = Lu +E. By minimizing the pseudo-labeling error E,
the label denoising problem is formulated as follows:

min
E,Yu

∥E∥1, s.t. Yu = Lu +E,Yu ∈ {0, 1}c×nu . (7)
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The ℓ1-norm constraint guarantees that label noise is sparse,
which is natural since E is a sub-matrix of label matrix Yu.

Once Yu is optimized, the semantic relations among
training samples change. To make hash codes more compat-
ible with the debiased semantic distribution, samples associ-
ated with the same label (e.g. xD and xF in Fig. 1) need
to be pulled together, while samples with different labels
(e.g. xD and xE) must be pushed away. Therefore, an extra
sample-level debiasing scheme is proposed. More specifi-
cally, the pairwise similarities in S are dynamically updated
to be consistent with new labels Y = [L,Yu] and then used
to calibrate the hash model.

Based on the label denoising in Eq. (7) and the subsequent
similarity updating, we can derive the following unified ob-
jective function:

min
W

∥S−BTAY∥2 + γ∥B−AY∥2 + µ∥E∥1 + θ∥A∥2,

s.t.Yu = Lu +E,Yu ∈ {0, 1}c×nu ,B ∈ {−1, 1}r×n
,
(8)

where W = {E,Yu,A,B,S = sgn(YTY)}, µ is a trade-
off parameter. Eq. (8) collectively optimizes the supervi-
sory information and hash codes, which has two main ad-
vantages. For one thing, the pseudo semantics can be re-
fined without adding much memory complexity. For another,
the codes B can be semantically debiased in both category
and sample levels, thus reflecting more accurate similarities
among semi-supervised samples.

Optimizing Eq. (8) can suffer from huge time complex-
ity if all supervised information in S is used during training
(Kang, Li, and Zhou 2016). Hence, a relatively small subset
of the whole training set is selected for sample-level debias-
ing. Concretely, we adopt a sampling ratio β(0 < β < 1)
and randomly select βn samples to represent the entire set.
Accordingly, S̃ ∈ {−1, 1}βn×n can be obtained based on
the row sampling of S, and B̃ denotes the corresponding
codes. Reformulate Eq. (8) with the sampled similarities, we
get the optimization problem for GDSH:

min
W

∥S̃− B̃TAY∥2 + γ∥B−AY∥2 + µ∥E∥1 + θ∥A∥2,

s.t.Yu = Lu +E,Yu ∈ {0, 1}c×nu ,B ∈ {−1, 1}r×n
.
(9)

Optimization
To eliminate the equality constraint in Eq. (9), we consider
its augmented Lagrangian function:

L(E,Yu,A,B,G, ρ)

=∥S̃− B̃TAY∥2 + γ∥B−AY∥2 + µ∥E∥1 + θ∥A∥2

+ Tr(GT (Yu − Lu −E)) +
ρ

2
∥Yu − Lu −E∥2,

(10)

where G is the Lagrange multiplier, ρ is a pos-
itive penalty parameter. It is nontrivial to minimize
L(E,Yu,A,B,G, ρ) w.r.t the variables simultaneously,
while this separable objective function can be solved via

ADM (Gabay and Mercier 1976). Specifically, at each itera-
tion, E, Yu (together with S), G, A and B are optimized in
an alternating order by holding the others constant. Conse-
quently, we have the following iterative updating schemes:

Update E: The optimal solution E∗ is given by

E∗ =argmin
E

µ∥E∥1 + Tr((Yu − Lu −E)TG)

+
ρ

2
∥Yu − Lu −E∥2

=argmin
E

µ∥E∥1 +
ρ

2
∥E− (Yu − Lu +

1

ρ
G)∥2

=Softµ
ρ
(Yu − Lu +

1

ρ
G), (11)

where Soft(·) is the soft-thresholding (shrinkage) operator
for ℓ1-min problems (Beck and Teboulle 2009). When ap-
plied to matrices, it defines element-wise as follows:

Softµ
ρ
(x) = sgn(x)max{|x| − µ

ρ
, 0}. (12)

Update Yu: The sub-problem reads

min
Yu

∥S̃u − B̃TAYu∥2 + γ∥Bu −AYu∥2

+ Tr(GT (Yu − Lu −E)) +
ρ

2
∥Yu − Lu −E∥2,

s.t. Yu ∈ {0, 1}c×nu , (13)

where S̃u and Bu denote the last nu columns of S̃ and B,
respectively. With other variables fixed, Eq. (13) can be sim-
plified as

min
Yu

Tr(YT
uQ1Yu)− 2Tr(YT

uQ2),

s.t. Yu ∈ {0, 1}c×nu , (14)

where Q1 = AT B̃B̃TA+ γATA+ ρ
2I, Q2 = AT B̃S̃u +

γATBu − 1
2G + ρ

2 (Lu + E). Given Q1 is symmetric,
the objective in Eq. (14) has a closed-form solution at
Ŷu = Q−1

1 Q2. Regarding the intractable constraint Yu ∈
{0, 1}c×nu , it is suitable to replace the set {0, 1} by its con-
vex hull, i.e., the interval {y|0 ≤ y ≤ 1} (Mandal, Chaud-
hury, and Biswas 2019). Then,

Yu = Proj[0,1](Q
−1
1 Q2), (15)

where Proj(·) is defined by

Proj[0,1](x) =


0, if x < 0,

x, if x ∈ [0, 1] ,

1, if x > 1.

(16)

Update S: Once Yu is obtained, the complete labels Y
and the pairwise similarities S are accordingly updated using

Y = [L,Yu],S = sgn(YTY). (17)

Update G: The Lagrange multiplier is updated through
the gradient ascent on the dual problem:

G(t+1) = G(t) + ρ(Y(t+1)
u − Lu −E(t+1)). (18)
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Update A: By fixing all the variables but A, we reach

min
A

∥S̃− B̃TAY∥2 + γ∥B−AY∥2 + θ∥A∥2. (19)

After setting the derivative of Eq. (19) w.r.t A equal to zero,
we get the equation below:

(γI+ B̃B̃T )A+ θA(YYT )−1

= (γBYT + B̃S̃YT )(YYT )−1. (20)

This is a Sylvester equation (Golub and Loan 1996), and A
can be solved with an analytical solution using existing tools
in MATLAB.

Update B: Notice that two separable parts of B are in-
volved in the optimization problem Eq. (9), i.e., B̃ and the
matrix excluding B̃. Let Ỹ denote the label vectors corre-
sponding to B̃, Y be the complement of Ỹ. Then, the latter
part of B can be computed by sgn(AY). While for B̃, we
have the following discrete optimization problem:

min
B̃

∥S̃− B̃TAY∥2 + γ∥B̃−AỸ∥2,

s.t. B̃ ∈ {−1, 1}r×βn
, (21)

which can be simplified as

min
B̃

∥QT
3 B̃∥2 − 2Tr(B̃TQ4), s.t. B̃ ∈ {−1, 1}r×βn

,

(22)

where Q3 = AY, Q4 = γAỸ +AYS̃T .
The binary constraints imposed in Eq. (22) make the prob-

lem NP-hard. To facilitate optimization, previous methods
(Wang, Kumar, and Chang 2012; Kan et al. 2014; Zhang
and Peng 2019; Cheng et al. 2022; Shi et al. 2021) discard
the constraints and solve a relaxed version. However, the
introduced quantization error can enlarge and reinforce the
potential bias in hash codes, especially for long codes (Liu
et al. 2024). To alleviate this issue, GDSH optimizes B̃ dis-
cretely with discrete cyclic coordinate descent (DCC) (Shen
et al. 2015) method. Denote the i-th row of B̃, Q3 and Q4

as bT , qT
3 and qT

4 , respectively. Matrices excluding the i-
th row are B, Q3 and Q4. Then, each of the r bits can be
optimized with the closed-form solution below:

b = sgn(q4 −B
T
Q3q3). (23)

Out-of-sample Extension
Based on Algorithm 1, all training images are mapped to bi-
nary codes without reference to unseen images. To accom-
modate any query image, it is necessary to learn hash func-
tions based on training data V and its hash code matrix B.
Here a linear hash model is adopted for efficiency, which is
determined by the following regression problem:

min
W

∥B−WTV∥2 + α ∥W∥2 , (24)

where the projection matrix W ∈ Rd×r can be solved with
(VVT +αI)−1VBT , and the hash code representation of a
given query x is obtained by sgn(WTx).

Theoretical Analysis
Stability As a semi-supervised hashing algorithm, the
proposed GDSH is expected to be stable, i.e., the output
will not vary significantly when a training sample is replaced
by an independent and identically distributed (iid) one (Gui
et al. 2018). Thus, the learning of hash model is robust
against the variations in training set partitioning. Let S rep-
resent the sample set for training GDSH, and Si be identical
to S except that the i-th sample be replaced by an iid one.
Without loss of generality, assume that Algorithm 1 stops
with T iterations and in the t-th iteration (t = 1, · · · , T ),
B(t−1), Y(t), S(t), S̃(t) and B̃(t) are obtained. It can be
proved that GDSH is stable when learning the projection
matrix A, which connects semantic labels and hash codes.

Theorem 1. Let A(t)
S and A

(t)
Si represent the learned pro-

jections by employing the samples S and Si, respectively. In
addition, assume that for any learned Y, B and A, we have
∥sgn(yTy)−bTAy∥ ≤ M1, ∥b−Ay∥ ≤ M2, where M1

and M2 are two constants. Then the proposed Algorithm 1
satisfies the following stability inequality:

∥A(t)
S −A

(t)
Si ∥F ≤ 2c2

θn
(
1 + β

β
r2M1 + γM2). (25)

The proof of Theorem 1 is provided in the appendix.

Complexity Analysis For the proposed RLC, comput-
ing P and D respectively need O(nlcd + nld

2 + cd2 +
d3 + c3) and O(cdnl). Predicting pseudo labels Lu requires
O(cdnu), which can be completed before hash learning. For
the proposed DHL, updating E, Yu, S and G using Eqs.
(11), (15) and (18) require O(cnu), O(nuβnc + nuc

2 +
nucr+βncr+c2r+c3), O(n2c) and O(cnu), respectively.
Updating A based on Eq. (20) needs O(βn2r+nc2+ncr+
βnr2+ c3+ rc2+ r3). Optimizing B based on Eq. (23) and
sgn(AY) respectively require O(n2r2 + βn2r + ncr) and
O(ncr−βncr). Seeing that r, c, d ≪ n, β < 1, nl+nu = n,
the overall training complexity is O(n2(ct+ r2)T ), where t
and T are the maximum inner and outer iteration numbers,
respectively. In practice, a few iterations are enough to guar-
antee convergence as well as satisfactory performance. For
out-of-sample extension, generating hash code for a given
query needs only a constant O(rd), which is efficient for
large-scale applications.

Compared with previous strategies for pseudo label de-
noising (Shi et al. 2021; Cheng et al. 2022), the proposed
DHL is free from the weighting of massive pseudo-labeled
samples, saving at least a O(cnuT ) time complexity and a
O(nu) memory cost. Owing to the row sampling, the pair-
wise similarity preserving loss in Eq. (9) reduces the O(n2)
computational complexity to O(βn2). Here β can be set to
0.3, since it generally guarantees satisfactory efficiency as
well as accuracy.

Experiments
To verify the superiority of the proposed method, we carried
out experiments using six widely-used image benchmarks,

5635



Method
CALTECH-101 CIFAR-10 ImageNet MS-COCO NUS-WIDE

16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits 12 bits 24 bits 32 bits 48 bits 12 bits 24 bits 32 bits 48 bits

SH 0.2746 0.3134 0.3187 0.3219 0.2799 0.2906 0.2924 0.2978 0.0418 0.0576 0.0589 0.0662 0.6745 0.6577 0.6584 0.6718 0.5977 0.6030 0.5902 0.5830
PCA-ITQ 0.1158 0.1579 0.2059 0.2391 0.3114 0.3467 0.3452 0.3472 0.0277 0.0353 0.0409 0.0467 0.5839 0.6536 0.6942 0.7086 0.3476 0.5233 0.5877 0.6149
PCA-RR 0.1419 0.2029 0.2393 0.2952 0.2853 0.3050 0.3151 0.3236 0.0348 0.0370 0.0463 0.0515 0.6368 0.6478 0.6832 0.6974 0.4898 0.5757 0.6140 0.6062

MFH 0.2673 0.3220 0.3582 0.3732 0.2820 0.2963 0.3079 0.3169 0.0422 0.0602 0.0736 0.0847 0.6256 0.6486 0.6498 0.6612 0.5627 0.5909 0.6058 0.6115

SDH 0.2414 0.3416 0.4034 0.4426 0.4223 0.4781 0.4941 0.5026 0.0543 0.0853 0.1689 0.1880 0.7502 0.7708 0.7580 0.7652 0.6413 0.6796 0.6862 0.6715
NSH 0.3673 0.4285 0.4661 0.4859 0.3707 0.4050 0.4194 0.4274 0.1430 0.2304 0.2824 0.3154 0.7886 0.8078 0.8159 0.8247 0.7189 0.7494 0.7663 0.7767

FSDH 0.3580 0.4437 0.4862 0.4851 0.4134 0.4854 0.5022 0.5088 0.1635 0.2670 0.3240 0.3348 0.8140 0.8320 0.8391 0.8468 0.7485 0.7735 0.7912 0.7979
SDHMLR 0.3074 0.4005 0.4631 0.4803 0.4473 0.4933 0.5031 0.5100 0.1352 0.2518 0.3040 0.3316 0.8174 0.8274 0.8296 0.8316 0.7442 0.7709 0.7851 0.7950

SCDH 0.4238 0.4271 0.4493 0.4620 0.5918 0.5913 0.5986 0.5994 0.1127 0.1042 0.1170 0.1697 0.8318 0.8475 0.8562 0.8584 0.7645 0.7888 0.7968 0.8038
LBSE 0.4072 0.4585 0.4820 0.4956 0.5725 0.5981 0.6081 0.6113 0.1002 0.1699 0.2264 0.2613 0.8212 0.8396 0.8438 0.8503 0.7462 0.7704 0.7843 0.7926
DSPH 0.2958 0.3149 0.3252 0.3279 0.4165 0.4544 0.4610 0.4719 0.0531 0.0832 0.1047 0.1213 0.6727 0.6898 0.6981 0.7082 0.6268 0.6509 0.6630 0.6669
REPH 0.2894 0.3045 0.3193 0.3254 0.4280 0.4519 0.4657 0.4689 0.0512 0.0780 0.1044 0.1167 0.6517 0.7009 0.6982 0.7129 0.6207 0.6456 0.6557 0.6608

SSH-orth 0.2792 0.3465 0.3871 0.4196 0.2836 0.3098 0.3202 0.3277 0.0798 0.1298 0.1572 0.1689 0.7392 0.7291 0.7269 0.7233 0.6316 0.6659 0.6909 0.6911
SSH-nonorth 0.3527 0.3500 0.3442 0.3360 0.3275 0.3281 0.3180 0.3120 0.0914 0.1008 0.0920 0.0863 0.7609 0.7601 0.7612 0.7596 0.6970 0.6976 0.6985 0.6983

SPLH 0.2719 0.3040 0.2896 0.2870 0.2994 0.3069 0.3063 0.3361 0.0726 0.0975 0.0823 0.0999 0.7393 0.6030 0.5542 0.5521 0.6469 0.5574 0.5254 0.4618
KRSHSC 0.4064 0.4412 0.4626 0.4755 0.4268 0.4493 0.4499 0.4657 0.1735 0.1820 0.1919 0.1948 0.7789 0.8004 0.8083 0.8385 0.7000 0.7515 0.7473 0.7688

SMH 0.3954 0.4509 0.4845 0.5092 0.6187 0.5700 0.6100 0.5887 0.1818 0.2526 0.2404 0.2762 0.8132 0.8261 0.8259 0.8209 0.7602 0.7655 0.7670 0.7470
MLAGH 0.4273 0.4439 0.4472 0.4462 0.5684 0.5689 0.5737 0.5744 0.1802 0.2779 0.2799 0.2808 0.8072 0.8329 0.8306 0.8291 0.7416 0.7668 0.7717 0.7716

GDSH 0.4301 0.4835 0.5054 0.5163 0.6197 0.6422 0.6515 0.6565 0.1961 0.2822 0.3254 0.3473 0.8370 0.8581 0.8629 0.8678 0.7655 0.7890 0.7983 0.8047

Table 1: Performance in terms of mAP scores on five datasets with 30% supervision.

Method
mAP Precision

12 bits 24 bits 32 bits 48 bits 12 bits 24 bits 32 bits 48 bits

SSH-orth 0.7383 0.7346 0.7268 0.7134 0.6725 0.6545 0.6469 0.6334
SSH-nonorth 0.8006 0.7611 0.7245 0.7041 0.7283 0.6791 0.6534 0.6418

SPLH 0.7786 0.6248 0.5827 0.5796 0.6963 0.5850 0.5633 0.5614
KRSHSC 0.7382 0.7650 0.7728 0.8078 0.7141 0.7291 0.7324 0.7554

SMH 0.8039 0.8716 0.7344 0.8685 0.7139 0.7744 0.6760 0.8129
MLAGH 0.8926 0.8833 0.8954 0.8996 0.7854 0.7836 0.8024 0.8198

GDSH 0.9086 0.9242 0.9287 0.9359 0.8484 0.8628 0.8695 0.8808

Table 2: mAP comparison with semi-supervised baselines
on MIRFlickr using CLIP features.

including three single-label datasets, CALTECH-101(Fei-
Fei, Fergus, and Perona 2007), CIFAR-10(Krizhevsky and
Hinton 2009), ImageNet, and three multi-label datasets, MS-
COCO(Lin et al. 2014), NUS-WIDE(Chua et al. 2009),
MIRFlickr(Huiskes and Lew 2008).

Baselines and Implementation Details
The proposed GDSH is compared with 18 state-of-the-art
hashing approaches, in which SH (Weiss, Torralba, and Fer-
gus 2008), PCA-ITQ (Gong et al. 2013), PCA-RR (Gong
et al. 2013), MFH (Ding, Guo, and Zhou 2014) are un-
supervised methods, SDH (Shen et al. 2015), NSH (Liu
and Lu 2016), FSDH (Gui et al. 2018), SDHMLR (Liu
et al. 2019), SCDH (Chen et al. 2020), LBSE (Liu et al.
2022), DSPH (Sun et al. 2024b) and REPH (Sun et al.
2024a) are supervised ones, and SSH-orth (Wang, Kumar,
and Chang 2012), SSH-nonorth (Wang, Kumar, and Chang
2012), SPLH (Wang, Kumar, and Chang 2012), KRSHSC
(Pan et al. 2015), SMH (Song et al. 2017), MLAGH (Hu
et al. 2019) are semi-supervised baselines. The hyperparam-
eters of all baselines are initialized according to the sugges-

Module Variant
CALTECH CIFAR-10 ImageNet MS-COCO NUS-WIDE

48b 64b 48b 64b 32b 64b 24b 32b 24b 32b

RLC
BaseLC 49.94 51.75 63.40 63.90 23.70 31.51 83.47 84.29 75.82 76.10
RLC-reg 50.49 52.12 65.24 65.86 27.57 34.69 85.13 86.21 78.03 78.33

RLC-sparse 50.56 51.39 64.88 65.39 28.00 34.48 85.45 85.73 77.65 79.05

DHL
BaseHL 49.91 51.05 64.02 64.00 27.21 33.28 84.29 84.76 75.33 76.71
DHL-S 50.52 51.43 64.09 64.52 28.62 34.07 84.54 85.74 75.48 77.34
DHL-E 50.26 51.30 64.09 65.24 27.29 33.85 84.49 84.85 76.37 77.04

GDSH-relax 47.57 48.88 63.65 64.44 28.33 34.57 85.57 85.88 77.81 79.08

GDSH 50.81 52.13 65.38 65.90 28.69 34.94 86.06 86.45 78.82 79.47

Table 3: Ablation study results (%) of the proposed RLC and
DHL modules.

tion in the original publications. To make a fair compari-
son, we used kernelized features as the input of all the hash-
ing methods on CALTECH-101, CIFAR-10, ImageNet, MS-
COCO, and NUS-WIDE. In addition, the labeled subsets for
all six benchmarks were kept the same throughout the ex-
periments. Note that supervised approaches cannot directly
handle the unlabeled samples, so we trained them only with
labeled data.

For comparison with baselines, we empirically set β =
0.3, µ = 105, θ = 105, ρ = 104, α = 10−6. The best choice
of γ is equally set to 100 on CALTECH-101, CIFAR-10,
MS-COCO, NUS-WIDE, MIRFlickr, and 104 on ImageNet.
k = 1 for single-label datasets, while k = 2 for multi-label
datasets. The iteration numbers t and T are respectively set
to 10 and 4. To maximize the generalization capability of
the proposed RLC model, we finely tuned δ1 and δ2 via grid
search, and use δ1 = 1 for all datasets. δ2 is set to 10−6 for
single-label datasets, and 10−3 for multi-label datasets. All
the experiments were conducted on a computer with an In-
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tel(R) Core(TM) i9-10900K CPU @ 3.70GHz, 64GB RAM
and a 64-bit Windows operating system. To eliminate ran-
domness caused by initialization, the average performance
over five runs is reported.

Comparison Results
Table 1 summarizes the results of the proposed method and
baselines under semi-supervised setting with 30% supervi-
sion on the five benchmarks. It can be observed that the
proposed GDSH consistently yields the highest mAP scores
across different datasets with various lengths of hash codes.
On the challenging ImageNet dataset, GDSH surpasses the
best semi-supervised baseline by over 1.4%, 0.4%, 4.5%
and 6.6% with 16-bit, 32-bit, 48-bit and 64-bit hash codes,
respectively. Additionally, on the multi-label NUS-WIDE
dataset, the mAP improvement is over 3.3% with 48-bit
GDSH. These results demonstrate its superiority in semi-
supervised image retrieval. Note that LBSE (Liu et al. 2022)
is also learned under the supervision of semantic labels
and the pairwise similarities. The performance advantage of
GDSH over LBSE mostly consists in the additional debias-
ing designs on supervision, i.e., label denoising and simi-
larity updating. Longer hash codes lead to better accuracy
in most cases, but not in all cases. This is because that
some baselines (such as SSH-nonorth and SPLH) are based
on eigen-decomposition of a modified covariance matrix
(Wang, Kumar, and Chang 2012), thus their performance
may be degraded by redundant hash bits in the long code.

We also compared GDSH against other semi-supervised
hashing approaches on multi-modal pre-trained features,
with the label rate fixed to 30%. As can be seen from Ta-
ble 2, GDSH obtains superior mAP and Precision with vari-
ous lengths of hash codes.

Ablation Study
To evaluate the respective effectiveness of each key com-
ponent of GDSH, ablation study was conducted in terms
of the RLC, DHL strategies and the discrete optimization.
The mAP results with 30% supervision are shown in Ta-
ble 3. To be specific, several variants of the proposed GDSH
are designed for contrast, where BaseLC removes the sec-
ond and third terms in Eq. (2) at the same time. RLC-reg
and RLC-sparse are obtained by removing the third term
and the second term in Eq. (2), respectively. BaseHL repre-
sents GDSH without any debiasing, while DHL-S and DHL-
E remove similarity updating and label denoising, respec-
tively. The optimization process of GDSH-relax is the same
as GDSH except for the solution of B̃. It first discards the
discrete constraints in Eq. (22) to learn the continuous so-
lution as (AYYTAT + γI)−1(AYS̃T + γAỸ). Then, the
discrete B̃ is obtained via thresholding. As can be found in
Table 3, the added robust losses in the proposed RLC method
can both help the basic model achieve a better performance.
Furthermore, both DHL-S and DHL-E achieve higher mAP
than BaseHL, while GDSH obtains the highest scores. These
results verify the effectiveness of the two proposed levels
of debiasing. GDSH outperforms GDSH-relax with a large
margin, showing that the discrete optimization effectively

reduces the quantization error and improves the accuracy.
Based on above observations, it can be concluded that each
robust and debiasing design in the proposed method con-
tributes to the performance improvement.

Parameter Sensitivity Analysis
In order to choose an optimal number of pseudo labels for
multi-label datasets, we investigated the impact of param-
eter k on NUS-WIDE under 30% label rate, as shown in
Fig. 2 (a). It can be summarized from Table 1 and Fig. 2 (a)
that assigning a single pseudo label can already produce a
competitive performance, implying that the proposed label
completion method is valid in discovering latent semantics.
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Figure 2: (a) MAP variations with number of pseudo labels
ranging from 1 to 4. (b) Convergence curves of the objective
function with 30% supervision and 32-bit hash codes.

Convergence Analysis
Fig. 2 (b) plots the convergence curves of GDSH on CIFAR-
10. It can observed that the value of the objective function
Eq. (9) stably decreases with the increase in the number
of iterations, and eventually converges within 10 iterations.
As for the inner iteration, the objective value can reach the
optimal 0 within the first two global iterations on different
datasets. Therefore, the proposed optimization scheme is ef-
ficient for large-scale image retrieval.

Conclusion
In this paper, we propose a novel GDSH method for large-
scale image retrieval, which provides a unified framework
to reduce the biases in pseudo label-based semi-supervised
hashing. On one hand, the bias caused by potentially incor-
rect pseudo labels is alleviated via two modules: robust la-
bel completion and debiased hash learning. The former im-
proves the reliability of pseudo labels, while the latter simul-
taneously refines the supervision and learns semantically de-
biased hash codes. On the other hand, the bias arising from
optimization is addressed through discrete hash code learn-
ing. We theoretically prove the stability of the proposed al-
gorithm for learning projections between labels and hash
codes. Besides, we experimentally demonstrate the superi-
ority of GDSH and the effectiveness of its debiasing de-
signs under different semi-supervised settings. In future, we
will further speed up the proposed algorithm, and investigate
self-adaptive techniques for determining the optimal number
of pseudo labels.
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