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Abstract

Hash center-based deep hashing methods improve upon pair-
wise or triplet-based approaches by assigning fixed hash cen-
ters to each class as learning targets, thereby avoiding the
inefficiency of local similarity optimization. However, ran-
dom center initialization often disregards inter-class seman-
tic relationships. While existing two-stage methods mitigate
this by first refining hash centers with semantics and then
training the hash function, they introduce additional complex-
ity, computational overhead, and suboptimal performance due
to stage-wise discrepancies. To address these limitations, we
propose Center-Reassigned Hashing (CRH), an end-to-end
framework that dynamically reassigns hash centers from
a preset codebook while jointly optimizing the hash func-
tion. Unlike previous methods, CRH adapts hash centers to
the data distribution without explicit center optimization
phases, enabling seamless integration of semantic relation-
ships into the learning process. Furthermore, a multi-head
mechanism enhances the representational capacity of hash
centers, capturing richer semantic structures. Extensive ex-
periments on three benchmarks demonstrate that CRH learns
semantically meaningful hash centers and outperforms state-
of-the-art deep hashing methods in retrieval tasks.

Code — https://github.com/iFamilyi/CRH
Extended version — https://arxiv.org/abs/2511.12162

Introduction
Image hashing has become a cornerstone of large-scale im-
age retrieval systems due to its remarkable computational ef-
ficiency and compact storage footprint. The central objective
is to map high-dimensional image data into low-dimensional
binary codes that preserve semantic similarity in Hamming
space. With the advent of deep learning, deep hashing has
emerged as the dominant paradigm, significantly surpassing
traditional shallow methods by learning powerful deep neu-
ral hash functions. This work focuses on the deep supervised
hashing, where label information explicitly guides the learn-
ing of discriminative binary codes.

Existing deep supervised hashing methods can be broadly
categorized by their similarity modeling strategies into three
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groups: pairwise, triplet, and pointwise approaches. Pair-
wise (Li, Wang, and Kang 2016; Cao et al. 2017) and
triplet (Lai et al. 2015; Wang, Shi, and Kitani 2016) methods
aim to preserve local similarity relationships among pairs or
triplets of samples, often incurring quadratic or higher com-
putational complexity with respect to the number of sam-
ples. In contrast, pointwise methods (Yang, Lin, and Chen
2018; Su et al. 2018; Yuan et al. 2020) directly leverage class
labels, achieving linear complexity.

Recently, pointwise approaches based on hash centers
have attracted increasing attention (Yuan et al. 2020; Hoe
et al. 2021; Wang et al. 2022, 2023; Xiao et al. 2024).
These methods predefine a binary hash center for each
class and train networks to align image representations with
their assigned centers. While state-of-the-art models such as
CSQ (Yuan et al. 2020), OrthoHash (Hoe et al. 2021), and
MDS (Wang et al. 2023) have achieved impressive results,
they typically fix the assignment of hash centers to classes
randomly at initialization. This overlooks inter-class seman-
tic correlations—e.g., semantically similar classes like “cat”
and “dog” should ideally have closer hash centers than un-
related classes like “cat” and “car”—limiting their ability to
capture global semantic structures.

To mitigate this, SHC (Chen et al. 2025) adopts a two-
stage strategy, first generating semantically aware hash cen-
ters via classifier-based similarity estimation and iterative
optimization, then learning the hash function. Although ef-
fective, this approach introduces heavy computational over-
head, breaks end-to-end trainability, and relies on similarity
measures rooted in classification objectives, which may not
align perfectly with retrieval goals.

To address these issues, we propose Center-Reassigned
Hashing (CRH), a novel framework that dynamically op-
timizes hash center assignments during hash function train-
ing. Unlike existing methods that fix center assignments af-
ter initialization, CRH iteratively reassigns centers through-
out training, progressively aligning them with inter-class se-
mantic relationships. Concretely, CRH comprises three key
components: (1) hash codebook initialization, followed by
alternating stages of (2) hash function optimization and (3)
hash center reassignment. This design eliminates the need
for explicit pre-training or offline hash center generation, en-
abling direct end-to-end learning. Crucially, our “reassign-
ment” refers to refining class-to-center assignments, not al-
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tering the binary codebook itself.
To sum up, our contributions are as follows:

• We introduce a novel reassignment-based mechanism
for updating hash centers, enabling the joint learning of
hash function and semantic hash centers without requir-
ing separate pre-training or extra hash center generation
phase.

• We propose a flexible hash codebook consisting of M(≥
C) candidate hash centers, along with a multi-head de-
sign (e.g., H-head) that effectively expands the codebook
capacity from M to MH , allowing finer-grained seman-
tic representations without increasing the physical code-
book size M .

• Rich experiments on single-label and multi-label bench-
marks demonstrate that our CRH method can effectively
learns semantically meaningful hash centers and achieve
consistent superiority over existing state-of-the-art deep
hashing methods.

Related Work
Hashing approaches can be broadly categorized into data-
independent (Indyk and Motwani 1998; Gionis, Indyk, and
Motwani 1999; Charikar 2002) and data-dependent meth-
ods (Weiss, Torralba, and Fergus 2008; Kulis and Darrell
2009; Norouzi and Fleet 2011; Kong and Li 2012; Liu et al.
2012; Gong et al. 2013). The latter, particularly deep hashing
methods (Li, Wang, and Kang 2016; Li et al. 2017; Jiang and
Li 2017, 2018; Hoe et al. 2021; Lu et al. 2022; Wang et al.
2022, 2023), have become dominant due to their ability to
learn compact and discriminative hash codes. Deep hashing
techniques can be further classified into pairwise, triplet, and
pointwise methods based on their supervision paradigms.

Pairwise and Triplet Methods learn hash functions by
preserving local similarity structures. Pairwise approaches
(Li, Wang, and Kang 2016; Cao et al. 2017, 2018) mini-
mize/maximize distances between similar/dissimilar pairs,
while triplet methods (Lai et al. 2015; Wang, Shi, and Kitani
2016) enforce relative distance constraints. Although effec-
tive, these methods suffer from O(N2) (N is the number of
data samples) or more computational complexity and strug-
gle to capture global data structures (Yuan et al. 2020).

Pointwise Methods overcome these limitations by utiliz-
ing direct label supervision. Early approaches (Yang, Lin,
and Chen 2018; Su et al. 2018) treated hashing as a classi-
fication problem. More recent center-based methods (Yuan
et al. 2020; Fan et al. 2020; Hoe et al. 2021; Wang et al.
2023) assign predefined hash centers to each class, achiev-
ing O(NC) (C denotes the number of classes) complex-
ity and better global similarity preservation. However, these
approaches typically generate centers through random sam-
pling (CSQ) or combinatorial optimizations (MDS), ignor-
ing inter-class semantic relationships.

Recent work (Wang et al. 2022; Chen et al. 2025) pro-
posed a two-stage method that first injects semantics into
hash centers via class relationship estimation and discrete
optimization, then learns hash function with these fixed cen-
ters. While effective, these approaches require solving NP-
hard optimization problems and suffer from stage-wise opti-
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Figure 1: The overall framework of CRH. Top: Hamming
space visualization of the iterative hash center reassignment
across 3 stages: (1) initial or previous assignment, (2) hash
code convergence, and (3) updated center assignment. Three
colors represent three classes. Bottom: hash function train-
ing and multi-head update process for class c, where each
head independently updates its sub-center zhm on a hash
split, followed by concatenation into the full center cc.

mization gaps. In contrast, our CRH framework dynamically
adjusts hash centers during end-to-end training, naturally en-
coding semantic relationships.

The Proposed Method
Problem Statement
Given a dataset X = {(xn,yn)}Nn=1 with N samples, each
feature vector xn ∈ RD is associated with a multi-hot label
vector yn = [yn1, · · · , ynC ]⊤ ∈ {0, 1}C . Here, C denotes
the total number of classes, and ync = 1 indicates that the
n-th sample belongs to the c-th class, while ync = 0 oth-
erwise. The objective of supervised hashing is to learn an
encoding function f : RD → {−1, 1}K that maps an input
x to a compact K-bit binary hash code f(x). This function
should preserve semantic similarity, ensuring that the Ham-
ming distance between the hash codes of samples sharing at
least one common category is smaller than that of samples
with no overlapping categories.

Overall Framework
Figure 1 illustrates the overall framework of CRH. (1) We
begin by randomly constructing a codebook Z comprising
M binary vectors of length K, where M exceeds the num-
ber of classes C. We then randomly select C vectors from
Z to serve as the initial hash centers for the C classes. (2)
Given these class-specific hash centers, we train a hash func-
tion that maps input samples to their binary hash codes. (3)
After training, we update the class hash centers by reassign-
ing them using all training samples’ current hash codes and
the codebook: specifically, we identify C vectors from the
codebook Z that minimize the total distance between the
training samples’ hash codes and their nearest class cen-
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ters, effectively yielding a new set of hash centers. (4) Steps
(2) and (3) are iteratively repeated until convergence, en-
abling the simultaneous learning of semantically structured
hash centers and the hash function. (5) Notably, inspired by
multi-head attention, during the center update process we
partition the codebook Z into H sub-codebooks {Zh}Hh=1.
Each sub-codebook independently produces a sub-hash cen-
ter zhm (m ∈ {1, · · · ,M}, h ∈ {1, · · · , H}), and the final
hash center cc (c ∈ {1, · · · , C}) for each class is formed by
concatenating these sub-hash centers.

The detailed procedures for steps (1), (2), and (3) are de-
scribed as follows.

Initialization of Hash Centers
In contrast to existing hash-center-based methods that as-
sign one hash center per category (i.e., resulting in exactly C
hash centers for a C-class dataset), we propose to construct
an expanded pool of candidate hash centers. Specifically, we
define a hash codebook Z = {zm}Mm=1 consisting of M bi-
nary hash codes zm ∈ {−1, 1}K (M ≥ C). This codebook
serves as a candidate set from which class-specific hash cen-
ters are selected—each class center must be assigned a dis-
tinct element from Z .
Z is initially populated by sampling from the Bernoulli

distribution Bern(0.5) (Yuan et al. 2020). In this approach,
each bit of every hash code is independently set to −1 or
1 with equal probability. However, when K is small (e.g.,
K ≤ 16) and M is large, this independent sampling may
lead to duplicate hash codes within Z , reducing the effective
diversity of the codebook.

To address this problem, we instead uniformly sample M
unique binary vectors from the full space {−1, 1}K to con-
struct Z for small K, of which the procedure is computation-
ally efficient. Moreover, under this uniform sampling strat-
egy, the expected average Hamming distance between any
two hash codes in Z is at least K/2 (Yuan et al. 2020), en-
suring sufficient separation among the candidate centers.

Once the hash codebook Z is constructed, we randomly
select C distinct elements from it to serve as the initial class-
specific hash centers {cc}Cc=1, where cc denotes the hash
center assigned to the c-th class. These assignments will be
dynamically refined during training through our proposed
center reassignment mechanism.

Training of Hash Function
Given the initialized or updated hash centers, we train the
hash function f(x), implemented as a deep neural network
(e.g., a pre-trained ResNet-34 backbone followed by a lin-
ear projection layer with a tanh activation), to map each
input sample xn to a continuous binary-like code hn =
tanh(vn) ∈ (−1, 1)K , where vn denotes the output of the
linear layer. For retrieval, these codes are subsequently bina-
rized as bn = sign(hn).

We adopt a margin-based cross-entropy loss LCE (Hoe
et al. 2021), defined as:

LCE = − 1

N

N∑
n=1

C∑
c=1

ync

∥yn∥1
log pnc, (1)

with softmax probability:

pnc =
exp(s · sim(vn, cc))∑C
j=1 exp(s · sim(vn, cj))

, (2)

where sim(vn, cc) = v⊤
n cc/(∥vn∥2 ·∥cc∥2)−ync ·margin

incorporates cosine similarity with a margin margin, s is a
scaling factor, and ∥yn∥1 =

∑C
c=1 |ync| counts the number

of labels for the n-th data point. This loss pulls embeddings
toward their corresponding hash centers while pushing them
away from others.

To minimize quantization errors due to relaxations in the
tanh layer, we introduce a quantization loss:

Lq =
1

NK

N∑
n=1

∥abs(hn)− 1∥22 =
1

NK

N∑
n=1

K∑
k=1

(|hnk| − 1)2,

(3)
where abs(·) denotes the element-wise absolute value, 1 is

a vector of all ones, and ∥ · ∥2 is the ℓ2-norm.
The overall objective is:

L = LCE + λLq, (4)

where λ(≥ 0) balances LCE and Lq .

Updating of Hash Centers via Reassignment
The initial assignment of hash centers to classes is random
and therefore semantically agnostic. To enhance semantic
alignment, we dynamically reassign hash centers throughout
training by leveraging evolving data representations without
directly numerically optimizing the centers themselves. The
proposed reassignment procedure is detailed below.

Reassignment Strategy. At the end of selected training
epochs (e.g., for every five epochs), we update the hash cen-
ters by first passing the training data through the hash func-
tion f(x) to produce continuous representations hx, which
are subsequently binarized to sign(hx). For each class c, let
Xc denote its collection of data samples. We compute the
mean Euclidean distance between sign(hx) and each candi-
date center zm ∈ Z as the error of assigning zm to class c,
yielding a cost matrix L = (lcm)C×M defined by:

lcm =
1

|Xc|
∑
x∈Xc

∥sign(hx)− zm∥22 , (5)

where c = 1, 2, · · · , C, m = 1, 2, · · · ,M , and |Xc| denotes
the number of data samples in category c.

We then seek an optimal one-to-one mapping from classes
to codebook elements that minimizes the total assignment
error:

(j∗1 , j
∗
2 , · · · , j∗C) = argmin

j1,··· ,jC∈{1,··· ,M}
ji ̸=jk for i̸=k

C∑
c=1

lcjc , (6)

where j∗c represents the index of the center in Z assigned
to the c-th category in the optimal solution. This combinato-
rial optimization problem can be efficiently solved using the
Hungarian algorithm (Kuhn 1955).

While the Hungarian algorithm provides an optimal as-
signment within each epoch, empirical results reveal that a
greedy algorithm performs better overall. It sequentially as-
signs each class to its best unassigned center in Z , following
a random class order. This stochasticity may lead to subop-
timal per-epoch assignments but helps prevent overfitting to
transient local minima that shift during training.
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Multi-Label Handling. In multi-label settings, the super-
vision for each sample reflects a mixture of categories, di-
luting the representativeness for any single class. To address
this, we follow DCSH (Jose et al. 2022) by weighting each
data point’s contribution with factor 1/∥yx∥1, where ∥yx∥1
denotes the number of labels associated with sample x. The
weighted error for class c is:

lcm =
1∑

x∈Xc

1
∥yx∥1

∑
x∈Xc

1

∥yx∥1
∥sign(hx)− zm∥22 . (7)

By incorporating these weights, data points with more cate-
gory labels contribute less to the computation of lcm, ensur-
ing that the cost matrix L more accurately reflects the dis-
tance relationships between the data of different categories
and the elements in Z . For single-label datasets, Eq. (7) nat-
urally reduces to Eq. (5).

Multi-Head Codebook Design. To amplify the represen-
tational power of the hash codebook Z without increasing its
cardinality M, we split each K-dimensional vector zm into H
heads (i.e., {z1m,· · ·, zHm}), with each zhm sized byd=K/H .
Each head independently performs center reassignment us-
ing its sub-codebook Zh={zh1 ,· · ·, zhM}, derived from the
original codebook Z . Specifically, for head h, the corre-
sponding components hh

x and sub-codebook Zh are used to
compute a per-head cost matrix Lh, followed by greedy as-
signment to yield updated centers {chc }Cc=1. Final centers are
obtained by concatenating the head-specific centers:

cc = concat(c1c , · · · , cHc ). (8)

This multi-head design effectively enlarges the codebook
capacity from M to MH , enabling richer semantic discrim-
ination. Since d bits can represent at most 2d distinct binary
vectors, we constrain H ≤ K/ log2 M to ensure the M el-
ements within each Zh remain mutually distinct and avoid
collisions. Algorithm 1 summarizes the overall procedure.

Optimization Perspective of CRH
From an optimization standpoint, center-based hashing in-
herently poses an NP-hard problem: determining both a C-
element subset from {−1, 1}K and its assignment to cate-
gories that most effectively encapsulates inter-class seman-
tic relationships, thereby maximizing retrieval performance.
Our CRH method offers an efficient approximation by intro-
ducing two pivotal mechanisms: (1) Codebook Constraint:
Instead of searching the entire Hamming space, we restrict
the selection of hash centers to a predefined codebook Z ⊂
{−1, 1}K with cardinality |Z| ≪ 2K , significantly reducing
the solution space. (2) Dynamic Update: We iteratively re-
fine the hash centers in tandem with hash function training,
thereby circumventing the combinatorial explosion associ-
ated with exhaustively exploring all possible configurations.

Experiment
Experimental Setups
Datasets We evaluate CRH on three widely used datasets
covering both single- and multi-label retrieval tasks:

Stanford Cars (Krause et al. 2013): a single-label dataset
with 196 vehicle categories, containing 8,144 training and

Algorithm 1: Center-Reassigned Hashing (CRH)
Input: K, C, & (M , λ, H , s, margin).
Output: f(·) & {cc}Cc=1.

1: Generate a hash codebook Z by randomly sampling M
binary vectors of dimension K;

2: Sample C binary vectors from Z as initial class centers;
3: repeat
4: Train the hash function f(·) by minimizing the objec-

tive in Eq. (4) for a specific number of epochs;
5: for h = 1 to H do
6: Compute the cost matrix Lh using Eq. (7);
7: Reassign sub-centers chc via the greedy algorithm;
8: end for
9: until convergence or max epochs reached;

10: Return the hash function f(·) and centers {cc}Cc=1.

8,041 test images. Following (Wang et al. 2023), we use
the training set for both model learning and the retrieval
database, and the test set as queries.

NABirds (Horn et al. 2015): a fine-grained single-label
dataset with 555 bird species, split into 23,929 training and
24,633 test images. We adopt the same training/retrieval and
query split as for Stanford Cars.

MS COCO (Lin et al. 2014): a multi-label dataset with
80 object categories. Following (Cao et al. 2017), we sample
5,000 query images, use 10,000 for training, and assign the
remaining images to the retrieval database.

Metrics and Baselines We evaluate retrieval using mean
Average Precision (mAP), reporting mAP@all for Stan-
ford Cars and NABirds, and mAP@5,000 for MS COCO.
Our method is compared against seven state-of-the-art deep
hashing baselines: four center-based methods (CSQ (Yuan
et al. 2020), OrthoHash (Hoe et al. 2021), MDS (Wang et al.
2023), SHC (Chen et al. 2025)) and three general approaches
(HashNet (Cao et al. 2017), DTSH (Wang, Shi, and Kitani
2016), GreedyHash (Su et al. 2018)). For fairness, all use the
same pre-trained ResNet-34 (He et al. 2016) backbone.

Implementation Details We optimize the model using
Adam (Kingma and Ba 2015) with (β1, β2) = (0.5, 0.999)
and a weight decay of 10−5. The margin margin is set
to 0.2 (Hoe et al. 2021), and the scale factor to s =√
2 log (C−1) (Zhang et al. 2019). The codebook size is

fixed at M=2C (as shown in Figure 4). We employ a co-
sine annealing schedule (Loshchilov and Hutter 2017) with
an initial learning rate of 10−4. The hyperparameter λ is set
to 0.1 for Stanford Cars and NABirds, and 0 for MS COCO
(with more details in the Supplementary). The head dimen-
sion d is set to 16, 16, and 8 for the three datasets, respec-
tively (as shown in Figure 4). By default, hash center reas-
signment uses the greedy algorithm, applied every epoch for
the first 20 epochs and every 5 epochs thereafter (as shown
in Figure 3). Training runs for 300 epochs on the single-label
datasets and 30 epochs on MS COCO, with a batch size of
128.
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Methods
Stanford Cars (mAP@all) NABirds (mAP@all) MS COCO (mAP@5K)

16 bits 32 bits 64 bits 16 bits 32 bits 64 bits 16 bits 32 bits 64 bits
DTSH (Wang, Shi, and Kitani 2016) 57.48 71.32 76.20 23.46 32.91 44.01 79.14 81.66 82.79
HashNet (Cao et al. 2017) 25.99 40.73 50.84 11.84 20.26 29.47 70.62 74.36 76.92
GreedyHash (Su et al. 2018) 80.95 86.27 87.05 64.10 71.14 72.86 75.05 81.13 84.52
CSQ (Yuan et al. 2020) 79.13 85.77 87.17 65.70 70.62 74.07 72.44 81.32 85.30
OrthoHash (Hoe et al. 2021) 83.97 86.38 87.35 69.86 71.95 73.54 78.98 85.01 87.07
MDS (Wang et al. 2023) 85.33 86.49 87.76 65.14 71.47 74.08 73.53 79.98 82.57
SHC (Chen et al. 2025) 83.21 86.93 88.43 64.58 71.89 74.15 73.43 79.33 83.85
CRH (Ours) 87.31 89.20 90.27 74.01 76.69 77.71 82.71 85.79 87.44

Table 1: Comparison of retrieval performance (mAP, %) between our method and deep hashing baselines on three datasets at
multiple bit lengths. Note that the mAP values in Bold and underlined indicate the best and second-best results, respectively.

Methods
Stanford Cars (mAP@all) NABirds (mAP@all) MS COCO (mAP@5K)

16 bits 32 bits 64 bits 16 bits 32 bits 64 bits 16 bits 32 bits 64 bits
CRH 87.31 89.20 90.27 74.01 76.69 77.71 82.71 85.79 87.44
CRH-M 87.31 88.31 88.73 74.01 74.98 75.94 81.60 85.45 86.75
CRH-U 85.12 87.22 87.10 70.69 73.06 74.51 78.45 84.20 86.95

Table 2: Comparison of retrieval performance (mAP, %) between CRH and its ablated variants (CRH-M, CRH-U).

Results
The mAP results are summed in Table 1. Our CRH method
consistently achieves state-of-the-art performance across all
datasets, surpassing the strongest baselines by relative mar-
gins of 2.1%–2.6% (Stanford Cars), 4.8%–6.6% (NABirds),
and 0.4%–4.5% (MS COCO). The substantial improvement
on NABirds—a dataset characterized by intricate inter-class
relationships due to its large category count—demonstrates
the efficacy of our hash center update mechanism in mod-
eling fine-grained semantic structures. On Stanford Cars,
CRH delivers robust performance gains across all hash code
lengths. For MS COCO, the most significant improvements
occur at 16 bits, with diminishing returns observed for
longer codes. Notably, DTSH and HashNet exhibit markedly
inferior performance on single-label datasets with hundreds
of categories, suggesting their tuple-similarity-based opti-
mization objectives are less effective at capturing inter-class
relationships in large-scale scenarios.

Ablation Studies
We conduct ablation studies to assess the contributions of
two main components: center reassignment and the multi-
head architecture. Specifically, we evaluate:

• CRH-U: Disables center reassignment and consequently
the multi-head mechanism, resulting in a fixed-center ap-
proach similar to CSQ/OrthoHash;

• CRH-M: Retains reassignment but removes the multi-
head mechanism (i.e., uses a single head, H = 1).

As illustrated in Table 2, CRH-M consistently outperforms
CRH-U across nearly all settings, achieving average relative
mAP gains of 1.9%, 3.08%, and 1.76% on Stanford Cars,
NABirds, and MS COCO, respectively. These results under-
score the effectiveness of dynamic center updates in captur-
ing data semantics. Building on this, CRH achieves further
improvements over CRH-M, with additional gains of 0.91%,
1.54%, and 0.85% on the same datasets, demonstrating the

benefit of the multi-head design in refining hash centers for
enhanced representation quality.

To test generalizability, we incorporate our update mecha-
nism into CSQ, MDS, and OrthoHash (denoted (·)U ), keep-
ing their original codebooks (size C) without multi-heads.
Table 3 shows consistent improvements in most cases, un-
derscoring the broad applicability of our strategy for enhanc-
ing center-based hashing.

Robustness to Randomness
Our algorithm incorporates stochasticity through (1) random
initialization of hash centers and (2) the greedy center update
procedure. To assess their effects, we conduct:
• Initialization Robustness: 3 runs with different random

center initializations (“Init”).
• Update Robustness: 3 runs with different random seeds

but identical initializations (“Seed”).
As shown in Table 4, the consistently low standard devia-
tions confirm the algorithm’s stability against these sources
of randomness.

We also compare our greedy update (“Init”) with the Hun-
garian algorithm (“Init-H”). The greedy algorithm provides
clear advantages: (1) slightly higher mAP (relative gains
of 0.41%, 0.68%, and 0.26% across datasets), attributed to
the stochasticity from its random class order which enables
broader exploration of the solution space; and (2) lower
computational complexity (O(HCM) vs. O(HC2M)).

Semantic Quality of Learned Hash Centers
To evaluate the semantic expressiveness of our learned hash
centers, we design a quantitative framework using CLIP-
ViT-L/14’s visual encoder (Radford et al. 2021) as a ref-
erence. For each class c, we compute its prototype vec-
tor pc as a weighted average of sample features: pc =

1∑
x∈Xc

1
∥yx∥1

∑
x∈Xc

1
∥yx∥1

CLIP(x). We then construct a

reference similarity matrix Sr = (srij)C×C with srij =
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Methods
Stanford Cars (mAP@all) NABirds (mAP@all) MS COCO (mAP@5K)

16 bits 32 bits 64 bits 16 bits 32 bits 64 bits 16 bits 32 bits 64 bits
CSQ 79.13 85.77 87.17 65.70 70.62 74.07 72.44 81.32 85.30
CSQU 85.25 87.72 88.23 70.14 73.42 75.38 77.65 82.43 85.56
MDS 85.33 86.49 87.76 65.14 71.47 74.08 73.53 79.98 82.57
MDSU 87.23 87.76 88.06 70.84 73.77 75.27 79.31 82.40 83.13
OrthoHash 84.59 86.66 87.35 69.80 72.13 73.54 78.98 85.01 87.07
OrthoHashU 86.69 88.11 87.35 73.70 74.30 74.65 80.56 84.24 86.33

Table 3: Performance comparison (mAP, %) of hash-center-based methods with/without the proposed update mechanism.

Methods Stanford Cars (mAP@all) NABirds (mAP@all) MS COCO (mAP@5K)
16 bits 32 bits 64 bits 16 bits 32 bits 64 bits 16 bits 32 bits 64 bits

Seed 87.35 ± 0.03 89.01 ± 0.19 89.99 ± 0.24 73.98 ± 0.06 76.60 ± 0.08 77.72 ± 0.06 82.63 ± 0.08 85.72 ± 0.13 87.29 ± 0.12

Init 87.46 ± 0.11 88.89 ± 0.27 90.23 ± 0.06 74.09 ± 0.20 76.62 ± 0.17 77.83 ± 0.21 82.75 ± 0.03 85.74 ± 0.09 87.19 ± 0.20

Init-H 87.23 ± 0.10 88.80 ± 0.18 89.45 ± 0.06 73.45 ± 0.19 76.03 ± 0.02 77.53 ± 0.02 82.23 ± 0.31 85.73 ± 0.07 87.08 ± 0.10

Table 4: Performance impact of initialization randomness and update algorithms (mean±std mAP over 3 runs). “Seed”: random
update mechanism; “Init”: varied center initializations; “Init-H”: “Init” with Hungarian-algorithm updates.

Methods Stanford Cars NABirds MS COCO
16 bits 32 bits 64 bits 16 bits 32 bits 64 bits 16 bits 32 bits 64 bits

Init 0.004 -0.007 -0.002 -0.001 0.001 0.001 0.006 -0.025 -0.011
Learned 0.242 0.286 0.401 0.199 0.278 0.337 0.307 0.379 0.460
Learned-M 0.242 0.185 0.115 0.199 0.138 0.102 0.157 0.101 0.135
Random 0.000 ± 0.007 0.000 ± 0.008 -0.000 ± 0.007 -0.000 ± 0.003 -0.000 ± 0.003 -0.000 ± 0.003 0.001 ± 0.015 0.000 ± 0.016 0.000 ± 0.018

CSQ/OrthoHash 0.005 -0.005 -0.008 0.004 0.000 -0.001 0.002 0.008 0.000
MDS 0.002 0.004 0.006 0.001 -0.002 -0.002 -0.002 0.010 -0.002
SHC 0.022 0.046 0.011 0.001 0.011 -0.004 -0.002 0.010 -0.002

Table 5: Pearson correlation analysis between Sh and Sr under different center configurations: initialized (“Init”), learned
(multi-head “Learned”/single-head “Learned-M”), and random assignments (“Random”, mean±std over 1,000 runs). Besides,
the results of the four baseline methods (CSQ, OrthoHash, MDS, and SHC) are also included.
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Figure 2: mAP vs. PCC (64-bit) on different datasets. Arrows link baseline variants (“original” → “updated”, e.g., MDS →
MDSU ) and CRH-U → CRH-M → CRH. Regression lines with 95% confidence intervals indicate the linear trend.

cos(pi,pj), and a corresponding hash center similarity ma-
trix Sh = (shij)C×C based on shij = cos(ci, cj). The align-
ment between learned hash centers and reference semantics
is quantified by the Pearson correlation coefficient (PCC)
computed over the strictly upper triangular elements of Sr

and Sh. Higher PCC indicates stronger semantic alignment.
As shown in Table 5, untrained centers yield near-zero

correlation (row 1). In contrast, our multi-head design
achieves average PCCs of 0.310, 0.271, and 0.382 across
the three datasets (row 2), validating its ability to learn se-
mantically meaningful hash centers. The single-head vari-
ant (row 3) shows notably lower correlations (0.181, 0.146,
and 0.131), highlighting the effectiveness of the multi-
head mechanism. Random centers (row 4) exhibit no se-

mantic structure. Among baselines, CSQ, OrthoHash, and
MDS—with randomly assigned centers —show no semantic
alignment, while SHC incorporates semantics but still yields
low correlations, indicating limited ability to capture fine-
grained class relationships.

Finally, we analyze the link between semantic align-
ment and retrieval. Figure 2 plots mAP against PCC for
three baselines and CRH (64-bit). A clear linear trend
emerges—especially on single-label datasets—showing that
more expressive hash centers lead to better retrieval. This
trend is weaker on MS COCO. Notably, CSQ and Ortho-
Hash generate hash centers with nearly identical inter-center
distances on this dataset, impeding semantic capture through
reassignment and hence limiting performance gains. CRH
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Figure 3: Impact of hash center update frequency on mAP/PCC across datasets. “5 (20)” indicates updates every epoch for the
first 20 epochs, then every 5; “interval=2” denotes updates every 2 epochs (similarly for other values); “∞” means no updates.
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Figure 4: mAP w.r.t. codebook size M (left) and head di-
mension d (right) on three datasets. Underscore and bold
ticks denote M = C and M = 2C.

overcomes this through larger randomized codebooks and
multi-head design, enhancing diversity and semantic fidelity.

Impact of Codebook Size and Head Dimension
We evaluate how codebook size M and head dimension d
affect retrieval performance. Figure 4 shows mAP alongside
the minimum (dmin) and average (davg) distances between
learned hash centers under varying configurations at 32/64-
bit lengths. Note that for M = 2K (i.e., Z = {−1, 1}K),

explicitly constructing Z is infeasible for large K, so we
approximate reassignment: for each class c, we set z =
sign(

∑
x∈Xc

sign(hx)/∥yx∥1) as its center if unassigned;
otherwise the closest unassigned z′ ∈ Z to z is assigned.
For M , larger codebooks (vs. M = C) generally improve
mAP but increase computation. On single-label datasets,
davg remains near K/2 and declines slowly with M , while
on MS COCO it drops significantly, achieving optimal per-
formance at moderate M . We therefore set M = 2C to bal-
ance performance and efficiency. For d, best performance
occurs when using the smallest power-of-2 dimension satis-
fying d ≥ log2 M (yielding 16, 16, 8 for M = 2C across
datasets), maximizing the number of heads while prevent-
ing codebook collisions to enhance semantic expressiveness.
Conversely, excessively small d causes collisions that reduce
dmin and degrade performance.

Impact of Centers’ Update Frequency
Figure 3 illustrates how the update interval (i.e., epochs be-
tween center updates) affects mAP and PCC (32/64-bit).
Longer intervals reduce PCC, indicating weaker semantic
alignment, and lead to lower mAP. Although MS COCO is
less sensitive than the single-label datasets, omitting updates
(∞) still results in substantial performance drops. These re-
sults confirm that more frequent updates generally improve
performance. When training on single-label datasets with
“interval=1”, we observed that roughly 20% of class centers
were updated per step in the first 20 epochs on average, drop-
ping below 1% afterward, suggesting convergence. Thus, we
increased the interval to 5 after 20 epochs, maintaining per-
formance while significantly reducing computation.

Conclusion
We propose Center-Reassigned Hashing (CRH), an end-to-
end deep hashing framework that jointly optimizes hash cen-
ters and hash function. By integrating a hash codebook with
a multi-head mechanism, CRH dynamically reassigns hash
centers to categories, allowing them to adapt to data distribu-
tions for enhanced semantic representation—eliminating the
need for auxiliary networks or iterative center optimization.
Extensive experiments demonstrate that CRH learns seman-
tically discriminative hash centers and achieves state-of-the-
art retrieval performance.
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