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Abstract
Supervised proxy-based deep cross-modal hashing
has become the dominant paradigm for large-scale
retrieval. However, prevalent methods model class
proxies as deterministic points in the embedding
space. This rigid assumption causes severe gradi-
ent conflicts in multi-label scenarios, where gradi-
ent conflicts arising from label co-occurrence lead
to severe gradient contention and optimization col-
lapse. To resolve this, we propose Kent-based Dis-
tributional Proxy Hashing (KDPH), a novel frame-
work that shifts proxy representation from static
points to flexible anisotropic Kent distributions on
the hypersphere. Unlike point proxies that must
shift their positions to accommodate conflicting
gradients, KDPH absorbs these conflicts by dy-
namically adjusting its directional variance. This
allows the proxy to maintain a stable semantic
mean direction while stretching to cover diverse
label correlations. Furthermore, to ensure stable
training of these geometric parameters, we derive
a tailored loss function incorporating the Cayley
transform to enforce strict orthogonality. To the
best of our knowledge, KDPH is the first frame-
work to successfully introduce the Kent distributions
into cross-modal hashing. Experiments on three
benchmark datasets demonstrate that KDPH miti-
gates proxy collapse and chaotic oscillation, signifi-
cantly outperforms state-of-the-art methods. Code
is available at https://github.com/Senmo996/KDPH-
official-code.

1 Introduction
Driven by the surge in multimodal data [Xu et al., 2024],
Cross-Modal Hashing Retrieval has emerged as a standard
method for large-scale information retrieval [Cao et al., 2022;
Singh and Gupta, 2022; Yan et al., 2025; ?]. By pro-
jecting high-dimensional features into a compact Hamming
space, this approach circumvents the prohibitive computa-
tional and storage costs of conventional Euclidean methods,
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(a) Baseline: Proxy Collapse (b) Ours: Well-Separated

(c) Baseline: Proxy Oscillating (d) Ours: Fast Convergence

Figure 1: Comparison of proxy optimization behaviors. (a)-(b)
Conventional proxy learning suffers from proxy collapse, where
learned proxies move toward the anchor and become poorly sep-
arated, whereas KDPH preserves distinct proxy distributions. (c)-
(d) Conventional methods exhibit slow and oscillatory optimization
trajectories, while KDPH achieves smoother trajectories and faster
convergence. Colors denote different categories.

enabling efficient similarity approximation via bitwise XOR
operations [Wang et al., 2022; Lu et al., 2019; Sun et al.,
2022]. Despite rapid progress towards Supervised Deep Cross-
Modal Hashing Retrieval—leveraging deep neural networks
and semantic supervision for end-to-end representation learn-
ing—fundamental challenges still persist. Real-world data are
inherently multi-faceted, with single instances often associated
with multiple overlapping labels. This multi-label characteris-
tic poses severe difficulties for existing supervised frameworks,
which struggle to capture complex, non-exclusive semantic
correlations, necessitating more robust modeling strategies.

Despite the dominance of proxy-based strategies in deep
cross-modal hashing [Tu et al., 2023; Huo et al., 2024b], fun-
damental limitations persist in multi-label scenarios. The
prevailing paradigm typically abstracts each semantic cat-
egory as a singular, deterministic point [Teh et al., 2020;
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Kim et al., 2020; Movshovitz-Attias et al., 2017; Qian et al.,
2019] within the embedding space. While effective for single-
label tasks, this rigid zero-variance assumption provokes se-
vere gradient contention when confronted with the complex se-
mantic conflicts inherent in label co-occurrence. Specifically,
in a point-proxy framework, a multi-label sample simultane-
ously exerts pulling forces on divergent proxies. Modeled as
rigid points, these proxies lack the spatial capacity to accom-
modate such conflicting semantic signals. Consequently, this
unresolved contention drives the model towards optimization
collapse. These two limitations manifesting in two degener-
ate states: (1) Chaotic Proxy Oscillation, where the proxy,
unable to satisfy conflicting gradients, is forced to constantly
shift its position, preventing the model from anchoring to a
stable semantic center; and (2) Proxy Collapse, where the op-
timization process forcibly pulls proxies of distinct categories
together to minimize aggregate loss—particularly causing low-
frequency tail classes to collapse onto high-frequency head
classes—thereby eliminating fine-grained decision boundaries
and impairing discriminative power.

To address these challenges, we propose the Kent-based
Distributed Proxy Hashing (KDPH) framework. We depart
from the single-point paradigm by modeling each class proxy
as a learnable Kent distribution—an anisotropic spherical prob-
ability model defined by a mean direction and an elliptical
covariance structure. Unlike rigid point proxies that must
drastically shift position to satisfy conflicting gradients, this
distributed representation resolves conflicts by changing spe-
cific directional variances, thereby endowing each class with a
semantic shape and volume to flexibly absorb the contextual
variance introduced by label co-occurrence. Specifically, ob-
serving the anisotropic geometry of the Kent distribution, we
design a tailored loss function to achieve gradient decoupling
mechanism by stretching shape rather than moving centroid.
This approach effectively resolves conflict, preventing chaotic
oscillation and proxy collapse. Furthermore, by incorporating
the Cayley transform to enforce strict orthogonality for the
principal axes and utilizing this probabilistic module solely
to guide the learning process, KDPH achieves state-of-the-art
performance with zero additional computational overhead dur-
ing inference, successfully resolving the persistent trade-off
between retrieval accuracy and efficiency.

In summary, our contributions are as follows:

• We introduce KDPH, a novel framework that reformu-
lates proxy-based hashing by substituting rigid point
proxies with anisotropic Kent distributions. To the best
of our knowledge, KDPH is the first work to demonstrate
that modeling proxy uncertainty through directional dis-
tributions can eliminate the optimization collapse caused
by gradient contention in multi-label cross-modal re-
trieval.

• We derive a manifold-constrained loss function leverag-
ing the Cayley transform, which enables proxies to adap-
tively absorb gradient conflicts via directional variance
rather than centroid displacement, thereby effectively
eradicating Proxy Collapse and suppressing Chaotic
Proxy Oscillation during the learning process.

• Extensive experiments demonstrate that KDPH achieves

state-of-the-art performance on three benchmarks, em-
pirically validating the efficacy of our gradient decou-
pling strategy and showing superior robustness particu-
larly in complex multi-label scenarios.

2 Related Work
2.1 Supervised Deep Cross-Modal Hashing and

Proxy Learning
Supervised deep cross-modal hashing has advanced signifi-
cantly, positioned such as CNN-RNN and adversarial base-
lines [Jiang and Li, 2017; Li et al., 2018; Bai et al., 2020].
Recently, graph and transformer-based models [Xu et al.,
2019; Tu et al., 2022; Liu et al., 2023; Chen et al., 2024;
Liu et al., 2024] have further pushed the boundaries of per-
formance. In parallel, these models improving their algo-
rithmic design from simple pairwise constraints [Qin et al.,
2024] to adaptive gradient-triplet losses [Zhu et al., 2025a]
or sophisticated geometric [Qin et al., 2025b] strategies
which ranging from spherical mutual information to boundary-
sensitive mining [Qin et al., 2025a]—to refine the Ham-
ming space structure. To address the scalability bottlenecks
of pairwise comparisons, proxy-based metric learning has
been effectively incorporated. By representing categories
as distinct point proxy, this paradigm allows the model to
efficiently organize the embedding space [Tu et al., 2023;
Huo et al., 2024b], and has recently explored hyperbolic ge-
ometries for hierarchical modeling [Huo et al., 2024c]. How-
ever, a major challenge persists that the deterministic point
formulation’s inherent zero-variance assumption fundamen-
tally limits its applicability to multi-label scenarios with high
contextual variance.

2.2 Probabilistic Embeddings and Non-Isotropy
Probabilistic embedding learning has emerged as a robust al-
ternative to deterministic point estimates [Lin et al., 2018]. To
respect the unique geometry of hyperspherical feature spaces,
the field has evolved from early Euclidean Gaussian mod-
els [Shi and Jain, 2019] to spherical probability density func-
tions, such as the von Mises-Fisher (vMF) distribution [Zhe
et al., 2018; Park et al., 2019; Li et al., 2021]. However,
the efficacy of vMF-based approaches remains constrained
by their inherent isotropy. One major challenge is the im-
plicit assumption of uniform variance in all directions and
this rigid simplification fails to accommodate the complex,
anisotropic semantic manifolds inherent in multi-label data.
Although recent metric learning approaches have explored
non-isotropy through lightweight mechanisms, such as vari-
ance scaling or geometric regularization [Roth et al., 2022;
Kirchhof et al., 2022], these low-parameter heuristics often
lack the sufficient geometric flexibility required for large-scale
multi-label cross-modal hashing, where semantic manifolds
are densely entangled. To bridge this gap, we propose the
KDPH, which introduces the parameter-rich Kent distribution
to deliberately increase geometric capacity. We further fa-
cilitate stable training by resolving gradient contention and
optimization collapse via the Cayley transform and a tailored
loss function.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Kent 
Distributional-

based Proxy 
Learner

Proxy Network

A zebra grazing 
on lush green 
grass in a field.

Text

Text
Continues 
Hashcode

Image Image 
Continues
Hashcode

Im
ag

e 
H

as
h

E
nc

od
er

C
L

IP
 Im

ag
e

E
nc

od
er

𝐔𝐧𝐢𝐟𝐨𝐫𝐦
𝐃𝐢𝐬𝐭𝐫𝐢𝐛𝐮𝐭𝐢𝐨𝐧
𝐂𝐨𝐧𝐬𝐭𝐫𝐚𝐢𝐧𝐭

C
L

IP
 T

ex
t

E
nc

od
er

Te
xt

 H
as

h
E

nc
od

er

[cls]

C
ay

le
y

Tr
an

sf
or

m

𝐔𝐧𝐢𝐟𝐨𝐫𝐦
𝐃𝐢𝐬𝐭𝐫𝐢𝐛𝐮𝐭𝐢𝐨𝐧
𝐂𝐨𝐧𝐬𝐭𝐫𝐚𝐢𝐧𝐭

Image 
Binary

Hashcode

Text
Binary 

Hashcode

Multi-label image vector

Single-label image vector
A zebra
grazing on lush 
green grass in 
a field.

Two zebras share a 
tender moment 
backdrop of red desert

Where the wind whispers 
through waves of grass, under 
a wide-open sky.

Kent Distribution-based Proxy Learner 

Zoom-In

Visual Hashcode
Textual Hashcode

Proxy Hashcode

Centroid Update
Shape Update

Distributional 
Overlap Region

Two zebras
share a …

Grass under a 
wide-open 
sky… Multi-label text vector

Single-label text vector

[cls]

Figure 2: Overview of the Kent-based Distributed Proxy Hashing (KDPH) framework. It consists of a CLIP-based feature extraction
module and a Kent-based Distributional Proxy Learner. As shown in the right panel, we model class proxies as learnable anisotropic
distributions rather than static points. Through the gradient decoupling mechanism by separating centroid µ and variance B,Γ, the model
dynamically stretches the proxy’s semantic volume to accommodate multi-label variance, effectively mitigating proxy collapse and oscillation.

3 Method
3.1 Formulation and Architecture
Given a training dataset O = {(in, tn, ln)}Nn=1 with im-
ages in, texts tn, and multi-label vectors ln ∈ {0, 1}C , we
extract D-dimensional semantic features f i

n and f t
n via a

dual-stream Transformer backbone initialized with pre-trained
CLIP. Modality-specific hashing networks HI , HT : RD →
RK then project these features into K-dimensional continuous
representations hi

n and ht
n. The final binary hash codes are

obtained via the sign function:

bin := sign(hi
n) ∈ {−1, 1}K , btn := sign(ht

n) ∈ {−1, 1}K (1)

3.2 Kent-based Distributed Proxy Mechanism
Conventional hashing methods typically abstract each class as
deterministic point whose rigid zero-variance assumption fun-
damentally unsuitable for multi-label scenarios, and conflict-
ing semantic signals from co-occurring labels lead to gradient
contention and optimization collapse. To resolve this, KDPH
shifts the paradigm from static points to distributional proxies
on the hypersphere [Wang and Isola, 2020]. By modeling each
class as a flexible Kent distribution with learnable centroid
and variance, our framework effectively absorbs the gradients
variance arising from label co-occurrence.

Kent Distribution for Proxy Modeling
To instantiate this distributional paradigm, we employ the gen-
eralized Kent distribution. This strategic choice addresses
the inherent limitations of simpler spherical models, such as
the von Mises-Fisher (vMF) distribution. While vMF offers
mathematical convenience, its isotropic nature rigidly imposes
uniform variance across all dimensions, rendering it ill-suited
for capturing the complex, directional manifolds typical of
multi-label features. In contrast, the Kent distribution is in-
trinsically anisotropic. It provides the necessary geometric

flexibility to model elliptical contours on the hypersphere
SK−1 , where K denotes the hash code dimension, distinct
from the feature dimension D.

Formally, the probability density function (PDF) for a class
c is defined as:

p(z|Θc) =
1

c(κ,B)
exp

(
κcµ

T
c z +

Naxes∑
i=1

βc,i(γ
T
c,iz)

2

)
(2)

where c(κ,B) denotes the normalizing constant. The distri-
bution is parameterized by Θc = {µc, κc,Γc, Bc}, in which
each component serves a distinct semantic role: the mean di-
rection µc ∈ SK−1 acts as the semantic centroid representing
the stable core identity of the class, while κc governs the global
concentration of samples around this centroid. Crucially, to
model non-uniform variance, Γc defines the orthogonal prin-
cipal axes, and Bc = {βc,i} controls the anisotropic shaping
along these dimensions. By learning distinct βc,i values, the
proxy can dynamically stretch or compress along specific se-
mantic directions. This mechanism allows the distribution to
accommodate the high semantic variance introduced by multi-
label co-occurrences without drastically shifting the centroid
µc.

3.3 Hash learning
To jointly optimize the deep networks and proxy parameters
Θc while respecting manifold geometry, we introduce a dif-
ferentiable reparameterization technique. This mechanism is
integrated with a Kent-based log-likelihood scoring function
and a multi-task objective to strictly enforce both semantic
discrimination and quantization constraints.

Orthogonal Frame Construction via Cayley Transform
Directly optimizing µc and Γc is challenging due to the strict
orthogonality required by the Kent distribution. To address
this, we construct a unified orthonormal basis using the Cayley
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Transform. Specifically, for each class c, we learn a skew-
symmetric parameter matrix Ac ∈ RK×K . By exploiting the
mapping between the Lie algebra so(K) and the Lie group
SO(K), we generate a strict rotation matrix Qc:

Qc = (I+Ac)
−1(I−Ac) ∈ SO(K) (3)

This transformation ensures that Qc remains orthogonal
regardless of the updates to Ac. We then define the proxy
components by slicing Qc: the first column serves as the
centroid µc, while the following columns form the shape
axes Γc. This parameterization naturally enforces geometric
constraints, guaranteeing orthogonality not only between the
centroid and the axes but also pairwise among all principal
axes within Γc, effectively bypassing the need for expensive
orthogonalization procedures.

Anisotropic Energy Scoring and Parameterization
To evaluate the semantic affinity between a query sample and
the class proxies, we first project the continuous hash code h
onto the unit hypersphere, z = h/∥h∥2 ∈ SK−1, ensuring
geometric consistency with the directional statistics.

While the canonical Kent distribution defines a rigorous
probability density function, its optimization is hindered by a
computationally intractable normalization constant dependent
on high-dimensional Bessel functions. Since our primary ob-
jective in hashing is discriminative ranking rather than exact
density estimation, we circumvent this bottleneck by reinter-
preting the log-density formulation as a geometric Compati-
bility Score. We define the anisotropic energy score S(z, c)
for a class c as follows:

S(z, c) = κc(µ
T
c z) +

Naxes∑
i=1

βc,i(γ
T
c,iz)

2 −R(κ,β) (4)

Here, we employ a logarithmic regularization term R(κ,β) =
log(κc + ∥βc∥1). This term serves as a soft magnitude con-
straint, effectively transforming the probabilistic objective into
a flexible quadratic energy metric on the hypersphere, preserv-
ing the topological benefits of Kent geometry while avoiding
the gradient instability of Bessel approximations.

To strictly enforce the definition of concentration and magni-
tude, the parameters κc and βc,i are constrained to be positive
via a Softplus activation on learnable scalars κ̂c and β̂c,i. Cru-
cially, regarding the shape constraints, while the canonical
Kent distribution requires 2|βc,i| < κc for uni-modality, we
adopt a generalized Fisher-Bingham formulation by remov-
ing this upper bound. By allowing the network to learn βc
freely, the proxy gains the flexibility to model complex, poten-
tially multi-modal distributions. This relaxation is particularly
advantageous for capturing the high variance and distinct se-
mantic manifolds inherent in multi-label data.

Distribution-Aware Proxy Triplet Loss
To strictly enforce discriminative margins within the hy-
perspherical manifold, we employ a structure-preserving
Distribution-Aware Proxy Triplet Objective. Unlike standard
cross-entropy which treats classes as independent points, this
loss explicitly optimizes the anisotropic energy alignment
between samples and learnable Kent distributions. By maxi-
mizing the energy score for relevant classes while minimizing

it for irrelevant ones, the objective ensures that an instance
resides firmly within the high-density acceptance region of
its ground-truth semantic distributions, effectively pushing
decision boundaries away from the ambiguous overlapping
zones.

Formally, given a normalized query sample z, a positive
proxy distribution cp ∈ P (where P is the set of ground-truth
labels), and a negative proxy cn ∈ N , we enforce a strict
separation constraint based on the energy score S(·):

S(z, cp) > S(z, cn) +m (5)

where m is a fixed margin hyperparameter governing the min-
imum semantic gap.

To accommodate the multi-label setting where a sample
is associated with multiple semantic centroids, the final loss
aggregates these constraints over all valid triplets. This for-
mulation allows the gradients to dynamically adjust the shape
parameters βc of the Kent distributions, absorbing the conflict
from hard negatives:

LProxy =
1

|P||N |
∑
y∈P

∑
j∈N

max
(
0, S(z, cn)− S(z, cp) +m

)
(6)

Multi-Modal Irrelevance Regularization
To strictly separate semantically disjoint samples, we incor-
porate the Multi-Modal Irrelevance Loss [Huo et al., 2024b].
This objective penalizes high similarities between irrelevant
pairs—defined as instances sharing no common labels (i.e.,
li · lj = 0). Taking the image intra-modal regularization as an
example, the loss is defined as the average cosine similarity
over all such pairs in a batch:

Lreg i =

∑B
i=1

∑B
j=1 I(li · lj = 0) cos(hx

i ,h
x
j )∑B

i=1

∑B
j=1 I(li · lj = 0)

(7)

where I(·) is the indicator function and B is the batch size. The
text intra-modal loss Lreg t and the cross-modal loss Lreg it

are computed analogously by substituting the continues hash
feature pairs with (hy,hy) and (hx,hy), respectively. The
final regularization term aggregates these three components:
LReg = Lreg i + Lreg t + Lreg it.

Cross-Modal Contrastive Alignment
To bridge the heterogeneity between modalities, we employ
the symmetric InfoNCE [He et al., 2020] objective to project
representations into a shared, modality-invariant hypersphere.
This contrastive loss maximizes the mutual information be-
tween matched image-text pairs. The image-to-text alignment
loss is formulated as:

Li→t = − 1

B

B∑
k=1

log
exp(cos(hx

k,h
y
k)/τ)∑B

j=1 exp(cos(h
x
k,h

y
j )/τ)

(8)

where τ is a learnable temperature parameter scaling the dis-
tribution sharpness. The text-to-image loss Lt→i is computed
symmetrically by swapping the anchor and positive samples.
The final cross-modal alignment objective is the sum of both
directions: LCM = Li→t + Lt→i.
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Task Method Reference MIRFLICKR-25K NUS-WIDE MS COCO

16bits 32bits 64bits 16bits 32bits 64bits 16bits 32bits 64bits

I2T

DCPH TKDE’22 0.7679 0.7733 0.7764 0.6161 0.6156 0.6180 0.5206 0.5806 0.5939
DCMHT MM’22 0.8263 0.8272 0.8441 0.6799 0.6992 0.7038 0.6447 0.6757 0.6915
nivMF ECCV’22 0.8241 0.8245 0.8352 0.7023 0.6902 0.7024 0.7075 0.7242 0.7523
MIAN TKDE’22 0.8123 0.8220 0.8355 0.6130 0.5894 0.6057 0.5350 0.5579 0.5404
DSPH TCSVT’23 0.8129 0.8482 0.8541 0.6830 0.6979 0.7162 0.7044 0.7510 0.7694
DNPH MC’24 0.8108 0.8269 0.8229 0.6689 0.6811 0.6939 0.6438 0.6910 0.7294
DNpH TMM’24 0.8423 0.8552 0.8558 0.6921 0.7022 0.7071 0.6727 0.6903 0.6860
RDPH TMM’24 0.7420 0.7749 0.7867 0.6330 0.6317 0.6523 0.5867 0.7151 0.7368
DDBH TCSVT’24 0.8450 0.8534 0.8610 0.7041 0.7145 0.7229 0.7165 0.7454 0.7681
DNcH ESWA’25 – – – 0.7150 0.7305 0.7387 0.7199 0.7341 0.7509
DAGtH ESWA’25 0.8268 0.8514 0.8599 0.6827 0.6882 0.6927 – – –
KDPH Ours 0.8770 0.8639 0.8639 0.7430 0.7365 0.7392 0.7636 0.7761 0.7843

T2I

DCPH TKDE’22 0.7992 0.8046 0.8061 0.6187 0.6292 0.6394 0.5981 0.5879 0.5745
DCMHT MM’22 0.8116 0.8137 0.8281 0.6876 0.7104 0.7253 0.6513 0.6832 0.7052
nivMF ECCV’22 0.8125 0.8102 0.8213 0.6912 0.6952 0.6924 0.6421 0.6892 0.7042
MIAN TKDE’22 0.8058 0.8151 0.8182 0.6365 0.6312 0.6416 0.5489 0.5493 0.5365
DSPH TCSVT’23 0.8000 0.8238 0.8294 0.6997 0.7153 0.7304 0.7040 0.7556 0.7713
DNPH MC’24 0.8015 0.8176 0.8166 0.6871 0.6994 0.7182 0.6468 0.7012 0.7388
DNpH TMM’24 0.8147 0.8292 0.8361 0.6992 0.7137 0.7139 0.6562 0.6860 0.6928
RDPH TMM’24 0.7200 0.7504 0.7713 0.6732 0.7067 0.7190 0.5925 0.6910 0.7139
DDBH TCSVT’24 0.8245 0.8318 0.8390 0.7194 0.7211 0.7325 0.7167 0.7394 0.7595
DNcH ESWA’25 – – – 0.7196 0.7343 0.7430 0.7130 0.7306 0.7398
DAGtH ESWA’25 0.8072 0.8270 0.8382 0.6936 0.7042 0.7098 – – –
KDPH Ours 0.8351 0.8439 0.8480 0.7473 0.7399 0.7458 0.7627 0.7785 0.7795

Table 1: mAP comparisons on three benchmark datasets with references. The best results are highlighted in bold.

Uniform Distribution Constraint for Hashing
To maximize code entropy and prevent bit-collapse, we en-
force a Uniform Distribution Constraint via Optimal Transport.
Specifically, we minimize the Wasserstein-1 distance between
the learned batch codes Bx and a sampled ideal uniform dis-
tribution A ∈ {−1, 1}B×K . This is formulated as finding the
optimal permutation matrix Ox that minimizes the transport
cost:

LU,x = min
Ox∈O

−tr(OxA(Bx)T ) (9)

where O is the set of all B×B permutation matrices. The con-
straint is applied symmetrically to both modalities, yielding
the total loss LU = LU,x + LU,y .

Overall Objective Function
Our comprehensive training objective LTotal is a multi-task
function, designed to integrate the four distinct components
discussed previously. It simultaneously optimizes the model
for (1) proxy learning, (2) cross-modal alignment, (3) semantic
irrelevance separation, and (4) high-entropy hash code gen-
eration.The final objective is a weighted summation of these
components:

LTotal = LProxy + ϵLReg + ζLCM + ηLU (10)

where ϵ, ζ, and η are scalar hyperparameters that balance
the contribution of each term.

4 Experiment
To demonstrate the validity of our proposed KDPH frame-
work, we conducted comprehensive experiments on three pub-

licly available cross-modal multi-label datasets MIRFLICKR-
25K, NUS-WIDE and MS COCO. Besides, we introduce the
datasets for the experiments and explain the details of the
implementation of KDPH and evaluate metrics.

4.1 Experimental Settings
Datasets
We evaluate KDPH on three standard multi-label datasets.
MIRFLICKR-25K [Huiskes and Lew, 2008] contains 24,581
image-text pairs across 24 classes. NUS-WIDE [Chua et al.,
2009] comprises 269,648 pairs; following standard protocols,
we utilize a subset of 195,834 pairs from 21 frequent cat-
egories. MS COCO [Lin et al., 2014] consists of 123,289
images, each with 5 captions, spanning 80 categories. Across
all datasets, we randomly sample 5,000 pairs as the query set
and use the remainder as the database, from which 10,000
pairs are uniformly sampled to construct the training set.

Baseline Methods
In our experiments, we selected 9 state-of-the-art deep
cross-modal hashing methods for comparison, which con-
tain DCPH[Tu et al., 2023], nivMF[Kirchhof et al.,
2022], DCHMT[Tu et al., 2022], MIAN[Zhang et al.,
2023], DSPH[Huo et al., 2024b], MITH[Liu et al., 2023],
DNPH[Huo et al., 2024a], DNpH[Qin et al., 2024],
DDBH[Qin et al., 2025a], DNcH[Zhu et al., 2025b] and
DAGtH[Zhu et al., 2025a].

Experimental Details
We implemented KDPH in PyTorch on an NVIDIA A800
GPU, optimizing via Adam (LR=0.001, batch size=128). The
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Figure 3: Impact of Semantic Complexity on Model Performance.

hyper-parameters are set as ϵ = 40, ζ = 0.3, η = 0.1. Regard-
ing the anisotropic geometry, we set the number of principal
axes as Naxes = K/8, where K denotes the target hash code
length (e.g., Naxes = 8 for 64-bit codes). To ensure a fair
comparison, we follow all baselines that use the identical CLIP
backbone and data splits.

4.2 Main Results
To evaluate the effectiveness of our KDPH framework, we
conduct a comprehensive comparison with state-of-the-art
baselines on three benchmark datasets. The comparative re-
sults are summarized in Table 1. The proposed KDPH method
outperforms all state-of-the-art baselines with significant per-
formance improvements across all hash code lengths. This
phenomenon demonstrates that the anisotropic Kent distribu-
tions possess stronger feature extraction and discriminative
capabilities than the deterministic point-based baselines.In
particular, our KDPH yields superiority over nivMF, a repre-
sentative approach employing non-isotropic von Mises-Fisher
distributions. It is observed that such methods suffer from
the limitations of geometric inflexibility, particularly in sce-
narios enriched with complex semantic entanglements. This
limitation is empirically evidenced by the substantial mar-
gin of over 7.92% on the challenging MS COCO dataset
(I2T @ 16 bits).Despite the reliable performance achieved by
previous methods, our KDPH benefits from the Kent-based
distributional proxy and modeling elliptical semantic variance,
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Figure 4: Training dynamics comparing DSPH and KDPH.

demonstrates superior performance.
Furthermore, to verify the performance of our KDPH under

highly compressed spaces, we investigate the Bit-Efficiency.
In comparison to the state-of-the-art methods (e.g., DCPH,
DSPH) which suffer from sharp performance degradation un-
der limited encoding capacity, KDPH maintains high discrim-
inative power at 16 bits. Specifically, our KDPH yields an
improvement of approximately 6.07% on MS COCO over the
second-best method. These findings suggest that the meticu-
lously designed Kent distributions offer superior information
density, effectively absorbing gradient contentions even within
highly compressed Hamming spaces. KDPH also achieves
good balance between modalities, indicating that the opti-
mization strategy successfully harmonizes visual and textual
distributions within the shared latent space, thereby preventing
the modality domination often observed in existing baselines.

4.3 Analysis
Mitigation of Chaos Proxy Oscillation via KDPH
We first investigate the robustness of our KDPH approach in
preventing optimization collapse. So we monitor the track of
Proxy Flip Rate R(t)

flip
[Xie et al., 2016], defined as the ratio of

samples changing their nearest proxy assignment between con-
secutive epochs. As illustrated in Figure 4, it can be observed
that in Low Co-occurrence Classes (Fig. 4b), both the base-
line and KDPH exhibit stable convergence, confirming that
rigid point proxies suffice for simple, unimodal manifolds.In
contrast, regarding High Co-occurrence Classes (Fig. 4a), the
baseline suffers from severe oscillation and jagged precision
curves, leading to a deficiency in optimization stability. Ben-
efiting from the advantages of anisotropic Kent distributions,
KDPH maintains exceptional stability with a flip rate < 1%.
Specifically, our framework is designed to dynamically ab-
sorb gradient variance through shape deformation rather than
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through straightforward centroid shifting. In this way, the
proposed method effectively mitigates the chaotic oscillations
that plague traditional point-based methods, ensuring better
adaptability to complex semantic environments.

Prevention of Proxy Collapse via the KDPH
To comprehensively evaluate the effectiveness in prevention of
proxy collapse, we track the Subordinate Label as the category
with the least frequency in an sample. As illustrated in Figure
3, Baseline suffers from the limitations in high-complexity
situations where rigid point proxies degrade rapidly under
the pressure of dominant classes. In contrast, KDPH method
consistently demonstrates the superiority and robustness over
state-of-the-art competitors, yielding a significant improve-
ment of 41.1% in scenarios with 5 labels. This promising per-
formance confirms that the meticulously designed anisotropic
distributions effectively mitigate the collapse issue by reserv-
ing sufficient semantic variance for tail concepts.

Despite the reliable performance achieved by the Baseline
in single-label regimes due to the advantage of point proxies,
it is noted that this advantage vanishes in multi-label scenarios.
This slight redundancy introduced by KDPH serves as a nec-
essary trade-off, providing the parametric flexibility required
to bridge the semantic gaps between conflicting manifolds.

Components mAP @ 64 bits

Kent LReg LCM LU I → T T → I

✓ ✓ ✓ 0.7615 0.7542
β = 0 ✓ ✓ ✓ 0.7693 0.7628

✓ ✓ ✓ 0.7326 0.7305
✓ ✓ ✓ 0.7566 0.7585
✓ ✓ ✓ 0.7537 0.7574

✓ ✓ ✓ ✓ 0.7843 0.7795

Table 2: Ablation study of different components on the MS COCO.

Ablation Study on Model Components
We conduct ablation studies by systematically evaluating the
mAP of each component in our framework on the MS COCO
dataset. The comparative results are summarized in Table 2.
The performance metric exhibits a distinct hierarchy. Specifi-
cally, mAP decreases from 0.7693 with the isotropic vMF dis-
tribution (β = 0) to 0.7615 with rigid point proxies, suggesting
only a marginal advantage for distributional proxies. Crucially,
our anisotropic Kent model surpasses all state-of-the-art vari-
ants, owing to its capacity to capture anisotropic semantic con-
flicts, enabling effective recalibration of semantic interactions
to resolve gradient contentions.Furthermore, the Multi-Modal
Irrelevance Regularization LReg and Cross-Modal Alignment
LCM are designed to collaboratively enhance the contextual
awareness and semantic capabilities, ensuring better adaptabil-
ity to nuanced semantic variations while Uniform Constraint
LU provide essential complementary gains for modality in-
variance and code entropy.
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(b) Our Method: Embedding Space

Data Points
(Person + Object)

Person + Dog
Person + Cat
Person + Bicycle
Person + Car
Person + Hot Dog
Person + Pizza

Proxy Embeddings
Proxy: Dog
Proxy: Cat
Proxy: Bicycle
Proxy: Car
Proxy: Hot Dog
Proxy: Pizza

Anchor
Anchor: Person

Figure 5: t-SNE visualization of the embedding spaces learned by
DSPH and KDPH.

Visualizing Distributions Across Multi-label Scenarios

To empirically verify the topological superiority of KDPH,
we visualized the embedding space of the complex Person
category on MS COCO using t-SNE (Figure 5). The Baseline
(Fig. 5a) exhibits severe proxy collapse, where proxies of
distinct co-occurring classes (e.g., Car, Bicycle) physically
collapse onto the central anchor. This visually confirms that
rigid point proxies suffer from gradient contention, eliminat-
ing decision boundaries. In sharp contrast, KDPH (Fig. 5b)
reveals a clear semantic-adaptive topology. The embedding
space disentangles into coherent radial clusters based on high-
level affinity—grouping animate entities, vehicles, and food
along distinct directional axes. This structured layout demon-
strates that our anisotropic Kent proxies successfully capture
latent semantic hierarchies, accommodating contextual diver-
sity without destabilizing the core identity.

5 Conclusion

In this paper, we address the critical bottleneck of gradient
contention in multi-label cross-modal hashing with the Kent-
based Distributional Proxy Hashing (KDPH) framework. By
shifting the paradigm from point proxies to anisotropic Kent
distributions, our method enables proxies to absorb contex-
tual conflicts by dynamically adjusting directional variance.
This geometric flexibility allows the model to maintain stable
semantic centroids while stretching to accommodate diverse
label correlations. Extensive experiments on three benchmarks
demonstrate that KDPH outperforms state-of-the-art methods.
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