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Abstract

Fine-grained Visual Recognition (FGVR) aims to distin-
guish between categories with subtle inter-class differences
and large intra-class variations. While Vision Transformers
with attention mechanisms have been widely adopted for
FGVR, they usually suffer from high computational com-
plexity and entangled global representations. Recent ad-
vancements in state-space models, exemplified by Mamba,
have showcased substantial potential in vision-related tasks
due to their linear scalability and rich sequence model-
ing capacity. To this end, we propose DHMamba, a novel
Mamba based FGVR method. The proposed method lever-
ages hypergraph to guide selective scanning and strengthen
Mamba’s capability in modeling fine-grained semantics. Fur-
thermore, a Disentangled Local Scanning (DLS) module is
introduced to utilize hyperedges to allocate distinct infor-
mative patches into independent channels for mitigating the
representational entanglement. Extensive experiments con-
ducted on multiple FGVR benchmarks demonstrate that the
proposed DHMamba outperforms the state-of-the-art meth-
ods, validating the efficacy of combining state-space model-
ing with hypergraph-based feature structuring.

Introduction

Fine-grained Visual Recognition (FGVR) is dedicated to
distinguishing between categories or instances that exhibit
only subtle visual differences (Wei et al. 2022). Such chal-
lenges are prevalent in real-world applications, spanning
from species of birds within the same genus to models of
cars in the same series. In contrast to conventional image
classification, FGVR faces the additional challenge of large
intra-class variation stemming from environmental condi-
tions, pose differences, and state changes. The recognition
models must not only precisely localize the most informa-
tive regions of an image and effectively suppress interfer-
ence from irrelevant backgrounds, but also extract discrim-
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inative features that capture the defining subtleties of fine-
grained categories.

Early research (Qiu and Zhou 2020; Lin, RoyChowdhury,
and Maji 2015; Yu et al. 2018) in FGVR was predominantly
centered on Convolutional Neural Networks (CNNs) based
architectures. These models sought to enhance the learning
performance of subtle discriminative features through strate-
gies such as part localization, feature refinement, and multi-
branch learning (Lin, RoyChowdhury, and Maji 2015). With
the advent of the attention mechanism, models that integrate
attention modules with CNNs achieved significant progress
in localizing crucial object parts and extracting salient fea-
tures (Wu et al. 2019; Zheng et al. 2017; Sun et al. 2018),
thereby facilitating more effective modeling of fine-grained
categories. Nevertheless, the CNNs exhibit intrinsic limita-
tions—most notably their dependence on deeply stacked hi-
erarchical structures. Consequently, recent works (He et al.
2022; Hu et al. 2021; Zhang et al. 2022; Zhu et al. 2022; Xu
et al. 2023; Chen et al. 2024) have shifted its focus toward
Vision Transformers (ViTs). ViT (Dosovitskiy et al. 2021)
partitions an image into a sequence of patches and mod-
els the relationships among them via a self-attention mecha-
nism, enhancing the ability to capture subtle differences.

However, the self-attention mechanism incurs a compu-
tational complexity that is quadratic with respect to the
number of patches, limiting the model’s scalability to high-
resolution images. Additionally, it tends to generate entan-
gled feature representations, which hinders the identification
and isolation of the most discriminative regions. To this end,
some studies (Han et al. 2022; Chen et al. 2024) have be-
gun to explore graph-based neural networks, serving either
as feature encoding backbones or as plug-in modules, to en-
hance the representational capacity within the ViT frame-
work. While the introduction of graph or hypergraph struc-
tures enhances the capability for modeling the complex data
correlations, it can further exacerbate the problem of repre-
sentation entanglement.

Recently, Mamba-based architectures (Gu and Dao 2024)
have garnered considerable attention in computer vi-
sion (Zhu et al. 2024; Liu et al. 2024), owing to their lin-
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Figure 1: The differences in patch processing among ViT-
based models, VMamba, and our proposed DHMamba.
ViT establishes attention-based interactions between each
patch and all other patches, while VMamba adopts a bidi-
rectional grid scanning strategy. In contrast, our proposed
DHMamba employs a hypergraph-guided mechanism that
enables Mamba to perform bidirectional scanning within
each hyperedge, following the order of patch importance.

ear scalability and powerful sequence modeling capabilities.
However, the in-depth application of Mamba-based mod-
els in FGVR remains under-explored based on the follow-
ing two reasons: (1) The scanning strategy of Mamba typi-
cally employs a linear or bidirectional linear scanning mech-
anism, which tends to miss the critical semantic information
in an image. (2) In scenarios where multiple spatially dis-
joint regions (e.g., a bird’s head and claws) collectively pro-
vide discriminative cues for a class, Mamba tends to entan-
gle these image regions, thereby limiting its capacity to learn
robust feature representations.

To tackle the aforementioned chanllenges, we propose
DHMamba, a novel mamba-based FGVR method. The pro-
posed method leverages VMamba (Liu et al. 2024) as its
image encoding backbone. Specifically, a hypergraph is pro-
posed to guide the selective and informative scanning of
VMamba for the FGVR task.

On the one hand, we propose a Local Information Gra-
dient Scanning strategy to support a selective scanning of
VMamba. This begins by constructing a hypergraph on the
feature patches using Fuzzy C-Means clustering, followed
by hypergraph convolution to model high-order semantic
relations in an image. Furthermore, the node embeddings
and the fuzzy membership matrix from clustering are lever-
aged to compute a semantic-aware score for each node. This
score dictates a novel scanning path for the VSSBlock of
Vmamba: the scan initiates at the node with the highest den-
sity and recursively progresses to the spatially adjacent node
with the next-highest score.

On the other hand, we propose a Disentangled Lo-
cal Scanning (DLS) module. This module leverages the
semantic-aware score to assign hyperedges to different chan-
nels and guide Mamba to separately process distinct groups
of patches. This approach facilitates the independent mod-
eling of those regions containing core semantics (see Fig-
ure 1). To ensure effective disentanglement, we introduce a
Maximum Orthogonality Loss, which explicitly encourages
the sub-features generated from each independent scan to
be semantically distinct and non-overlapping. Finally, these
independently processed sequences are fused to form a com-
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prehensive feature map for class prediction.
Our main contributions are summarized as follows:

* We propose DHMamba, a novel framework that inte-
grates hypergraphs with Mamba for FGVR. To the best
of our knowledge, our work is the first to explore the use
of the Mamba architecture for pure FGVR.

To enhance Mamba’s ability to capture the fine-grained
details, we propose a Local Information Gradient Scan-
ning strategy. This strategy leverages hypergraph struc-
tures and semantic awareness to guide the patch scanning
process along the most informative paths for feature ex-
traction.

To effectively model diverse and class-related semantic
components within an image, we propose a Disentangled
Local Scanning Module, which enables Mamba to inde-
pendently process distinct sets of patches corresponding
to different semantic sub-structures.

Related Work
Fine-grained Visual Recognition

CNNs have inspired numerous early approaches (Lin, Roy-
Chowdhury, and Maji 2015; Zheng et al. 2017; Song and
Yang 2021; Ding et al. 2021) for FGVR. For instance, PB
R-CNN (Zhang et al. 2014) integrates R-CNN (Girshick
et al. 2014) with spatial constraints to localize image re-
gions and leverages high-resolution part features for im-
proved classification. B-CNN (Branson et al. 2014) further
employs a two-stream network to extract object locations
and corresponding local features. Recently, with the suc-
cess of self-attention mechanisms, ViT-based methods (Hu
et al. 2021; Zhang et al. 2022; Zhu et al. 2022; Xu et al.
2023) have been explored to boost FGVR performance. For
instance, TransFG (He et al. 2022) designs a Part Selec-
tion Module (PSM) that integrates all raw attention weights
into a unified map to guide the selection of discrimina-
tive regions. HI2R (Chen et al. 2024) further incorporates
a hypergraph-guided Structure Learning (HSL) module to
capture high-order relations and address significant intra-
category variation. However, the quadratic computational
cost of self-attention in ViT remains a notable limitation
for large-scale FGVR tasks. VIMD (Chen et al. 2025) ex-
plores the use of ViM for knowledge distillation in FGVR,
but it does not address pure classification tasks. To this
end, we propose DHMamba, which innovatively employs
VMamba (Liu et al. 2024) to significantly reduce resource
consumption while maintaining competitive classification
performance.

Hypergraph Neural Networks

Hypergraph Neural Networks (HGNNs) have emerged as
an effective extension of Graph Neural Networks (GNNs)
for modeling high-order relationships. Unlike conventional
pairwise graphs, hypergraph connects multiple nodes via
hyperedges, naturally capturing multi-way interactions.
HGNN (Feng et al. 2019) first generalizes convolution op-
erations to hypergraph learning by applying hypergraph
Laplacians and truncated Chebyshev polynomials in the



spectral domain. Subsequently, DHGNN (Jiang et al. 2019)
improves representation quality by dynamically construct-
ing task-specific hypergraphs. To overcome the limitations
of spectral analysis in traditional matrix-based hypergraph
representations, T-HyperGNN (Wang et al. 2024a) proposes
a tensor-based framework that leverages hypergraph signal
processing techniques. For vision tasks, Vision HGNN (Han
et al. 2023), inspired by ViG (Han et al. 2022), partitions in-
put images into patches as nodes to construct hypergraphs,
successfully applying hypergraph convolution to general vi-
sion tasks with promising results. In the context of fine-
grained visual recognition, hypergraph learning has shown
strong potential to capture subtle relationships among parts
or instances, enabling more robust discrimination under sig-
nificant intra-class variation.

Methodology
Mamba Preliminaries

Selective Scan Structured State Space Sequence (S6)
model (Gu and Dao 2024) is a category of sequence mod-
els that demonstrate strong capabilities to process sequential
data. These models are primarily extensions of the previ-
ously proposed S4 model (Gu, Goel, and Re 2022), which
projects an input stimulus z(¢) € R to an output response
y(t) € R, through a hidden state h(t). For continuous inputs,
the system can be formulated using a set of linear ordinary
differential equations:

h'(t) = Ah(t) + Bz(t),
y(t) = Ch(t) + Dx(t),

where A € RV*N B ¢ RVXL € ¢ RN and D € R!
are the weighting parameters.

By discretizing this system of ordinary differential equa-
tions, the continuous-time state space model can be adapted
to handle discrete inputs. This is typically achieved using the
zero-order hold (ZOH) discretization rule:

hiy = Ah;_1 + By,
Yt = Cht7

where A = exp(AA), B = (AA) !(exp(AA)—1I)-AB
are the transformation parameters used for discrete inputs
and A denotes a learnable discretization step size. However,
the linear time-invariant property of structured state space
models imposes inherent limitations on their ability to adap-
tively capture contextual information. To overcome this con-
straint, Mamba (Gu and Dao 2024) extends the S4 model
by introducing input-dependent parameters B = Sp(z),
C = S¢(z), and A = Sa(x), thereby enabling a selective
scanning mechanism to process the entire input sequence.

Recent studies (Zhu et al. 2024; Liu et al. 2024) have ex-
tended Mamba to vision tasks. VMamba (Liu et al. 2024)
proposes a Cross Scan Module (CSM) that incorporates a
2D Selective Scan (SS2D) mechanism, which systematically
scans the entire image from four different directions.

ey
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Overview of The Proposed Method

Figure 2 illustrates the overall architecture of our proposed
model. Following VMamba’s work, an input image first un-
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dergoes a patch-embedding layer, which transforms the im-
age into H x W tokens. Subsequently, these tokens are
fed into L Visual State Space Model (VSSM) layers. Each
VSSM layer consists of serveal VSSBlocks and a downsam-
pling layer. For each feature map before downsampling, it is
input into the i-th layer of the proposed DHMamba module,
which are also interconnected, forming cross-branch skip
connections.

The DHMamba module consists of serveal Hypergraph-
based Semantic Awareness (HSA) modules and a Disen-
tangled Local Scanning (DLS) module. The HSA builds a
hypergraph and outputs semantic-aware scores. To achieve
the disentangling of hyperedges, K hyperedge clusters are
formed by DLS, along with corresponding Disentangled
VSSBlocks (DVSSBlocks). Subsequently, a downsampling
operation is performed in synchronization with the VSSM.
Finally, the two feature maps are concatenated and fed into
a classifier.

Hypergraph-based Semantic Awareness Module

In this section, we propose the Hypergraph-based Semantic
Awareness Module (HSA), which learns the high-order se-
mantic associations among multiple image patches by con-
structing a hypergraph. HSA obtains a semantic awareness
score via hypergraph structure for the subsequent disentan-
gled guidance of VMamba scanning blocks.

Hypergraph Construction. We employ hypergraph to
establish high-order semantic relationships among multi-
ple image patches. Unlike traditional graph, which can
only form connections between two nodes, hypergraph is a
higher-order structure capable of connecting multiple nodes
simultaneously. This characteristic makes hypergraph par-
ticularly suited for modeling complex associations among
multiple nodes.

Formally, in a hypergraph H = (V, £), hyperedges e; €
& each connect a subset of vertices, defined as e; = {v;
v; € Vandi € I;} , where I; is the set of indices for ver-
tices that are included in hyperedge e;. The set I; directly
corresponds to the nonzero entries of the j-th column of the
incidence matrix H € {0, 1}/VI*I€l where H;; = 1if ver-
tex v; is included in the hyperedge e;.

We use Fuzzy-C Means (FCM) to first build a fuzzy hy-
pergraph. Given the embeddings matrix of initial patches
X € RYX4 where N is the number of input patches
and d is the dimension of the embedding, and the num-
ber of cluster centers k, FCM initializes the membership
matrix U = [u;;] € [0,1]V**, and the final value is ob-
tained by iterating. Then, we construct the explicit hyper-
graph H € RN*? by hardening U. Specifically, for each
node v;, we assign it to the cluster with the highest member-
ship score, i.e., j = argmax; u;;. In this way, each cluster
center corresponds to a hyperedge e; that connects all nodes
assigned to it.

Semantic Awareness of Image Patches. As previously
discussed, images often contain multiple regions where dif-
ferent patches encapsulate key semantic information. To
fully exploit the hypergraph structure in capturing these se-
mantics and to facilitate subsequent operations such as dis-
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Figure 2: The overall architecture of our proposed model. The input image is first transformed into tokens of shape C'x H x W,
and then fed into the L layers, where C' is the channel dimension. At the i-th layer, the feature map with shape C; x H; x W;
modeled by L, VSSBlocks is added to Ly HSA modules at the corresponding layer. After constructing the hypergraph H, the
feature matrix X and the membership matrix U are extracted. According to Eq. 3, Eq. 4 and Eq. 5, scores S are computed,
and updated features are obtained through hypergraph convolution. Then, in the DLS module, scores S; for the hyperedge
e; is derived based on S, which guides the assignment of k hyperedges into K channels C; to C'x, each corresponding to a
Disentangled VSSBlock. Herein, © denotes concatenation, and & indicates element-wise addition.

entanglement and scanning, we propose a semantic aware-
ness scoring scheme based on information density. Intu-
itively, patches with high certainty (i.e., strongly associated
with a specific cluster) are expected to carry more discrimi-
native semantic information, while those with uncertain af-
filiations tend to be ambiguous or less informative.

Given the membership vector w; = [u;1, U;2, ..., U] for
the 4-th patch, its information density score Sgensity; is de-
fined as:

H;
Sdensity; — 1 — logk’
k 3)
== ujloguij,
j=1

which reflects the semantic richness of the ¢-th patch within
the context of its hyperedge.

Considering different image nodes in a hyperedge, if the
node signal (i.e., its feature) corresponding to a certain im-
age patch is smoother in the spatial neighborhood, it means
that it is more likely to be a redundant patch. Leveraging the
hypergraph Laplacian, we introduce the signal unsmooth-
Ness SCOTe Synsmooth; Of the ¢-th patch as:

Sunsmoothi = NOI‘III(H [LhX]l Hg)?

“
L,=1-D;'?UD;'U" D;'?,
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where Norm(+) denotes normalization, D,, and D, are the
diagonal degree matrices for nodes and hyperedges, respec-
tively.

We then compute the final semantic awareness score s;:

Si = As )

where )\ € [0, 1] is a balancing hyperparameter. The seman-
tic score s = [s;] € R¥ is forwarded to the next layer.

. sdensityi + (]- - )\s) * Sunsmooth »

Hypergraph Convolution. To promote information ex-
change among multiple image patches connected by hyper-
edges, we adopt a classical two-step hypergraph convolution
operation. Unlike standard graph convolutions that operate
on pairwise edges, hypergraph convolution enables feature
propagation over groups of semantically related nodes. Each
hyperedge e; aggregates features from its incident nodes
first. And then, each node updates its representation by ag-
gregating from the connected hyperedges:

X =D;'?Ho (WD;1HT o (D;1/2X®1) @2) ,
(6)
where W € RF** is the diagonal matrix of hyperedge
weights, ®; € RN and ®, € RV *? are learnable weight
matrices, and o(-) denotes a non-linear activation function.
In between, D and B conduct normalization.
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Figure 3: Compare to existing methods that typically use
a unified encoder to learn a single representation from all
image patches, our proposed DHMamba allocates patches
into distinct channels to facilitate disentangled representa-
tion learning. Herein, VSSB refers to the Visual State Space
Block used in VMamba.

Disentangled Local Scanning Module

The proposed Disentangled Local Scanning Module (DLS)
aggregates image patches that belong to different impor-
tant hyperedges into distinct hyperedge groups and performs
VMamba scanning within each group (see Figure 3). Fur-
thermore, scanning is conducted in the order of information
density, allowing VMamba to preferentially absorb seman-
tically rich content. In the following, we describes how the
proposed method disentangles hyperedges into separate pro-
cessing streams based on their semantic importance.

Hyperedges Disentanglement Since hyperedges natu-
rally encode groups of patches sharing similar semantics,
we aim to assign different hyperedges to separate chan-
nels for disentangled processing. However, to balance com-
putational efficiency and semantic diversity, the number of
available processing channels K is typically much smaller
than the number of hyperedges k. Therefore, we propose a
semantic-priority-based uniform allocation strategy, which
preserves representation independence among informative
patterns. Specifically, hyperedges carrying distinct cues are
preferentially assigned to different output channels to ensure
their disentangled representation. In contrast, less informa-
tive hyperedges can be compressed into shared channels.

Formally, we define the importance score S; for the j-th
hyperedge ¢; as the average semantic awareness score of its
constituent nodes:

@)
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where s; is the score of node v; (as defined in Eq. 5), and I}
is the index set of nodes in hyperedge e;.

We sort the hyperedges in descending order of \S; to ob-
tain a ranked list (1), €(g), ..., €(x), Where e(q) has the high-
est importance. Then, hyperedges are assigned to channel
groups {C4,C4,...,Ck} in a round-trip fashion: starting
from C to C' and then back to C7, with the step length
halved after each full forward-backward traversal. This pro-
cess continues recursively until no further folding is possi-
ble. All remaining hyperedges are finally grouped into the
last channel C'x.

To further encourage semantic disentanglement across
channels, we introduce a Maximal Orthogonality Loss that
promotes representational independence between hyperedge
groups assigned to different channels. Specifically, for each
pair of channels ¢; # ¢y, we extract their aggregated feature
representations f. , f., € R?, and define the orthogonality

loss as:
2

Fife
Lortno = e . ®)
o 022 [feil - [ fezl
The overall training objective becomes:
Etotal = ﬁc + >\0rlho : ﬁorlhoa (9)

where L. denotes the classification loss, and Ao 1S a bal-
ancing weight.

Local Information Gradient Scanning Based on our hy-
peredge disentanglement above, the proposed Local In-
formation Gradient Scanning strategy treats each hyper-
edge group independently and leverage semantic awareness
scores to guide scanning within each group.

Let us consider one processing channel containing M hy-
peredges eq, €2, ..., epr. Among them, we identify the most
informative hyperedge ema.x = argmaxe,, (Sy,). Within
€max» We locate the anchor node vy = arg max,,cy, _ (s;)
as the node with the highest local score, where V., 1is the
set of nodes in the hyperedge e, ,x-

Starting from vy, we construct a spatial scanning path by
greedily selecting the most informative spatial neighbor at
each step. Let NV (v;) denote the 4-connected grid neighbors
of node v; in an image. We define the scanning path P =
[vo, V1, ..., v7] such that:

Vt41 = arg max

subject to s, < sV,
vEN (v¢ )NVunvisited
(10)
where Vigvisited 15 the set of nodes not included in the path.
This recursive scanning process forms an information gra-
dient path, along which semantic content flows from high-
density to low-density regions. By feeding tokens in this or-
dered sequence into Mamba, we allow the model to progres-
sively accumulate fine-grained visual patterns starting from
the most semantically rich patch, enabling a structured and
disentangled representation of visual concepts within each
channel.

'S'Uﬂ

Experiments
Datasets

We evaluate our method on three widely used fine-grained
image classification datasets:



Method Venue Backbone | CUB-200-2011 | NABirds | Stanford Cars
PMG (Du et al. 2020) ECCV 2020 89.6 - 95.1
MCEN (Li, Wang, and Zhu 2021) ACM MM 2021 89.3 - 95.2
GaRD (Zhao et al. 2021b) CVPR 2021 89.6 88.0 95.1
CMN (Deng et al. 2022) TIP 2022 88.2 87.8 94.9
ME-ASN (Zhang, Huang, and Liu 2021) TMM 2022 ResNet 89.5 - 94.8
SRGN (Wang et al. 2024b) JCV 2024 91.4 - 95.8
API-Net (Zhuang, Wang, and Qiao 2020) AAAI 2020 88.6 86.6 94.9
PART (Zhao et al. 2021a) AAAI2020 90.1 - 95.3
CAL (Rao et al. 2021) ICCV 2021 90.6 - 95.5
12-HOFI (Sikdar et al. 2025) IJCV 2025 90.1 91.0 94.3
CAP (Behera et al. 2021) AAAI 2021 Xception 91.8 91.0 95.7
SR-GNN (Rao et al. 2021) TIP 2022 P 91.9 91.2 96.1
ViT (Dosovitskiy et al. 2021) ICLR 2020 90.6%* 89.9* 93.5%
RAMS-Trans (Hu et al. 2021) ACM MM 2021 91.3 - -
AF-Trans (Zhang et al. 2022) ICASSP 2022 91.5 - 95.0
TransFG (He et al. 2022) AAAI 2022 91.7 90.8 94.8
DCAL (Zhu et al. 2022) CVPR 2022 92.0 - 95.3
SIM-Trans (Sun, He, and Peng 2022) ACM MM 2022 ViT 91.8 90.3* -
IELT (Xu et al. 2023) TMM 2023 91.8 90.8 -
MpT-Trans (Wang, Fu, and Ma 2023) ACM MM 2023 92.0 - 93.8
MP-FGVC (Jiang et al. 2024) AAAI 2024 91.8 91.0 -
HI2R (Wang, Fu, and Ma 2023) ACM MM 2024 92.5 91.5 -
GKA (Wang et al. 2025) IJON 2025 91.8 - 95.0
VMamba (Liu et al. 2024) NeurIPS 2024 Mamba 89.7 88.7 94.5
DHMamba (Ours) - Mamba 92.9 92.0 96.7

Table 1: Comparison experiments with other state-of-theart methods on CUB-200-2011, NABirds and Stanford Cars datasets.
All metrics are reported as Top-1 accuracy in percentage. Scores marked with * indicate reproduced results rather than those
provided in the original papers. The best results are highlighted in bold.

CUB-200-2011 (Wah et al. 2011). The Caltech-UCSD
Birds-200-2011 (CUB-200-2011) dataset contains 11,788
images across 200 bird species. The images exhibit high
intra-class variation and fine-grained differences in appear-
ance, making it a challenging FGVR benchmark.

NABirds (Van Horn et al. 2015). The North American
Birds (NABirds) dataset is a large-scale bird species dataset
with 48,558 images from 555 categories. NABirds dataset
has more subtle inter-class differences and a larger number
of categories.

Stanford Cars (Krause et al. 2013). The Stanford Cars
dataset consists of 16,185 images of 196 classes of cars, de-
fined at the level of make, model, and year. Each class ex-
hibits only subtle visual differences, such as variations in
grille shape, headlight structure, or body lines.

All datasets are used in image classification settings, and
we do not use any part annotations or bounding boxes.

Implementation Details

We adopt the vmambav2-base-224 model as the
backbone for our framework, which is a pre-trained variant
of VMamba trained on ImageNet-1K. This backbone uses a
patch size of 4 x 4 and an initial embedding dimension of
128. The network architecture consists of four stages with
VSSBlock layers in the configuration of [2, 2,9, 2], respec-
tively.

To ensure fair comparisons with previous works, espe-
cially those based on ViT, we resize all input images to
600 x 600 and then apply a random crop to 448 x 448 during
training. For testing, we use center cropping. Data augmen-
tation includes widely adopted techniques such as random
Gaussian blur, random grayscale conversion, random eras-
ing, and color jittering.

The model is trained using the AdamW optimizer with a
momentum of 0.9. We use a learning rate warm-up strategy
for the first 20 epochs with an initial learning rate of 5 x
10~7, which is linearly increased to the base learning rate of
5x 10~*. All models are trained for 300 epochs with a batch
size of 16 across all datasets. We do not apply Exponential
Moving Average (EMA) during testing.

For the HSA module, the number of clusters (i.e., hyper-
edges) k used during hypergraph construction is set to 20,
and ) is set to 0.5. For the DLS module, the number of
channels K is set to 10, and Ayno is set to 0.2. All experi-
ments are implemented using PyTorch and conducted on 8
NVIDIA GeForce RTX 3090 GPUs.

Comparisons with State-of-the-art Methods

As mentioned above, we conduct the extensive compar-
isons with a range of state-of-the-art FGVR methods on
three widely-used benchmarks: CUB-200-2011, NABirds
and Stanford Cars. Top-1 accuracy is adopted as the perfor-
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Ablation CUB
Backbone 89.7
w/o Hypergraph convolution (HSA) 91.7
w/o Local information gradient scanning (DLS) | 91.5
w/o Disentangled scanning (DLS) 91.0
DHMamba (Full) 92.9

Table 2: Effectiveness of different modules in DHMamba
on CUB-200-2011 dataset, where without are abbreviated
as w/o.

mance metric, and results are summarized in Table 1.

As shown in Table 1, the proposed DHMamba outper-
forms both CNN-based and Transformer-based counter-
parts, delivering superior performance across all datasets.
On CUB-200-2011, DHMamba achieves an accuracy of
92.9%, outperforming the ViT-based methods such as HI2R
(+0.4%) and DCAL (+0.9%). On NABirds, DHMamba
reaches a new state-of-the-art accuracy of 92.0%, exceed-
ing CAP (91.0%) and SR-GNN (91.2%) by a clear margin.
On the Stanford Cars dataset, DHMamba achieves a lead-
ing level of 96.7%. These results validate the strong gener-
alization ability and robustness of our model across diverse
domains.

Notably, while VMamba slightly underperforms (-0.9%
on CUB) compared to ViT as a linearly scaled encoder, our
method still outperforms ViT-based methods by incorporat-
ing hypergraph-guided mechanism and disentangled scan-
ning module, demonstrating the effectiveness of our mod-
ule on Mamba. Furthermore, our method surpasses the com-
pared methods that rely on sophisticated region localiza-
tion (Yang et al. 2018; Zhao et al. 2021a) or part-based rea-
soning (Zheng et al. 2017; Du et al. 2020).

For computational efficiency, when image resolution is in-
creased from 320 x 320 to 448 x 448, the training time mul-
tiplier for ViT is 1.77, whereas it is only 1.50 (-0.27) for our
DHMamba based on the linear complexity of Mamba. This
demonstrates that DHMamba can efficiently handle high-
resolution FGVR tasks with lower computational overhead.

Ablation Experiments

Effectiveness of Key Components. We conduct ablation
studies on the CUB-200-2011 dataset to evaluate the contri-
butions of each major component in DHMamba, as summa-
rized in Table 2.

Starting from the baseline Mamba backbone, which
achieves 89.7% accuracy, we observe significant perfor-
mance improvements after incorporating our proposed mod-
ules.

Removing the hypergraph convolution from the HSA
module,i.e., allowing embeddings to pass directly to the next
layer, resulting in a drop to 91.7%, confirming its role in cap-
turing high-order semantic relations among patches.

Furthermore, omitting either the local information gradi-
ent scanning or the disentangled scanning (both from the
DLS module) results in reduced accuracies of 91.5% and
91.0%, respectively. This demonstrates that both scanning
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Figure 4: Top-1 accuracies (ACC) of different £ in HSA
module on CUB-200-2011 dataset.

enhancements are critical for effectively modeling spatial
and semantic distinctiveness.

Notably, we observe that the disentanglement contributes
the most (+1.9%) to overall performance, as it significantly
facilitates the identification of key patches.

When all components are combined in the full DHMamba
model, we achieve the best performance, highlighting the
complementary benefits of HSA and DLS in enhancing fine-
grained visual recognition.

Influence of the Number of Clusters. As shown in Fig-
ure 4, we investigate how the number of clusters & in the
HSA module affects performance on the CUB-200-2011
dataset. Since k controls the granularity of hyperedge con-
struction in FCM clustering, it plays a crucial role in deter-
mining the quality of semantic-aware scanning.

The results show that increasing k£ from 5 initially im-
proves accuracy by enabling finer semantic partitioning.
However, when k becomes too large (exceeding 20), perfor-
mance drops sharply, which may be attributed to excessive
fragmentation of meaningful regions. The best performance
(92.92%) is achieved when k£ = 20, indicating an optimal
balance between discriminability and semantic coherence.

Conclusion

In this paper, we have proposed DHMamba, a novel Mamba-
based framework tailored for FGVR. By addressing the lim-
itations of existing methods—namely high computational
complexity and entangled representations—we introduce
Mamba to FGVR and propose two key innovations: (1) The
Local Information Gradient Scanning strategy. It integrates
hypergraph-based semantic awareness (HSA) into the scan-
ning process, enabling more targeted and informative fea-
ture extraction. (2) The Disentangled Local Scanning (DLS)
module. It allows the model to process semantically dis-
tinct regions in parallel, effectively capturing diverse, class-
specific cues. Extensive experiments across multiple FGVR
benchmarks show that the proposed DHMamba consistently
outperforms state-of-the-art methods. In future research, we
aim to achieve further advancements in both computational
efficiency and classification accuracy metrics.
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