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Abstract
Fine-grained domain generalization (FGDG) aims to learn a
fine-grained representation that can be well generalized to un-
seen target domains when only trained on the source domain
data. Compared with generic domain generalization, FGDG
is particularly challenging in that the fine-grained category
can be only discerned by some subtle and tiny patterns. Such
patterns are particularly fragile under the cross-domain style
shifts caused by illumination, color and etc. To push this fron-
tier, this paper presents a novel Hyperbolic State Space Hallu-
cination (HSSH) method. It consists of two key components,
namely, state space hallucination (SSH) and hyperbolic man-
ifold consistency (HMC). SSH enriches the style diversity for
the state embeddings by firstly extrapolating and then hallu-
cinating the source images. Then, the pre- and post- style hal-
lucinate state embeddings are projected into the hyperbolic
manifold. The hyperbolic state space models the high-order
statistics, and allows a better discernment of the fine-grained
patterns. Finally, the hyperbolic distance is minimized, so that
the impact of style variation on fine-grained patterns can be
eliminated. Experiments on three FGDG benchmarks demon-
strate its state-of-the-art performance.

Code — https://github.com/BiQiWHU/HSSH

Introduction
Visual domain generalization is a fundamental task in both
computer vision and machine learning, which handles the
scenarios when the training samples and testing samples are
not independently and identically distributed (i.i.d.). It has
been extensively studied in the past decade, which usually
assumes that the domain gap is caused by the style vari-
ation, while the content (i.e., semantic category) is stable
(Yan et al. 2020; Chen et al. 2023; Wang et al. 2023). Great
success has been witnessed in advancing the generalization
ability of a deep learning model in a variety of applica-
tions, such as semantic segmentation and object detection
(Bi, You, and Gevers 2024a,b; Zhao et al. 2022; Lee et al.
2022; Yi et al. 2024b; Bi et al. 2024b). However, learn-
ing a domain generalized model for fine-grained visual cat-
egorization, termed as Fine-grained domain generalization
(FGDG), remains less explored.
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Figure 1: In each fine-grained domain (first row), due to
the inter-category similarity, the embedding style from the
VMamba baseline (second row) is limited. The proposed
HSSH (third row) enriches the style diversity of the state em-
bedding, which benefits the robustness to unseen domains.
The x- and y- axis refers to the mean and standard deviation
value in the style space, ranging from 0 to 1.

FGDG holds both technical and practical significance.
From a technical view, in generic domain generalization, the
cross-domain content (i.e., semantic category) is stable and
easy to differentiate. However, in FGDG, the fine-grained
categories from a subordinate coarse-grained category can
only be distinguished from some subtle and tiny patterns.
This problem becomes even more challenging when the
cross-domain styles shift. The shallower features of a deep
model are sensitive to the style shift, posed by varied illu-
mination, color, structure, etc. The impact of such permuta-
tion accumulates from shallower to deeper features, making
it more difficult to perceive the subtle fine-grained patterns.
From a practical view, FGDG also deserves further study.
Existing fine-grained visual categorization (FGVC) datasets
are still small in amount (10K). A pre-trained FGVC model
is likely to encounter unseen and out-of-domain samples
when doing real-world inference.

The emerging selective state space model (SSM) (Gu
et al. 2021; Gu, Goel, and Re 2022), exemplified by the

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

1853



Lazuli Bunting

Pigeon 
Guillemo

Black Tern

Pacific Loon

Yellow Throated 
Vireo

Blue Winged 
Warbler

Florida Jay

Figure 2: Hyperbolic manifold provides a feasible path to
learn hierarchical and high-order statistics, which has po-
tential to distinguish a fine-grained category from other fine-
grained categories under the same coarse-grained category.

VMamba (Zhu et al. 2024) and Vision Mamba (Liu et al.
2024), has become a recent paradigm. It is able to exploit
the relation between local- and global- representations by
selective scan mechanism and recurrent modeling from the
patch embeddings of an image. This property makes SSM
have great potential for FGDG, as the local subtle patterns
can be handled by the selective scan mechanism and patch
embedding, while the scene content can be handled by the
recurrent modeling to exploit the long-range dependency.

In this paper, we aim to advance SSM for FGDG, by al-
lowing it to simultaneously improve the robustness to cross-
domain style shift and exploit the fine-grained semantic cat-
egory representation. To realize the first objective, we pro-
pose a state space hallucination (SSH) technique, which hal-
lucinates the state embeddings from each VMamba layer. By
implementing linear extrapolation on the per-batch state em-
beddings, it enriches the style diversity than the VMamba
baseline (shown in Fig. 1). The enriched styles allow the
state embeddings to be less sensitive to the domain shift
when inference on unseen target domains, benefiting the
learning of subtle fine-grained patterns.

To realize the second objective, a hyperbolic manifold
consistency (HMC) learning scheme is proposed. Specifi-
cally, both pre- and post- hallucinated state embeddings are
projected into the hyperbolic manifold, which is well rec-
ognized to preserve the hierarchical and high-order statis-
tics (Ganea, Bécigneul, and Hofmann 2018; Yu and De Sa
2019). The hyperbolic manifold allows the state embed-
dings from the same fine-grained semantic category to be
as close as possible, while the state embeddings from differ-
ent fine-grained categories to be as apart as possible (shown
in Fig. 2). Afterwards, the hyperbolic distance between the

pre- and post- hallucinated state embedding is minimized,
so as to alleviate the impact from cross-domain styles on
differentiating the fine-grained semantic category.

The proposed hyperbolic state space hallucination
(HSSH) method is empowered by the above two key com-
ponents, namely, SSH and HMC. Notably, it not only makes
an early exploration of how to harness SSM for FGDG,
but also of how to embed the hyperbolic manifold into
the state space. The proposed HSSH is validated on three
FGDG benchmarks. In each FGDG benchmark, two or more
fine-grained visual categorization (FGVC) datasets from the
same coarse-grained category (e.g., bird) are used as the
source and target domain, and the common fine-grained cat-
egories among these datasets are selected.

Our contributions can be summarized as follows.
• We initiate an early exploration to harness State Space

Models (SSM) for fine-grained domain generalization.
• A Hyperbolic State Space Hallucination (HSSH) method

is proposed, which innovatively embeds the hyperbolic
manifold into the selective state space.

• We propose a state space hallucination (SSH) component
to enrich the style diversity for SSM, and a hyperbolic
manifold consistency (HMC) component to learn dis-
criminative fine-grained categories under domain shift.

• Extensive experiments show that the proposed HSSH
significantly outperforms the state-of-the-art by up to
16.14%, 26.01% and 12.54% on CUB-Paintings, RS-
FGDG and Birds-31, respectively.

Related Work
Fine-grained Domain Generalization Over the past
decade, Fine-grained Visual Categorization (FGVC) have
been extensively studied (Zhao et al. 2021; Hu et al. 2021;
Du et al. 2021; Yang et al. 2022). However, these methods
assume that the training and testing images are i.i.d., which
is far from the reality. FGDG handles this challenge. Specif-
ically, a progressive learning scheme is proposed to main-
tain the consistency of fine-grained semantics for FGVC on
different domains (Du et al. 2021). A progressive adversar-
ial network (PAN) along with a curriculum-based adversar-
ial learning scheme is proposed to align fine-grained cate-
gories across domains (Wang et al. 2021). More recently, a
feature structuralization method is proposed to stabilize the
fine-grained semantics across domains (Yu et al. 2024).
Style Hallucination has been recognized as a common so-
lution to enrich style diversity (Huang and Belongie 2017;
Chen et al. 2021; Zhang et al. 2022). It has also been
widely explored in domain generalized semantic segmenta-
tion (Zhao et al. 2022; Zhong et al. 2022; Zhao et al. 2024;
Yi et al. 2024a), where the augmented styles enhance the
generalization to unseen domains that have different styles.
State Space Models (SSM) (Kalman 1960) is fundamen-
tal for various fields, and has recently shown great success
for deep representation learning (Gu et al. 2021; Gu, Goel,
and Re 2022; Gu and Dao 2023; Bi et al. 2024a). This has
led to the development of Mamba variants such as Vision
Mamba (Liu et al. 2024) and VMamba (Zhu et al. 2024) for
computer vision. Nevertheless, the generalization ability of
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Figure 3: The proposed hyperbolic state space hallucination (HSSH) is empowered by two key components, namely, state space
hallucination (SSH) and hyperbolic manifold consistency (HMC). SSH enriches the style diversity for the state embeddings by
firstly extrapolating and then hallucinating from the source images. HMC minimizes the hyperbolic distance between the pre-
and post- hallucinated samples, so that the impact from the style variation on fine-grained patterns can be eliminated.

SSM on unseen target domains, especially for fine-grained
semantic categories, remains to be explored.
Hyperbolic Manifold Learning has garnered significant in-
terest (Ganea, Bécigneul, and Hofmann 2018; Yu and De Sa
2019) and have been applied to many computer vision tasks
(Yang et al. 2023; Desai et al. 2023; Hu et al. 2024; Kong
et al. 2024; Mettes et al. 2024; Xu et al. 2023; Weber et al.
2020; Desai et al. 2023; Hu et al. 2024; Kong et al. 2024).
However, how to embed hyperbolic alignment within state
space or for FGDG remains an open question.

Methodology
Preliminaries & Overview
Given K unseen target domains D1, . . . ,DK and a single
source domain DK+1, we denote the joint image and la-
bel set within domain Dk as {(xk

n, y
k
c,n, y

k
f,n)}

Nk
n=1, where

k = 1, 2, . . . ,K , and Nk represents the number of sam-
ples in domain Dk. Here, ykc,n and ykf,n denote the coarse-
grained and fine-grained label of the sample xk

n, respec-
tively. Each sample among these domains shares a com-
mon coarse-grained category ykc,n but varies in different fine-
grained categories ykf,n. Our objective is to learn a model
fθ : xk

n → ykf,n, trained solely on the single source domain
DK+1, that generalizes to the unseen target domains.

Fig. 3 gives an overview of the proposed Hyperbolic

State Space Hallucination (HSSH) scheme. On top of the
VMamba backbone, it consists of two key components,
namely, State Space Hallucination (SSH), and Hyperbolic
Manifold Consistency (HMC). SSH enriches the style space
S and then hallucinates the state embeddings of samples
xk+1
n from the source domain DK+1. HMC projects the

pre- and post- hallucinated state embeddings into the hy-
perbolic manifolds, where they are aligned by minimizing
the geodesic distance d between hyperbolic embeddings z.
It helps promote stable representation of the fine-grained se-
mantic separability in the state space.

State Space Hallucination
For FGVC, the key challenge is to identify the subtle and
tiny fine-grained patterns that represent the fine-grained se-
mantics from numerous patches of an image. The Mamba
architecture (Gu and Dao 2023) encodes the input data into
sequences, implements the selective scan mechanism and re-
current modeling (Gu, Goel, and Re 2022) to highlight the
relevant information (Lu et al. 2024). This property has great
potential to discern the key patterns, but the robustness to
style variation needs to be enhanced for cross-domain sce-
nario. The state space hallucination (SSH) component is pro-
posed to push this frontier.

The Vision Mamba encoder (Zhu et al. 2024) con-
sists of four blocks from shallow to deep. Assume the
state embeddings from the i-th block are denoted as

1855



Fi ∈ RB×Ci×Hi×Wi , where Ci, Hi,Wi denote the chan-
nel, height and width of a patch, respectively. Following the
existing definition (Huang and Belongie 2017; Chen et al.
2021; Zhang et al. 2022), the style of the state embeddings
is quantified by computing the channel-wise mean µ and
standard deviation σ. Specifically, given a batch of sam-
ples from the source domain {xn}Bn=1, where B denotes the
batch size, the channel-wise mean µi ∈ RB×Ci and devia-
tion σi ∈ RB×Ci can be mathematically computed as:

µi =
1

HiWi
Fi,

σi =

√
1

HiWi

∑
h,w∈Hi,Wi

(Fi − µi)(Fi − µi)T. (1)

As shown in Fig. 1b, the style distribution of the state
embeddings is highly constrained in the style space S ⊂
R[0,1]×[0,1], where the upper and lower slopes (green lines)
are relatively close to each other. Such limited diversity
makes it less generalized to unseen target domains with dif-
ferent styles. To handle this, we enrich its diversity by style
hallucination, which enlarges the differences between the
upper and lower slopes (in Fig. 1c). The general idea is to
introduce another slope in S to represent the hallucinated
styles without prior knowledge of other domains. Consider-
ing (µi

j,k,σ
i
j,k) as samples points, where 0 ≤ j ≤ B, 0 ≤

k ≤ Ci, we approximate the slope value γi from the sam-
ples in a batch {xn}Bn=1 by the least square method:

γi =

∑B
j=1

∑Ci

k=1(µ
i
j,k − µ̄i)(σi

j,k − σ̄i)∑B
j=1

∑Ci

k=1(µ
i
j,k − µ̄i)2

, (2)

where µ̄i and σ̄i denote the average values of µi and σi.
Then, the style range is expanded by altering the slope

value and sampling style points on the line of the new slope.
We calculate the maximum slope maxγi and the minimum
slope minγi of the original state embeddings. Then, we
sample new points on the expanded style regions with a
broader range of slope values (min γ̃ ≤ γ̃ ≤ max γ̃) by
min γ̃ = 2minγ −maxγ and max γ̃ = 2maxγ −minγ.
Here, the new style slopes are sampled with random slope
γ̃ ∼ [min γ̃,max γ̃]. Then we obtain hallucinated features
F̃i from sampled points (µ̃i, σ̃i), given by:

F̃i = σ̃iF
i − µi

σi
+ µ̃i. (3)

Hyperbolic Manifold Consistency
The enrichment of style diversity does not necessarily en-
sure that the state space can precisely discern the subtle and
tiny fine-grained patterns from a number of image patches.
To address this issue, we further project the state embed-
dings into the hyperbolic manifold, which is well recog-
nized to represent the hierarchical and high-order informa-
tion (Ganea, Bécigneul, and Hofmann 2018; Yu and De Sa
2019). This property allows the samples from different fine-
grained categories to fall apart. We propose Hyperbolic
Manifold Consistency (HMC) to constrain the pre- and post-

hallucinated style embeddings, so that the fine-grained rep-
resentation can be consistent despite the style shift.

Specifically, let the hallucinated features from the four en-
coder blocks are denoted as F̃1, F̃2, F̃3 and F̃4, respectively.
On the other hand, Poincaré ball is selected to as the con-
sistency manifold since it has been widely utilized in com-
puter vision community. The Poincaré ball model is charac-
terized by the pair (Bn

c , g
B
c ), where the manifold is defined as

Bn
c = {x ∈ Rn : c∥x∥2 < 1}. As the fine-grained patterns

exist in the Euclidean space, a transformation is needed to
work within the hyperbolic space of the Poincaré ball. This
objective is achieved by mapping the state embedding Fi

using the exponential map centered at a reference point v:

expcv(F
i) = v ⊕c

(
tanh

(√
c∥Fi∥
2

)
Fi

√
c∥Fi∥

)
, (4)

where ⊕c denotes the Möbius addition, given by

v⊕cw =
(1 + 2c⟨v, w⟩+ c∥w∥2)v + (1− c∥v∥2)w

1 + 2c⟨v, w⟩+ c2∥v∥2∥w∥2
. (5)

Practically, the point v is often taken as the origin. The
exponential map expression can be simplified as

exp0(F
i) = tanh(

√
c∥Fi∥)

(
Fi

√
c∥Fi∥

)
. (6)

Let zi ∈ RB×C×Hi×Wi , z̃i ∈ RB×C×Hi×Wi denote the
hyperbolic embedding of the pre-hallucinated state embed-
ding Fi and the post-hallucinated state embedding F̃i, the
projection to the Poincaré hyperbole (by Eq. 6) can be re-
formulated as zi = exp0(F

i), z̃i = exp0(F̃
i). Then, the

hyperbolic distance dh can be calculated as

dh(z
i, z̃i) =

2√
c
tanh−1

(√
c
∥∥∥−zi ⊕c z̃

i
∥∥∥) , (7)

where c is a hyperparameter that controls the radius of the
hyperbolic space, and by default it is set to 0.1. To ensure
that the fine-grained representation is consistent between the
pre- and post- hallucinated hyperbolic embeddings, we de-
vise a hyperbolic manifold consistency loss:

LHMC =

dh(z
i, z̃i) +

1

NS

∑
(i,j)∈S

dh(z
i, zj)

 , (8)

where S denotes the set of sample pairs (zi, zj) that be-
long to the same coarse-grained category, and NS denotes
the number of these pairs.

Implementation Details
The pre- and post- hallucinated state embeddings F4

c and F̃4
c

from the last block of the VMamba encoder are fed into the
classifier ϕ(·), optimized by the classification loss function
Lcls and L̃cls, respectively. ϕ(·) is a linear layer with an in-
put/output dimension of 768/category number, respectively.
Assume that C represents the category number. Then, the
classification loss is defined as

Lcls = − 1

B

B∑
i=1

C∑
j=1

yi,j log(ϕ(F
4)i,j). (9)
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The total loss L is a linear combination between the
classification loss and the hyperbolic manifold consistency
LHMC , given by

L = Lcls + L̃cls + λLHMC , (10)

where λ is a hyper-parameter used to balance semantic con-
sistency in the state space and hierarchical consistency in the
hyperbolic space. Empirically, λ is set to 0.5.

For all experiments across the three FGDG settings, the
Adam optimizer is employed with a learning rate of 1 ×
10−4, and momentum parameters set to 0.9 and 0.99. The
training process spans 100 epochs.

Experiments
Dataset and Evaluation Protocols
CUB-Paintings encompasses two domains: Caltech-UCSD
Birds-200-2011 (CUB-200-2011, denoted as C) (Wah et al.
2011) and CUB-200-Paintings (CUB-P, denoted as P)
(Wang et al. 2020). CUB-200-2011 contains 11,788 images
across 200 bird subcategories. CUB-P shares the same cate-
gorization system and includes 3,047 images featuring artis-
tic representations such as watercolors, oil paintings, pencil
drawings, stamps, and cartoons. These datasets exhibit no-
table domain shifts due to different styles. Furthermore, both
domains can be grouped into 38 coarse categories.
RS-FGDG comprises two domains: Million-AID (Long
et al. 2021) (MAID, denoted as M) and NWPU-RESISC45
(Cheng, Han, and Lu 2017) (NWPU, denoted as N). Million-
AID contains 1,000,848 scenes organized into 51 fine-
grained categories. NWPU includes 31,500 images across
45 scene classes, each with 700 images. For domain gen-
eralization, the 22 common fine-grained categories from 8
coarse-grained categories are used.
Birds-31 comprises three domains: Caltech-UCSD Birds-
200-2011 (CUB-200-2011, denoted as C) (Wah et al. 2011),
NABirds (denoted as N) (Van Horn et al. 2015), and iNatu-
ralist2017 (iNat2017, denoted as I) (Van Horn et al. 2018).
NABirds consists of 555 categories, with a total of 48,562
images. iNat2017 contains 859,000 images spanning over
5,000 species of plants and animals. For FGDG, 31 common
categories were selected, resulting in a total of 7,693 images,
with 1,848 from CUB-200-2011, 2,988 from NABirds, and
2,857 from iNat2017. These fine-grained categories are con-
solidated into four coarse-grained categories.

In line with previous studies (Yang et al. 2022; Hsu et al.
2023; Song, Sebe, and Wang 2023), top-1 accuracy is used
as the evaluation metric on unseen target domains.

Comparison with SOTA
The compared methods include: 1) generic domain gener-
alization methods that are not especially devised for fine-
grained images, namely, ARM (Zhang et al. 2020), DANN
(Ganin et al. 2016), MLDG (Li et al. 2018), GroupDRO
(Sagawa et al. 2019), CORAL (Sun and Saenko 2016), Sag-
Net (Nam et al. 2021), MixStyle (Zhou et al. 2021), Mixup
(Yan et al. 2020), RIDG (Chen et al. 2023), SAGM (Wang
et al. 2023), MIRO (Cha et al. 2022), SDViT (Sultana et al.
2022), and GMoE (Li et al. 2023); 2) domain adaptation

Method C → P P → C Avg Params
ResNet-Based:
DP-Net* (DA) 65.22 47.81 56.52 103M

PAN* (DA) 67.40 50.92 59.16 103M
ARM 47.98 31.53 39.76 24M

DANN 54.06 37.09 45.57 24M
MLDG 55.40 34.15 44.78 23M

GroupDRO 54.94 35.67 45.31 23M
CORAL 54.70 35.29 45.00 23M
SagNet 56.33 36.71 46.52 24M

MixStyle 52.97 28.44 40.71 23M
Mixup 54.58 34.66 44.62 23M
RIDG 36.41 24.11 30.26 24M
SAGM 57.83 37.16 47.50 23M
MIRO 56.29 41.28 48.79 47M
FSDG 61.77 48.43 55.10 49M

ViT-Based:
SDViT 58.43 46.48 52.46 23M
GMoE 60.70 48.13 54.42 34M

VMamba-Based:
VMamba 65.01 61.93 63.47 33M

HSSH (Ours) 67.48 64.57 66.03 35M

Table 1: Performance comparison of the proposed HSSH
and existing methods on the Cub-Paintings dataset.*: Tar-
get domain is available when training.

Method M → N N → M Avg Params
ResNet-Based:
DP-Net* (DA) 59.27 62.01 60.64 103M

PAN* (DA) 59.42 62.15 60.79 103M
ARM 47.84 29.62 38.73 24M

DANN 56.01 35.37 45.69 24M
MLDG 56.92 35.95 46.44 23M

GroupDRO 52.14 34.06 43.10 23M
CORAL 54.47 33.90 44.18 23M
SagNet 57.91 32.58 45.24 24M

MixStyle 53.74 27.45 40.60 23M
Mixup 50.91 36.13 43.52 23M
RIDG 51.95 43.88 47.92 24M
SAGM 56.82 39.59 48.20 23M
MIRO 55.82 39.86 47.84 47M
FSDG 57.35 50.68 54.02 49M

ViT-Based:
SDViT 54.57 48.76 51.67 23M
GMoE 56.72 50.61 53.67 34M

VMamba-Based:
Vmamba 60.14 73.55 66.85 33M

HSSH (Ours) 62.60 76.69 69.65 35M

Table 2: Performance comparison of the proposed HSSH
and existing methods on the remote sensing dataset. *: Tar-
get domain is available when training.

fine-grained methods, namely, PAN (Du et al. 2021) and DP-
Net (Wang et al. 2021); 3) domain generalized fne-grained
methods FSDG (Yu et al. 2024).
Results on CUB-Paintings are presented in Table 1. The
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Method C → I C → N I → C I → N N → C N → I Avg Params
ResNet-Based:
DP-Net* (DA) 68.37 82.66 90.20 87.52 91.47 75.13 82.56 103M

PAN* (DA) 69.79 84.19 90.46 88.10 92.51 75.03 83.34 103M
ARM 50.51 71.25 77.38 74.20 84.74 59.82 69.65 24M

DANN 52.75 71.82 80.79 73.59 85.55 61.53 71.01 24M
MLDG 53.55 72.19 80.74 74.83 85.61 61.95 71.48 23M

GroupDRO 52.61 70.78 81.87 74.40 86.26 61.32 71.21 23M
CORAL 54.64 72.93 81.01 74.97 86.10 62.51 72.03 23M
SagNet 53.66 71.75 81.39 74.13 85.66 62.06 71.44 24M

MixStyle 49.95 69.04 74.46 6834 83.60 57.12 67.09 23M
Mixup 52.36 71.65 82.36 75.17 85.61 62.34 71.58 23M
RIDG 47.15 66.71 82.47 73.63 85.77 60.98 69.45 24M
SAGM 54.04 73.63 82.96 77.01 87.88 63.49 73.17 23M
MIRO 54.39 74.87 82.36 75.34 86.42 62.48 72.64 47M
FSDG 66.70 83.29 89.97 87.33 92.20 74.34 82.31 49M

ViT-Based:
SDViT 62.21 79.91 86.58 82.87 88.26 69.64 78.25 23M
GMoE 64.86 82.45 89.07 85.76 90.92 73.59 81.11 34M

VMamba-Based:
VMamaba 77.98 87.05 92.76 92.00 93.86 85.80 88.24 33M

HSSH (Ours) 80.43 90.39 95.25 94.33 96.17 87.57 90.69 35M

Table 3: Performance comparison of the proposed HSSH and existing methods on the Brids-31 dataset. *: Target domain is
available when training.

Backbone SSH HMC C → P P → C Avg
✓ 65.01 61.93 63.47
✓ ✓ 66.42 63.29 64.86
✓ ✓ ✓ 67.48 64.57 66.03

Table 4: Ablation study on each component of the proposed
HSSH. Classification accuracy presented in percentage (%).

F 1 F 2 F 3 F 4 C → P P → C Avg
✓ 64.78 61.96 63.53
✓ ✓ 66.02 62.37 64.20
✓ ✓ ✓ 66.81 63.28 65.05
✓ ✓ ✓ ✓ 67.48 64.57 66.03

Table 5: Ablation studies on each stage of SSH. Classifica-
tion accuracy presented in percentage (%).

proposed HSSH outperforms all other approaches, even sur-
passing domain adaptation (DA) methods that have access to
target domain images. Compared to the second-best FGDG
method FSDG, HSSH shows an accuracy improvement of
5.71% and 16.14% in the C→P and P→C settings. Addi-
tionally, by expanding the style in the state space and hier-
archically alignment in hyperbolic space, HSSH further en-
hances VMamba’s performance to achieve improvements of
2.47% and 2.64% in the two respective settings.
Results on RS-FGDG are presented in Table 2. The re-
mote sensing fine-grained classification task is more chal-
lenging compared to CUB-Paintings due to the complexity
of spatial distributions and varying resolutions, leading to

Baseline HSSH (Ours)
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Figure 4: t-SNE feature visualization. Blue: source domain;
Red: unseen target domain. Different types of icon refer to
different fine-grained categories.

a noticeable limited performance for DG methods. Despite
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RS-DGFGCUB-Paintings Birds-31

Figure 5: Heatmap visualization of the proposed HSSH on unseen target domains by GradCAM.

this, VMamba achieves the second-best performance in DG
method, outperforming FSDG by 5.25% and 26.01% in the
M→N and N→M settings, respectively. However, VMamba
does not surpass the DA methods DP-Net and PAN. The pro-
posed HSSH scheme demonstrates superior performance,
achieving improvements of 2.46% and 3.14% over VMamba
and even outperforming DA methods without access to any
target domain when training.
Results on Birds-31 are presented in Table 3. The experi-
ments were conducted across six different settings spanning
three domains. The Birds-31 setup involves three natural im-
age datasets with relatively smaller domain gaps, leading to
higher performance for both DG and DA methods. The pro-
posed HSSH achieves state-of-the-art results in all settings,
outperforming the best DA method PAN, with improve-
ments of 10.64%, 6.20%, 4.79%, 3.36%, 12.54%, and 7.35%
for C→I, C→N, I→C, I→N, N→C, and N→I, respectively.
Notably, the average accuracy has been improved by 8.38%
compared to the second-best FGDG method FSDG.

Ablation Study
On Each Component. The proposed HSSH consists of the
VMamba backbone, state space hallucination module and
hyperbolic manifold consistency, which we denote as back-
bone, SSH and HMC, respectively. For ablation studies,
when implementing each component, the corresponding loss
function is also implemented. The results under the CUB-
Paintings settings are shown in Table 4. Specifically, when
SSH is utilized, the classification accuracy improvement is
1.41%, 1.36%, and 1.39% under C→P, P→C, and the aver-
age setting, respectively, compared to using Lcls alone for
FGDG. The use of HMC further improves the classifica-
tion accuracy by 1.06%, 1.28%, and 1.17%, demonstrating
the positive impact of hierarchical hyperbolic embedding on
fine-grained representation.
On Hallucinated Stage. The hallucinated features F̃1, F̃2,
F̃3, and F̃4 expand the style space at different stages within
the state space. An ablation study is conducted on each
stage. As shown in Table 5, hallucinating across all scales
yields optimal performance on the CUB-Paintings. Notably,

expanding the style space at the final stage F4 is most criti-
cal, resulting in improvements of 0.67%, 1.29%, and 0.98%
under the C→P, P→C, and average setting, respectively.

Visualization
On Feature Space. To inspect if HSSH alleviates the gap
between each fine-grained domain over the VMamba base-
line, we extract the state embeddings from both the source
and unseen target domains. Then, we display them by t-SNE
feature visualization, and the results are shown in Fig. 4.
For all experiments, blue and red points refer to the sam-
ples from the source and unseen target domain, respectively.
HSSH allows a more uniform mixture between the source
and target domain samples than the VMamba baseline. This
indicates its effectiveness to handle the problem of FGDG.
On Activated Patterns. Following the visualization of prior
FGVC methods, GradCAM is used to visualize the features
from the proposed HSSH. The results are displayed in Fig. 5.
Overall, the proposed HSSH is able to discern the subtle and
tiny fine-grained patterns on the unseen domains from all the
three benchmarks, demonstrating its effectiveness.

Conclusion
In this paper, we propose a novel Hyperbolic State Space
Hallucination (HSSH) scheme for fine-grained domain gen-
eralization (FGDG). It makes an earlier exploration on not
only harnessing state space model (SSM) for FGDG, but
also modeling the hyperbolic selective state space. The pro-
posed HSSH consists of two key components, namely, state
space hallucination (SSH) and hyperbolic manifold consis-
tency (HMC). SSH enriches the style diversity by firstly ex-
trapolating and then hallucinating the style of the state em-
beddings. HMC minimizes the hyperbolic distance between
the pre- and post- style hallucinate images, which benefits
the discernment of fine-grained patterns despite the cross-
domain styles. Finally, HMC minimizes the hyperbolic dis-
tance, so that the impact from the style variation on fine-
grained patterns can be eliminated. Extensive experiments
across three FGDG benchmarks demonstrate the state-of-
the-art performance of the proposed HSSH.
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