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

DGFamba: Learning Flow Factorized State Space for
Visual Domain Generalization

Qi Bi'*, Jingjun Yi'*, Hao Zheng'’, Haolan Zhan?, Wei Ji’, Yawen Huang', Yuexiang Li*

1Jarvis Research Center, Tencent YouTu Lab, ShenZhen, China
2Faculty of Information Technology, Monash University, Melbourne, Australia
3School of Medicine, Yale University, New Haven, United States
“Faculty of Science and Technology, University of Macau, Macau
{q-bi, rsjingjuny } @whu.edu.cn, howzheng @tencent.com, yuexiang.li@ieee.org

Abstract

Domain generalization aims to learn a representation from the
source domain, which can be generalized to arbitrary unseen
target domains. A fundamental challenge for visual domain
generalization is the domain gap caused by the dramatic style
variation whereas the image content is stable. The realm of
selective state space, exemplified by VMamba, demonstrates
its global receptive field in representing the content. However,
the way exploiting the domain-invariant property for selec-
tive state space is rarely explored. In this paper, we propose
a novel Flow Factorized State Space model, dubbed as DG-
Famba, for visual domain generalization. To maintain domain
consistency, we innovatively map the style-augmented and
the original state embeddings by flow factorization. In this la-
tent flow space, each state embedding from a certain style is
specified by a latent probability path. By aligning these prob-
ability paths in the latent space, the state embeddings are able
to represent the same content distribution regardless of the
style differences. Extensive experiments conducted on vari-
ous visual domain generalization settings show its state-of-
the-art performance.

Introduction

In many real-world scenarios, the distributions between the
source and target domains are not independently and iden-
tically distributed (i.i.d). Visual domain generalization han-
dles the domain shift. It learns an image representation ex-
tracted from the source domain images, and aims to general-
ize to arbitrary unseen target domains (Perry, Von Kiigelgen,
and Scholkopf 2022; Fang et al. 2020; Hendrycks et al.
2021; Geirhos et al. 2021). Its key challenge lies in the do-
main gap caused by the dramatic style variation whereas the
cross-domain image content is stable.

Visual domain generalization has been extensively stud-
ied in the past decade. A variety of advanced machine learn-
ing techniques (Sagawa et al. 2019; Krueger et al. 2021;
Huang et al. 2020; Blanchard et al. 2021; Zhou et al. 2024;
Nam et al. 2021) have been proposed to eliminate the impact
of cross-domain styles. However, these methods rely heav-
ily on the convolutional neural network (CNN) (He et al.
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Figure 1: General idea of the proposed DGFamba. The la-
tent flow space aligns the probability path between the pre-
and post- style augmented state embeddings to enhance the
robustness to the style change.

2016) as the image encoder, which has a limited local re-
ceptive field. Since the local receptive field is more sensitive
to the style variation and less expressive to the global-wise
image content, modern domain generalization methods (Sul-
tana et al. 2022; Li et al. 2023) have shifted the image en-
coder from CNN to Vision Transformer (ViT) (Dosovitskiy
et al. 2020), which is more capable to represent the image
content owing to the self-attention mechanism.

More recently, selective state space model (SSM), exem-
plified by VMamba (Liu et al. 2024) and Vision Mamba
(Zhu et al. 2024), has become the new paradigm for visual
representation learning. SSM converts the image into patch
sequences and exploits the visual information from recurrent
modeling, which demonstrates a more global receptive field
to represent the content. Such property provides a new fea-
sible path for visual domain generalization, where a robust
image content representation is critical. However, the selec-
tive scanning is implemented in a fixed way regardless of
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Figure 2: Performance on unseen domains (classification ac-
curacy in %) v.s. trainable parameter number (in million,
M). The proposed DGFamba outperforms the state-of-the-
art methods.

the image features from different domains, which are usu-
ally distributed differently in the feature space. It may not
necessarily learn a consistent state embedding before and
after the style augmentation. Therefore, our question arises:
How to ensure that the selective state space is invariant to
the cross-domain style shift?

In this paper, we propose a flow factorized state space
model, dubbed as DGFamba, for visual domain generaliza-
tion. Its general idea is to maintain the global receptive field
of SSM to represent the content while at the same time em-
power SSM with style-invariant property. Specifically, we
introduce flow factorization (Song et al. 2023b,a), which
maps the state embeddings between two styles by a prob-
ability path in the latent flow space (illustrated in Fig. 1).
By aligning the probability paths between the pre- and post-
style augmented state embeddings, the selective state space
is able to represent the same content distribution regardless
of the style differences.

The proposed DGFamba consists of three key compo-
nents, namely, state style randomization, state flow encod-
ing, and state flow constraint. Specifically, before the se-
lective scanning and recurrent modeling, the state style ran-
domization maximizes the style diversity of the state embed-
ding. The style, parameterized by mean and standard devia-
tion (Huang and Belongie 2017), is randomly sampled from
a uniform distribution. Then, the state flow encoding compo-
nent projects the pre- and post- style hallucinated state em-
beddings into the latent flow space, and factorizes their latent
probability path. Finally, the state flow constraint aligns the
latent probability path between the pre- and post- halluci-
nated state embeddings, so that the property of style invari-
ant is achieved.

Our contributions can be summarized as follows.

* We conduct an initial exploration of harnessing SSM for
visual domain generalization, and propose a flow factor-
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ized state space modeling method (DGFamba).

* We introduce the flow factorization to represent the pre-
and post- style hallucinated state embedding, which the-
oretically warrants the style invariant property of SSM.

* Experiments demonstrate that the proposed DGFamba
not only significantly outperforms existing CNN and ViT
based methods, but also surpasses the contemporary DG-
Mamba by up to 1.5% in top-1 accuracy.

Related Work

Mamba and Vision Mamba. Selective State Space Mod-
eling (SSM), exemplified by Mamba and its variations (He
et al. 2024; Li et al. 2024; Liu et al. 2024; Wang et al. 2024;
Xiao et al. 2023; Bi et al. 2024a), is an emerging represen-
tation learning tool, which possesses global receptive fields
with only linear complexity. In the field of computer vision,
VMamba (Liu et al. 2024) and Vim (Zhou et al. 2021) are
pioneering works that adapt SSM for visual representation
learning.

Domain Generalization. Most prior works use CNN as
their backbone. A variety of machine learning techniques,
such as empirical risk minimization (Xu et al. 2021; Huang
et al. 2020), domain alignment (Wang et al. 2023; Nam et al.
2021; Wang et al. 2022; Zhang et al. 2022), domain aug-
mentation (Zhou et al. 2020, 2024), ensemble learning (Kim
etal. 2021; Chen et al. 2022; Chu et al. 2022), frequency de-
coupling (Bi, You, and Gevers 2024a; Yi et al. 2024; Bi, You,
and Gevers 2024b; Bi et al. 2024b), and meta learning (Dou
etal. 2019; Du et al. 2020; Zhao et al. 2021), have been pro-
posed. Vision Transformer has demonstrated its superiority
in visual domain generalization (Noori et al. 2024; Zhang
et al. 2022). Techniques such as mixture of experts (Li et al.
2023) and token-wise stylization (Noori et al. 2024) have
been studied. More recently, (Long et al. 2024) made an ear-
lier exploration to harness SSM for this task. However, the
proposed DGMamba (Long et al. 2024) only focused on im-
proving the hidden space and patch embedding. The style
invariant property, which is crucial for visual domain gener-
alization, remains unaddressed.

Flow Factorization (Song et al. 2023b,a), as an emerging
representation learning tool, holds a unique position to un-
derstand both disentangled and equivalent representations.
Inspired by the general idea that the representation distribu-
tion is encouraged to be factorial without substantially af-
fecting the quality (Kim and Mnih 2018), the probability
of each transformation is modeled as a flow by the gradi-
ent field of some learned potentials following fluid mechan-
ical dynamic optimal transport. However, to the best of our
knowledge, flow factorization has so far rarely been explored
in the context of domain generalization, especially for the
style invariant properties.

Methodology

Fig. 3 gives an overview of the proposed DGFamba, which
consists of three key components, namely, state style ran-
domization (SSR), State Flow Encoding (SFE), and State
Flow Constraint (SFC), respectively.
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Figure 3: The proposed flow factorized state space model, dubbed as DGFamba, consists of three key components, namely,
State Style Randomization, State Flow Encoding, and State Flow Constraint.

State Style Randomization
Backbone & State Embedding. We use the VMamba (Liu
et al. 2024) as the backbone, assuming it consists of N se-
quential layers from four feature blocks, denoted as L1, Lo,
, L. For each layer, the output state embedding is de-
noted as f;.
State Style Representing. The state embedding f, from a
certain layer L; (¢ = 1,2,---, N) is supposed to general-
ize well to unseen target domains, where the dramatically
different style variation leads to the distribution shift. To re-
alize this objective, the first step is to quantify and represent
the style. Following the common definition of style (Huang
and Belongie 2017), the channel-wise mean g, and standard
deviation o; is used to quantize the style of f;, given by

1< 1<
Nizgczz:lff, o = 5;(ﬁ—ﬂi)2~ ey

where C' denotes the channel size. After normalization, the
per-channel mean and standard deviation value ranges from
0 to 1, denoted as i; ., € RI%! and o ,,, € RO,
Style Randomization. The model can learn the styles only
from the source domain. To enrich the style diversity, we
hallucinate the state embedding f, and generate the style
augmented state embedding f, with a random style. Specif-
ically, we randomize the hallucinated styles [z, 5;]" from
the entire style space S C RI-1*[0:1];

ﬁz’,m ~ [O) 1]a &i,m ~ [07 1]

@
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State Embedding Stylization. The randomized styles
[[;,0;)T are injected into the original state embedding by
AdalN (Huang and Belongie 2017), computed as
fimvi g

9

fi

=0;-

3)

State Flow Encoding

After enriching the state style, how to learn a state embed-
ding invariant to pre- and post- hallucinated styles is the key
bottleneck. To address this, we introduce flow factorization
(Song et al. 2023b,a), a recent representation disentangle-
ment tool, to model the state embedding probability from
each style as a flow by the gradient field in the latent space.
The mechanical dynamic optimal transport of the factorized
flows allows the state embedding to be invariant to the styles.

Generating Flow Embeddings. Both f, and f, are mapped
to a latent embedding z; and z; in the latent flow space by a
Variational Auto-Encoder (VAE). The architecture of VAE,
for simplicity, directly follows (Song et al. 2023a).

Prior State Flow Factorization. The prior flow maps the
transformation from the original state embedding z; to the
hallucinated state embedding z;. Assume there are a total
of T steps in the factorization, the prior state flow can be
factorized to T terms, given by

!

P(zi,gi):p(gzo Zzo\zzo HP z1t|zzt 1 (Zi,t|5i,t)-
t=1
4)



Prior State Flow Evolution. The prior flow evolves from
the original state embedding to the hallucinated state em-
bedding, which allows the probability density of the flow
to be defined by the factorization. The conditional update
p(Zi,t|Zi,t—1) is computed under a continuity equation form,
given by Ap(%;) = —V - (p(%,)Vib(3:)). Here, Vi5(Z;) de-
notes the induced velocity field, which is adverted by the
potential function v on the probability density p(z;). As
the discrete particle evolution on the density is modeled as
Zit = [(Zit—1) = Zit—1 + Vz¢(Zi 1), the conditional
update of the prior flow evolution is computed as

df (Zii—1) -1
dz;+ '

P(Zitlzii—1) = p(Zit—1)] %)
The diffusion equation 1) = —Dlogp(Z; +), which repre-
sents the random trajectories with a minimum of informative

prior, allows the prior flow to be evolved as
0p(Ziz) = =V - (p(Z14) V) = DV?p(Zi0),

where D is a constant coefficient.

Posterior State Factorization. In contrast to the prior flow,

the posterior flow maps the approximation from the latent

embedding of the hallucinated state z; to the latent embed-

ding of the original state z;. The posterior flow can be fac-
torize as

(6)

T
Q(g'L'z ) — q zz O|Z’LO H zz t|zzt 1

(N

Posterior State Evolution. Same as the prior flow evolu-
tion of the token features, the continuity equation is used to
model the posterior flow evolution. Specifically, given the

particle evolution function 2z, ;, = ¢(Z;-1) = Zit—1 +
Vzu, it is mathematically computed as

5.5 dg(Zii 1)
q(Zi4lZie-1) = q(Ziz-1) M| L

dzi,tfl

®)

After discretizing the above equation and implementing
the logarithm operation, Eq. 8 can be mathematically re-
formulated as

logq(Zi¢|Zii—1) = logq(Zi1—1) — log|1 + V%u| 9)

State Flow Constraint

After modeling the original state embedding and the hallu-
cinated state embedding by the prior and posterior flow, it is
necessary to constrain them in the latent flow space, so that
both state embeddings are enforced to learn the same repre-
sentation despite style variance. In flow factorization (Song
et al. 2023b,a), this constraint is realized by the latent poste-
rior with the optimal transport path.

Definition 1. Benamou-Brenier Formula. Given two prob-
ability measures [ and py, their L2 Wasserstein distance is
defined by

Wa (o, f11)? mln{// (z,t)|v(z,t)|*dzdt}. (10)
where the density p and the velocity v satisfy:

d t

WD G- (o, pla 1)), v(.1) = Tular ). (D)
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Specifically, when Vu satisfies certain partial differen-
tial equation (PDE), the probability density evolution be-
tween the original state embedding and the hallucinated state
embedding can be minimized by the L2 Wasserstein dis-
tance. The generalized Hamilton-Jacobi (HJ) equation (i.e.,
dyu + 1/2]|Vu||? < 0) determines the optimality condition
of the velocity. Consequently, the posterior flow of the state
embedding is supposed to satisfy the HJ equation with an
external driving force, given by
&U(zi,t)ﬁ*iHVEiu(Zi,t)H = f(ziat) S't'f(ziat) <0.

(12)

To realize the negative constraint of this external force
f(Z;,t), a MLP is used for parameterization, given by
f(zi,t) = —MLP([2;;t])%. For simplicity, the MLP we
use for f(Z;,t) shares the same architecture as u(Z;,t)
does. The above PDE constraint is realized by a physics-
informed neural network loss (Raissi, Perdikaris, and Karni-

adakis 2019), given by

1<~ 8 1
7 _ - . = ~ I~ 2
Ly =7 ;ﬁ(;tU(zz,t) +511VzuZ ]|

— (Z:,0)* +1[Vu(Z0,0)]P%,

(13)

where the first term allows the flow to be constrained by the

HIJ equation, and the second term matches the initial condi-
tion. This constraint allows the posterior flow from the origi-
nal state embedding and the hallucinated state embedding to
be optimally aligned, so that the impact caused by the style
variation is eliminated.

Implementation Details

The proposed DGFamba uses VMamba (Liu et al. 2024) as
the backbone. The initial weights of VMamba have been
pre-trained on ImageNet (Deng et al. 2009). The image en-
coder consists of four blocks, with a number of 2, 2, 4 and 2
VMamba layers. The proposed three key steps are integrated
into each of these VMamba layers. The total loss L is a linear
combination between the classification loss £;s and the HJ
loss L7 7 defined in Eq. 13, given by £ = »Ccls'i_Z?Ll

For fair evaluation with DGMamba (Long et al. 2024),
the configuration settings keep the same. The training ter-
minates after 10000 iterations, with a batch size of 16 per
source domain. The AdamW optimizer is used for optimiza-
tion, with a momentum value of 0.9 and an initial learning
rate of 3 x 10~%. In addition, the cosine decay learning rate
scheduler is adapted.

Experiments
Datasets & Evaluation Protocols

Datasets. Our experiments are conducted on four visual do-
main generalization datasets. Specifically, PACS (Li et al.
2017) consists of 9,991 samples from four domains.
VLCS (Fang, Xu, and Rockmore 2013) consists of a to-
tal number of 10,729 samples from four domains. Office-
Home (Venkateswara et al. 2017) consists of 15,588 sam-
ples from four different domains. Terralncognita (Beery,



Target domain

Method Venue Params. Art Cartoon Photo Sketch Ave.(T)
ResNet-50 Based:
GroupDRO ICLR 2019 23M 83.5 79.1 96.7 78.3 84.4
VREXx ICML 2021 23M 86.0 79.1 96.9 77.7 84.9
RSC ECCV 2020 23M 85.4 79.7 97.6 78.2 85.2
MTL JMLR 2021 23M 87.5 77.1 96.4 77.3 84.6
Mixstyle ICLR 2021 23M 86.8 79.0 96.6 78.5 85.2
SagNet CVPR 2021 23M 87.4 80.7 97.1 80.0 86.3
ARM NeurIPS 2021 23M 86.8 76.8 97.4 79.3 85.1
SWAD NeurIPS 2021 23M 89.3 83.4 97.3 82.5 88.1
PCL CVPR 2022 23M 90.2 83.9 98.1 82.6 88.7
SAGM CVPR 2023 23M 87.4 80.2 98.0 80.8 86.6
iDAG ICCV 2023 23M 90.8 83.7 98.0 82.7 88.8
GMDG CVPR 2024 23M 84.7 81.7 97.5 80.5 85.6
DeiT-S Based:
SDViT ACCYV 2022 22M 87.6 82.4 98.0 77.2 86.3
GMOoE ICLR 2023 34M 89.4 83.9 99.1 74.5 86.7
VMamba Based:

DGMamba MM 2024 31IM 91.3 87.0 99.0 87.3 91.2
DGFamba AAAI 2025 31IM 92.6 89.4 99.7 88.8 92.6

Table 1: Performance comparison between the proposed DGFamba and existing methods on PACS dataset. M: in million.

Method - TarIiget don;am > Ave.(1)
ResNet-50 Based.:
GroupDRO 97.3 634 69.5 76.7 76.7
VREXx 984 644 741 762 78.3
RSC 97.9 625 723 75.6 77.1
MTL 97.8 643 71.5 753 77.2
Mixstyle 98.6 645 72.6 75.7 77.9
SagNet 979 645 714 715 77.8
ARM 98.7 63.6 713 76.7 77.6
SWAD 98.8 633 753 792 79.1
PCL 99.0 63.6 73.8 75.6 78.0
SAGM 99.0 652 75.1 80.7 80.0
iDAG 98.1 627 699 77.1 76.9
GMDG 98.3 659 734 793 79.2
DeiT-S Based:
SDViT 96.8 642 76.2 78.5 78.9
GMOoE 96.9 632 723 795 78.0
VMamba Based.:

DGMamba 98.9 643 79.2 80.8 80.8
DGFamba 99.5 66.2 80.9 82.0 82.2

Table 2: Performance comparison between the proposed
DGFamba and existing state-of-the-art methods on VLCS
dataset. C: Caltech; L: LabelMe; S: SUN; P: PASCAL.

Van Horn, and Perona 2018) consists of 24,330 samples
from four different domains.

Evaluation Protocols. Following the evaluation protocols
of existing methods (Gulrajani and Lopez-Paz 2020; Cha
etal. 2021), experiments are conducted under the leave-one-
domain-out protocol, where only one domain is used as the
unseen target domain and the rest domains are used as the
source domains for training. The classification accuracy (in
percentage, %) is used as the evaluation metric.

Method | Tugetdomain | avg. (1)
ResNet-50 Based.:
GroupDRO 604 527 75.0 76.0 66.0
VREx 60.7 53.0 753 76.6 66.4
RSC 60.7 514 748 5.1 65.5
MTL 61.5 524 749 768 66.4
Mixstyle 51.1 532 682 692 60.4
SagNet 634 548 758 783 68.1
ARM 589 51.0 741 752 64.8
SWAD 66.1 577 784 802 70.6
PCL 67.3 599 78.7 80.7 71.6
SAGM 654 570 78.0 80.0 70.1
iDAG 682 579 79.7 814 71.8
GMDG 68.9 562 799 820 70.7
DeiT-S Based:
SDViT 683 563 79.5 81.8 71.5
GMOoE 69.3 58.0 79.8 82.6 72.4
VMamba Based:

DGMamba 76.2 61.8 839 86.1 77.0
DGFamba 774 63.7 856 87.3 78.5

Table 3: Performance comparison between the proposed
DGFamba and existing state-of-the-art methods on Office-
Home. A: Art; C: Clipart; P: Product; R: Real.

Comparison with State-of-the-art

Existing visual domain generalization methods are com-
pared. The first category is CNN based methods, includ-
ing GroupDRO (Sagawa et al. 2019), VREx (Krueger et al.
2021), RSC (Huang et al. 2020), MTL (Blanchard et al.
2021), Mixstyle (Zhou et al. 2024), SagNet (Nam et al.
2021), ARM (Blanchard et al. 2021), SWAD (Cha et al.
2021), PCL (Yao et al. 2022), SAGM (Wang et al. 2023),
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iDAG (Huang et al. 2023), and GMDG (Tan, Yang, and
Huang 2024). The second category is ViT based methods,
including SDVIT (Sultana et al. 2022) and GMoE (Li et al.
2023). The third category is the contemporary VMamba
based method, namely, DGMamba (Long et al. 2024).
Results on PACS are reported in Table 1. DGFamba shows
the best performance on all the four experimental settings,
yielding an accuracy of 92.6%, 89.4%, 99.7% and 88.8% on
A, C, P and S unseen target domain, respectively. The av-
erage accuracy achieves 92.6%, outperforming the second-
best DGMamba by 1.4%. Specifically, the accuracy im-
provement on C and S unseen target domains is 2.4% and
1.5%, respectively. It also significantly outperforms existing
CNN and ViT based methods by an improvement about 6%,
while at the same time has less parameter number.

Results on VLCS are reported in Table 2. DGFamba out-
performs all the compared methods under all the four exper-
iment settings. It outperforms the second-best, DGMamba,
by 1.4% average accuracy. Notably, the accuracy improve-
ment on unseen L and S domains is 1.9% and 1.7%, respec-
tively. These outcomes indicate that the proposed DGFamba
is more stable and more robust when generalized on unseen
target domains. On the other hand, DGFamba outperforms
the best CNN based method SAGM by an average accuracy
of 2.2%, and outperforms the best ViT based method SDViT
by an average accuracy of 3.3%.

Results on OfficeHome are reported in Table 3. DGFamba
shows state-of-the-art performance on all the four unseen
target domains, yielding an average accuracy of 78.5%. It
significantly outperforms the second-best DGMamba. The
accuracy improvement on the A, C, P and R unseen target
domain is 1.2%, 1.9%, 1.7% and 1.2%, respectively. DG-
Mamba outperforms the best CNN based method PCL by an
average accuracy of 6.9%, and surpasses the best ViT based
method GMoE by an average accuracy of 6.1%.

Results on Terralncognita. Table 4 compares the perfor-
mance. Same as the above three experiments, the proposed
DGFamba outperforms all existing methods on all the four
unseen target domains, yielding an average accuracy of
56.1%. Compared with the second-best, the accuracy im-
provement on the L100, L38, L43 and L46 unseen target
domain is 1.2%, 1.5%, 2.0% and 1.1%, respectively. Com-
pared with the best-performed CNN based method PCL, the
average accuracy improvement is 4.0%, Compared with the
best-performed ViT based method GMoE, the average accu-
racy improvement is 10.5%.

Ablation Studies

On Each Component. On top of the VMamba backbone,
the proposed DGFamba consists of three key components,
namely, State Style Randomization (SSR), State Flow En-
coding (SFE), and State Flow Constraint (SFC), respec-
tively. When there is no SFC component, the feature repre-
sentation processed by SSR or SFE is processed by a MLP
to finish the feature propagation. Table 5 inspects the perfor-
mance of each individual component. SSR mainly focuses
on enriching the style diversity. Naively using it functions
as a type of feature augmentation, which leads to an average
accuracy improvement of 1.0%. Similarly, SFE helps fur-
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Target domain

Method rro0 138 143 16| Ve (1)
ResNet-50 Based:
GroupDRO 412 38.6 567 364 432
VREx 482 417 56.8 387 46.4
RSC 50.2 392 56.3 40.8 46.6
MTL 493 39.6 556 378 45.6
Mixstyle 543 341 559 31.7 44.0
SagNet 53.0 430 579 404 48.6
ARM 493 383 558 387 45.5
SWAD 554 449 59.7 399 50.0
PCL 58.7 463 60.0 43.6 52.1
SAGM 548 414 577 413 48.8
iDAG 587 351 57.5 33.0 46.1
GMDG 59.8 453 57.1 382 50.1
DeiT-S Based:
SDViT 559 317 522 374 44.3
GMOoE 59.2 340 50.7 385 45.6
VMamba Based:

DGMamba 627 483 61.1 464 54.6
DGFamba 639 498 63.1 47.5 56.1

Table 4: Performance comparison between the proposed
DGFamba and existing state-of-the-art methods on Ter-
ralncognita. The best results are marked in bold.

Component Target domain Avg. 1
SSR SFE SFC | Art Cartoon Photo Sketch &
X X X 88.2 86.2 98.4 84.9 89.4
v X X 89.4 87.1 98.7 86.2 90.4
v v X 90.7 88.2 99.1 87.9 91.5
v v v | 92.6 89.4 99.7 88.8 92.6

Table 5: Ablation studies on each component in the proposed
DGFamba. VMamba (Liu et al. 2024) as baseline. Experi-
ments are conducted on the PACS dataset.

ther condense the feature embedding from both the pre- and
post- style randomized samples in the latent flow space. It
also leads an average accuracy improvement of 1.1%. Fi-
nally, SFC constrains the feature distribution between the
pre- and post- style randomized samples in the latent flow
space, which contributes to the most significant improve-
ment. Especially, the accuracy improvement on the A, C, P
and S unseen target domain is 1.9%, 1.2%, 0.6% and 0.9%.
On Each Feature Block. As the proposed DGFamba imple-
ments the flow factorization in every layer, it is also neces-
sary to inspect the contribution to generalization from differ-
ent layers. To this end, Table 6 ablates the block-wise contri-
bution, where F1, F5, F3 and F4 denote the implementation
on the first, second, third and fourth VMamba block.

It can be seen that, implementing the proposed learning
scheme shows a more predominant performance improve-
ment on unseen target domains. Specifically, implementing
on the first VMamba block (F'1) can lead to an improvement
of 1.5%, 1.3%, 0.5% and 1.2% on the Art, Cartoon, Photo
and Sketch unseen target domain, respectively. This may be
explained that the shallower features are usually more sen-
sitive to the shift of color, shape and etc, which are typical
factors of the cross-domain style. In contrast, the deeper fea-



Feature Block Target domain
F, Fy Fs3; F, | Art Cartoon Photo Sketch
X X X X |882 86.2 98.4 84.9
v o X X X |87 87.5 98.9 86.1
v oo v X X 1910 88.6 99.3 87.3
v v v X 1919 89.0 99.5 88.2
v ov v v |926 89.4 99.7 88.8

Table 6: Ablation studies on each component in the proposed
DGFamba. VMamba (Liu et al. 2024) as baseline. Experi-
ments are conducted on the PACS dataset.

T | Art Cartoon Photo Sketch | avg.
2 | 915 88.6 98.8 87.6 | 91.6
4 | 919 89.0 99.2 88.1 | 92.1
6 | 923 89.2 99.5 88.4 | 924
8 1926 894 99.7 88.8 | 92.6
10 | 92.5 89.3 99.4 88.5 | 924
12 | 92.1 88.7 99.0 88.2 | 92.0

Table 7: Impact of the factorization step 1" on generalization
performance. Experiments are conducted on PACS dataset.

Baseline

Art @ Cartoon @ Photo Sketch

Figure 4: t-SNE feature space visualization between the
Mamba baseline and the proposed DGFamba. Experiments
conducted on the PACS dataset. A more generalized repre-
sentation allows features from different domains (in differ-
ent color) to be uniformly distributed.

tures usually rest more semantic and content information,
which is less sensitive to the shift of cross-domain styles.
Nevertheless, implementing on the fourth VMamba block
(F) still exhibits a clear accuracy improvement on unseen
domains, namely, 0.7% on Art, 0.4% on Cartoon, 0.2% on
Photo and 0.6% on Sketch, respectively.

On Factorization Steps 7" manipulates the factorization
steps in the probability latent space. By default the factor-
ization step T is set to 8. We further test the results when
T shifts from 2 to 12, with an interval of 2. The results re-
ported in Table 7 show that, the best performance on unseen
domains is achieved when 7' is around 6 or 8. A factoriza-
tion step that is too small or too large leads to a decline in
performance, which may be explained that a small/large fac-
torization step 7' can under-/over- fit the probability path,
negatively impacting the overall generalization ability.
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Art Painting

Cartoon

Photo

Sketch

Figure 5: Attention map on the unseen target domain from
four experiments on PACS.

Understanding Flow Factorized State Space

t-SNE visualization. We extract the feature embedding of
the VMamba baseline and the proposed DGFamba, and in-
spect their distribution by t-SNE visualization. The results
are displayed in Fig. 4a and b, respectively. The samples
from different domains in the PACS dataset are labeled in
different types of color. Ideally, a generalized representation
allows the feature embeddings from different domains (in
different color) to be more uniformly distributed, which cor-
responds to the observation in Fig. 4. This further indicates
the generalization ability of DGFamba.

Activation Map Visualization. Fig. 5 visualizes the atten-
tion map of the proposed DGFamba on the unseen target do-
main across all four experimental settings. We use the class
activation map (CAM) (Zhou et al. 2016) to compute the
heat map and layout on the original image. It can be seen
that DGMamba highlights the key local regions of each cat-
egory, despite the style shift on unseen target domain.

Conclusion

In this paper, we proposed a flow factorized state space
learning scheme to harness the emerging selective state
space modeling (SSM) for visual domain generalization. Its
general idea is to learn a style-invariant state space embed-
ding by first randomizing the styles and then aligning the
pre- and post- hallucinated state embedding in the latent
flow space. The proposed DGFamba consists of three key
components, namely, state style randomization (SSR), state
flow encoding (SFE) and state flow constraint (SFC). Exten-
sive experiments demonstrated that DGFamba significantly
outperforms existing CNN and ViT based methods, and the
concurrent DGMamba.
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