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Abstract—Unsupervised domain adaptation (UDA) remains
challenging due to severe distribution shifts between the labeled
source and unlabeled target domains. Existing UDA approaches
are based on Convolution Neural Networks (CNNs) or Vision
Transformers (ViTs), which suffer from limited receptive fields
or quadratic complexity issues. While recent State Space Models
(SSMs) like Mamba offer linear complexity and strong long-range
modeling, their recursive state updates make them vulnerable
to amplified style drift and misaligned local semantics under
domain shift. To address these issues, we propose DAMamba,
a novel unsupervised domain adaptation framework tailored
for Mamba-based visual backbones. DAMamba introduces two
key modules: a State-Aware Style Memory (SASM) that models
global and class-wise target statistics and performs dynamic style
transfer to suppress state drift, and a Bidirectional Patch Align-
ment (BPA) that enforces fine-grained semantic correspondence
through saliency-guided patch matching. Extensive experiments
demonstrate that DAMamba significantly enhances cross-domain
robustness while preserving computational efficiency.

Index Terms—Unsupervised Domain Adaptation, Mamba,
State Space Models, Visual Recognition

I. INTRODUCTION

The rapid progress of deep neural networks and the avail-
ability of large-scale annotated datasets have pushed image
classification to near-saturated performance on the training
domain. However, when models are deployed in real-world
environments, their performance often deteriorates sharply due
to substantial discrepancies in style, illumination, texture, and
scene composition between the training (source) and deploy-
ment (target) domains. This phenomenon, widely known as
domain shift, highlights the persistent challenge of ensuring
stable model behavior under distribution changes. Since col-
lecting target-domain annotations is costly or impractical in
many applications, Unsupervised Domain Adaptation (UDA)
has become indispensable for improving model’s adaptability
from the labeled source data to the unlabeled target data.

A rich line of UDA techniques has been developed, in-
cluding discrepancy minimization [1]–[8], adversarial align-
ment [9]–[17], and pseudo-labeling [18]–[23] methods, etc.
Most of these approaches rely on either convolutional neural
networks (CNNs) or Vision Transformers (ViTs). Although
CNN-based UDA models are efficient, their inherently limited
receptive fields restrict their ability to capture long-range
cross-domain relationships, making them sensitive to strong
style variation. ViT-based UDA models alleviate this limitation
via global self-attention, but their quadratic computational
complexity in token length significantly increases memory and
computation costs. As modern UDA scenarios require both

rich global modeling and efficient cross-domain alignment,
a backbone with linear complexity, global receptive field,
and strong transferability is highly desirable, yet remains
underexplored in the UDA setting.

Recently, Mamba-style State Space Models (SSMs) [24]–
[27] have emerged as a compelling alternative to CNNs
and Transformers. By parameterizing selective state-space
transitions, Mamba achieves long-range dependency modeling
with linear computational complexity and superior scalability.
These properties make Mamba an attractive backbone for
domain adaptation. Nevertheless, directly applying Mamba to
UDA is far from trivial. Unlike CNNs or ViTs, Mamba’s
recursive state updates introduce new forms of vulnerability:
shallow-layer style noise can propagate and amplify through
the recurrent dynamics, and the lack of explicit cross-domain
normalization mechanisms limits its ability to adapt to large
distribution gaps. As a result, native Mamba backbones exhibit
insufficient transferability under strong domain shifts.

Motivated by these observations, we investigate how to
adapt visual state-space models to the UDA setting and iden-
tify two fundamental challenges of applying Mamba to cross-
domain learning. (1) Style Drift Amplification: domain-specific
style discrepancies in low-level features accumulate along
the state-space recurrence, causing state drift and corrupting
semantic representations. (2) Local Semantic Misalignment:
even if global distributions are roughly aligned, semantically
similar patches across domains may remain mismatched due
to local structural, texture, or foreground-background incon-
sistencies. Thus, a successful UDA framework for Mamba
must simultaneously regulate shallow-layer style statistics and
enforce fine-grained correspondence at the patch level.

To address these challenges, we propose DAMamba, a
novel domain adaptation framework explicitly designed for
Mamba-based visual backbones. Our DAMamba excels in
strong adaptability toward target domains and meanwhile has
the advantages of global receptive fields, and efficient linear
complexity. Concretely, DAMamba introduces two modules
integrated seamlessly into VMamba: (1) A State-Aware Style
Memory (SASM) that constructs global and class-wise target
style statistics and performs dynamic style transfer on source
features, mitigating state drift without relying on any Batch
Normalization. (2) A Bidirectional Patch Alignment(BPA) that
selects salient patches and builds bi-directional soft semantic
correspondences between source and target domains to elimi-
nate local misalignment. Together, these components provide a
principled solution to both shallow and high-level distribution



discrepancies while keeping Mamba’s linear efficiency intact.
Our contributions are summarized as follows:
• We present DAMamba, a novel State Space Model-based

framework for UDA that excels in strong adaptability
across domains, and meanwhile has the advantages of
global receptive fields and efficient linear complexity.

• We introduce two key modules, a State-Aware Style
Memory for style regulation and a Bidirectional Patch
Alignment for fine-grained semantic matching.

• Extensive experiments demonstrate that DAMamba con-
sistently improves cross-domain robustness and achieves
state-of-the-art performance across multiple UDA bench-
marks while incurring negligible inference overhead.

II. RELATED WORK

Unsupervised domain adaptation (UDA) aims to transfer
knowledge from a labeled source domain to an unlabeled
target domain under distribution shift. Classical UDA methods
can be broadly grouped into three families. Discrepancy-
based approaches minimize statistical distances such as max-
imum mean discrepancy [1]–[3], covariance alignment [4],
[5], or category-level alignment [6]–[8] to encourage domain-
invariant features. Adversarial alignment methods introduce
domain discriminators [9], [10] to match feature distributions
implicitly, with extensions incorporating class-conditional pri-
ors [11]–[14], or entropy reduction [15]–[17]. Self-training and
information-maximization approaches generate pseudo-labels
for the target domain and refine model predictions via confi-
dence regularization [18]–[20], consistency learning [21]–[23].
Although effective, these methods are primarily designed for
CNNs or ViTs and implicitly rely on normalization layers or
global attention to regulate domain-specific style statistics and
local feature correspondence. Unlike prior UDA approaches,
DAMamba explicitly addresses the unique challenges of state-
space backbones, i.e., style drift amplification and local seman-
tic misalignment, through dedicated state-aware style memory
and bidirectional patch alignment mechanisms.
State Space Models (Mamba) , Mamba-style visual back-
bones [24] have been recently introduced into computer vi-
sion, as efficient alternatives to convolutional and transformer
architectures. By parameterizing selective state transitions,
Mamba captures long-range dependencies with linear-time
complexity, offering improved scalability for high-resolution
or long-sequence inputs. Vision variants [25]–[27] extend these
ideas to 2D feature maps by arranging spatial tokens into
sequences and applying recurrent state updates to aggregate
global context. Despite their modeling power, SSM-based
backbones lack built-in normalization or attention mechanisms
that modulate domain-specific variations, making them partic-
ularly vulnerable to amplified shallow-layer style noise and
unstable local correspondences under domain shift. Prior work
has not explored how to adapt such recurrent architectures
to UDA. In contrast, DAMamba introduces state-aware style
modeling and fine-grained bidirectional patch alignment, pro-
viding the first UDA framework tailored specifically to the
dynamics and vulnerabilities of Mamba-based vision models.

III. METHODOLOGY

We study standard unsupervised domain adaptation (UDA)
for image classification. Given a labeled source domain Ds =
{(xs

i , y
s
i )}

Ns
i=1 and an unlabeled target domain Dt = {xt

j}
Nt
j=1,

our goal is to learn a classifier fθ : X → {1, . . . ,K} that
generalizes well on the target domain.

We build on VMamba as the visual backbone and propose
DAMamba, a UDA framework tailored for Mamba-style state-
space models (SSMs). As discussed in Sec. I, directly applying
VMamba to UDA faces two fundamental issues: (i) style drift
amplification and local semantic misalignment. To address
both, DAMamba introduces two complementary modules: (1)
State-Aware Style Memory (SASM) for shallow-layer style
regulation, and (2) Bidirectional Patch Alignment (BPA) for
fine-grained semantic correspondence at higher-level stages.
An overview of the whole framework is shown in Fig. 1.

A. State-Aware Style Memory (SASM)

SASM is inserted before the first VMamba stage to regulate
shallow-layer statistics before recurrent state updates amplify
domain-specific biases. Let the feature map entering SASM
be F ∈ RB×C×H×W , where B is batch size and C is the
channel dimension. For each sample b and channel c, SASM
computes in-sample statistics over spatial locations:

µb,c =
1

HW

∑
h,w

Fb,c,h,w,

σb,c =

√
1

HW

∑
h,w

(
Fb,c,h,w − µb,c

)2
+ ε,

F̂b,c,h,w =
Fb,c,h,w − µb,c

σb,c + ε
.

(1)

This BN-free normalization provides a stable reference for
style transfer and avoids relying on BatchNorm, which is
typically absent in SSM backbones.
Target Style Memory. On top of local statistics, SASM
maintains a target-domain style memory at two levels: a
global memory (µg,σg) ∈ RC and a class-wise memory
{(µk,σk, nk)}Kk=1, where nk counts confident target samples
assigned to class k. Given target logits gt and probabilities
pt = softmax(gt), the pseudo-label for sample b is ŷtb =
argmaxk p

t
b,k with confidence γt

b = maxk p
t
b,k. Only samples

with γt
b > τp contribute to memory updates. We update the

global memory via EMA:

µg ← βµg + (1− β)µbatch, σg ← βσg + (1− β)σbatch,
(2)

and update class-wise memories similarly using confident
samples assigned to class k. For stability, when nk is small,
we fall back to global memory.
Source-to-Target Style Injection. Given source feature F̂s

from Eq. (1) and its ground-truth label ysb = k, we select target
statistics (µ̄t

b, σ̄
t
b) from either class-wise or global memory

depending on reliability, and inject them back to obtain style-
transferred source features:

F̃s→t
b,c,h,w = F̂s

b,c,h,w · σ̄t
b,c + µ̄t

b,c. (3)
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Fig. 1. Overview of the proposed DAMamba framework for unsupervised domain adaptation with Mamba-based vision models. (a) State-Aware Style
Memory (SASM) regulates shallow-layer feature statistics by modeling target-domain styles and injecting them into source features, mitigating style drift
before state-space recurrence. (b) Bidirectional Patch Alignment (BPA) enforces fine-grained semantic correspondence between salient source and target
patches to alleviate local misalignment under domain shift. The proposed framework explicitly addresses the vulnerabilities of recurrent state space models
and can be seamlessly integrated into VMamba backbones with negligible inference overhead.

This source-to-target adaptation mitigates style drift at shal-
low layers while preserving VMamba’s linear-time efficiency.
Remark. The formulation can be extended to bidirectional
transfer, but in this work we instantiate the s → t direction
for stability and negligible overhead.

B. Bidirectional Patch Alignment

While SASM aligns global style statistics and mitigates
state drift at shallow layers, local semantic mismatches can
still persist at higher levels. To address this, we therefore
propose a Bidirectional Patch Alignment (BPA) built on top
of the third stage of the VMamba backbone. The core of BPA
is a Bi-directional Soft Matching (BSM) loss that enforces
fine-grained alignment between semantic patches of the two
domains. We refer to this cross-domain patch-level loss as the
patch-level adaptation loss and denote it by Lbsm.
Saliency-driven Patch Construction. Let F

(3)
s , F

(3)
t ∈

RB×C×H′×W ′
denote the high-level features from the third

stage of the VMamba backbone for source and target domains,
respectively. We flatten the spatial dimensions into patch
sequences Zd ∈ RB×L×D with L = H ′W ′ and D = C.
For each patch feature zdb,ℓ, we compute a saliency score
rdb,ℓ = ∥zdb,ℓ∥2 and select the top K = ⌊ρL⌋ salient patches per
image to form Pd ∈ RB×K×D, focusing subsequent alignment
on semantically important regions. When class information is
used, patches are further partitioned into class-wise sets and
class weights are defined from joint source–target frequencies.
Bidirectional Soft Matching Loss. For a generic pair of
source and target patch sets (either globally or class-wise),
let S = {si}Ns

i=1 and T = {tj}Nt
j=1, where si, tj ∈ RD

are patch features. BPA first ℓ2-normalizes patch features,

s̃i = si/∥si∥2 and t̃j = tj/∥tj∥2, and builds a cosine-
similarity matrix Mij = s̃⊤i t̃j . The forward and backward
correspondence weights are given by

W s→t
ij =

exp(Mij/τ)∑
j′ exp(Mij′/τ)

,W t→s
ji =

exp(Mij/τ)∑
i′ exp(Mi′j/τ)

.

(4)
The forward weights yield aggregated target patches t̂i =∑

j W
s→t
ij tj , and the backward weights produce aggregated

source patches ŝj =
∑

i W
t→s
ji si.

The bi-directional soft matching loss for a pair of patch sets
is then defined as

Lbsm = 1− 1

2

 1

Ns

Ns∑
i=1

cos
(
si, t̂i

)
+

1

Nt

Nt∑
j=1

cos
(
tj , ŝj

) ,

(5)
where cos(·, ·) denotes cosine similarity. In the class-wise case,
we compute Lbsm on class-specific patch sets and aggregate
over all classes with non-empty source and target patches using
class weights derived from joint frequencies.

The two directions s → t and t → s act as mutual con-
straints, which reduces the risk of aligning semantic patches
to background or noisy regions in either domain. Combined
with saliency-driven patch selection and class-wise weighting,
BPA concentrates the adaptation on discriminative and shared
structures, leading to a more stable and effective patch-level
alignment.

C. Overall Objective

Given a source mini-batch (xs, ys) and a target mini-batch
xt, the overall training objective of DAMamba combines
source classification, SASM regularization, and BPA. Let ŷs =



TABLE I
CLASSIFICATION ACCURACY (%) ON OFFICE-HOME FOR UDA. WE REPORT RESULTS ON 12 TRANSFER TASKS AND THEIR MEAN ACCURACY (AVG).

Method Backbone Ar→Cl Ar→Pr Ar→Rw Cl→Ar Cl→Pr Cl→Rw Pr→Ar Pr→Cl Pr→Rw Rw→Ar Rw→Cl Rw→Pr Avg
DoT [28] ResNet 52.9 75.2 80.2 66.0 77.7 78.9 66.0 50.5 82.0 68.4 51.2 82.0 69.3
BDPN [29] ResNet 52.6 74.1 78.5 66.1 71.2 74.4 66.4 55.4 81.5 74.6 60.3 82.3 69.8
DRLC [30] ResNet 56.2 77.8 81.8 67.2 76.1 75.9 63.9 54.1 81.5 74.6 60.9 85.0 71.2
DiaNA [31] ResNet 58.0 79.6 82.2 69.3 79.3 78.5 66.7 56.1 81.8 74.6 60.8 85.3 72.0
DARE-GRAM [32] ResNet 59.3 76.2 81.4 67.4 78.1 76.3 66.7 57.4 80.5 75.9 61.3 84.7 72.2
DACDM [33] ResNet 60.4 78.8 82.7 69.6 80.5 79.6 70.5 65.2 83.1 75.8 64.2 85.6 73.6
GSDE [34] ResNet 57.8 80.2 81.9 71.3 78.9 80.5 67.4 57.2 84.0 76.1 62.5 85.7 73.6
DAD [35] ResNet 62.5 78.6 83.0 70.4 79.2 79.8 70.2 58.3 83.1 76.3 63.5 88.2 74.4
TCPL [36] ResNet 61.2 80.5 82.8 68.8 75.1 76.5 71.7 59.8 83.5 78.1 66.2 87.6 74.3
EIDCo [37] ResNet 63.8 80.8 82.6 71.5 80.1 80.9 72.1 61.3 84.5 78.6 65.8 87.1 75.8
ViT-B [38] ViT 54.7 83.0 87.2 77.3 83.4 85.6 74.4 50.9 87.2 79.6 54.8 88.8 75.5
DeiT-B [39] DeiT 61.8 79.5 84.3 75.4 78.8 81.2 72.8 55.7 84.4 78.3 59.3 86.0 74.8
VMamba-B [25] VMamba 63.4 79.6 84.4 75.3 80.9 81.0 71.0 57.4 84.1 78.7 60.3 87.3 75.3
DAMamba-B VMamba 67.0 80.7 84.8 78.1 81.9 82.6 73.7 63.5 85.4 79.9 68.4 88.9 77.9

fθ(x
s) be the source predictions and p(ŷsi = ysi ) the predicted

probability of the correct class for the i-th source sample.
The source classification loss is the standard cross-entropy
Lcls = − 1

Bs

∑Bs

i=1 log p(ŷ
s
i = ysi ). To improve pseudo-

label quality (hence more reliable memory), we apply an
information-maximization regularizer to encourage confident
yet diverse predictions (e.g., entropy minimization plus batch
diversity). The final objective is

L = Lcls + λimLim + λbsmLbsm, (6)

where Lim is the information-maximization regularizer in
SASM and Lbsm is the patch-level adaptation loss in BPA.
The VMamba backbone and both adaptation modules are opti-
mized end-to-end under (6), yielding improved robustness and
generalization on the target domain with negligible additional
inference cost.

IV. EXPERIMENTS

Datasets and Benchmarks. 1) Office-31 is a classical UDA
benchmark for office object recognition, containing 4,110
images from three domains: Amazon (A), DSLR (D), and
Webcam (W), with 31 shared categories. Following the stan-
dard setting, we consider all six transfer tasks A→W, D→W,
W→D, A→D, D→A, and W→A, where one domain is treated
as labeled source and another as unlabeled target. 2) Office-
Homeis a more challenging dataset with 65 object categories
and 15,500 images from four visually diverse domains: Art
(Ar), Clipart (Cl), Product (Pr), and Real-World (Rw). We
follow the widely-used UDA protocol and evaluate on all 12
transfer tasks (e.g., Ar→Cl, Cl→Ar, etc.)
Implementation Details. We adopt VMamba as the backbone
and use the Tiny, Small, and Base variants pre-trained on
the ImageNet dataset to initialize. Our SASM is inserted
before the first stage to regulate shallow-layer style statistics,
while the BPA operates on high-level features at the third
stage. Training images are resized to 256× 256 and cropped
to 224 × 224, using standard augmentations. Models are
optimized with SGD (momentum 0.9, weight decay 5×10−4)
and a cosine learning rate schedule with an initial value
in 1× 10−3, 3× 10−4. Batch sizes follow prior work (32
for Office-31; 64 for Office-Home), and training runs for
30/50 epochs, respectively. Hyperparameters are fixed across

TABLE II
CLASSIFICATION ACCURACY (%) ON OFFICE-31. WE REPORT RESULTS ON

SIX TRANSFER TASKS AND THEIR AVERAGE ACCURACY (AVG).

Method A→D A→W D→A D→W W→A W→D Avg
VMamba-T 86.5 82.0 64.8 96.9 64.5 99.6 82.4
DAMamba-T 92.0 89.8 71.5 98.9 70.5 100.0 87.1
VMamba-S 87.5 85.3 68.2 98.0 63.8 100.0 83.8
DAMamba-S 92.5 93.8 73.7 99.2 71.4 100.0 88.4
VMamba-B 89.2 88.2 70.5 98.5 71.0 100.0 86.2
DAMamba-B 97.0 94.1 74.7 99.3 75.1 100.0 90.0

datasets: EMA momentum β = 0.9, pseudo-label threshold
τp = 0.9, minimum class count T = 50, saliency ratio ρ = 0.5,
and matching temperature τ = 0.05. Loss weights λim = 0.1
and λbsm = 1.0.

A. Comparison with State-of-the-Art Methods

Results on Office-Home. Office-Home exhibits larger intra-
class variation and stronger style discrepancies among the four
domains (Ar, Cl, Pr, Rw), making it a challenging benchmark.
As shown in Table I, DAMamba achieves clear gains over the
VMamba baseline and achieves comparable results with state-
of-the-art UDA methods on 12 transfer tasks, with the largest
improvements observed on transfers involving the Clipart
domain (e.g., Ar→Cl, Pr→Cl). These improvements highlight
the effectiveness of SASM in capturing diverse target styles
and the ability of BPA to selectively align salient semantic
patches instead of background clutter. Overall, DAMamba
achieves the best mean accuracy on Office-Home, validating
its robustness under complex domain shifts.
Results on Office-31. Table II summarizes the results over
different VMamba baselines on Office-31. Across all six
transfer tasks, DAMamba consistently outperforms the cor-
responding VMamba baseline. The improvement is especially
pronounced on tasks involving the DSLR domain (D→W and
W→D), where the limited number of DSLR images makes
the model more vulnerable to overfitting on source styles.
By explicitly aligning shallow-layer statistics through SASM
and enforcing fine-grained patch-level alignment via BPA,
DAMamba reduces state drift and local misalignment, leading
to higher accuracy on both small and large domain shifts.
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Fig. 2. Domain-wise t-SNE visualization of target features on Ar→Cl.

Baseline: VMamba Ours: DAMamba

Fig. 3. Class-wise t-SNE visualization of target features on Ar→Cl.

TABLE III
ABLATION OF EACH PROPOSED MODULE WITH VMAMBA-BASE

BACKBONE. TARGET-DOMAIN AVERAGE ACCURACY (%).

ID Baseline SASM BPA Office-Home
I ✓ - - 75.3
II ✓ ✓ - 77.3
III ✓ ✓ ✓ 77.9

B. Ablation Studies.

To better understand the contribution of each component,
we conduct detailed ablation studies on Office-Home.
Effect of Each Component. We evaluate: (i) Baseline:
VMamba-Base with Lcls only; (ii) Baseline + SASM: adding
SASM with Lim; and (iii) DAMamba-B: full model with
SASM + BPA optimized under Eq. (6). As summarized in Ta-
ble III, introducing SASM on top of the baseline already brings
noticeable gains, especially for tasks with strong style shifts,
since it stabilizes state-space updates by aligning shallow-
layer statistics and regularizing target predictions through
Lim. Comparing with Baseline + SASM, adding BPA further
shows consistent improvements across almost all transfer
tasks, indicating that BPA provides additional benefits by
enforcing semantic patch-level matching via the bi-directional
soft matching loss Lbsm. Overall, combining SASM and BPA
yields the best performance and consistently surpasses all
partial variants, confirming that global style alignment at
shallow layers and local semantic alignment at high-level
stages are complementary.
Effect of Backbone Capacity. We further investigate how
DAMamba behaves under different backbone capacities on
Office-31. Specifically, we instantiate DAMamba on VMamba-
Tiny, VMamba-Small, and VMamba-Base, and report the per-
formance of each variant. Results are summarized in Table II.
Several observations can be made. First, increasing backbone
capacity generally improves the performance of DAMamba,
though the gains diminish from Small to Base. Second, the
relative improvement from Tiny to Small is more pronounced
than that from Small to Base, suggesting that DAMamba
can effectively compensate for limited capacity by providing
more informative cross-domain regularization. This property
is particularly attractive for resource-constrained deployment
scenarios.

TABLE IV
COMPARISON OF THE COMPUTATIONAL EFFICIENCY OF DIFFERENT UDA

METHODS ON OFFICE-HOME AR→CL . ALL MODELS ARE TESTED ON
ONE NVIDIA GEFORCE RTX 4090 D GPU.

Model Backbone Params (M) GFLOPs (G) Time (ms)
SHOT ResNet-50 24 4 2
DeiT-B DeiT-B 86 18 6
VMamba-T VMamba-T 30 5 4
DAMamba-T VMamba-T 30 5 4

C. Visualization and Analysis

Domain-level T-SNE Visualization. Fig. 2 visualizes target-
domain features for the Ar→Cl task using t-SNE, with points
colored by domain. The VMamba baseline exhibits a clear
separation between source (Art) and target (Clipart) samples,
indicating substantial domain discrepancy in the learned repre-
sentation space. In contrast, DAMamba produces a noticeably
more overlapping and compact distribution across domains,
suggesting improved global alignment between source and
target features. This indicates improved global domain align-
ment, mainly attributed to SASM suppressing shallow-layer
style drift before state-space recurrence.
Class-level T-SNE Visualization. Fig. 3 shows t-SNE vi-
sualizations of the same features as Fig. 2, but colored by
semantic class labels. For the VMamba baseline, samples from
different classes exhibit significant overlap and fragmented
clusters, especially for visually similar categories under the
Clipart style. In comparison, DAMamba yields more compact
and well-separated class clusters. Instances belonging to the
same class are grouped more tightly, while different classes
become more distinguishable in the projected space. This
improvement is consistent with BPA enforcing fine-grained
semantic correspondence between source and target patches.
Analysis of Computational Efficiency. We evaluate com-
putational efficiency on Office-Home Ar→Cl with input size
224×224 using a single NVIDIA RTX 4090 GPU. As shown
in Table IV, DAMamba matches the VMamba baseline in
terms of parameters, FLOPs, and inference latency, indicating
that the proposed modules do not introduce noticeable over-
head. This efficiency stems from the lightweight design of
SASM and BPA: SASM involves only channel-wise statistics
and memory lookup, while BPA aligns a limited number of
salient patches rather than dense spatial tokens. All memory



updates and pseudo-label related operations are applied only
during training, and DAMamba reduces to a standard VMamba
forward pass at inference time, preserving the linear-time
complexity of state space models.

V. CONCLUSION

We proposed DAMamba, an unsupervised domain adap-
tation framework tailored for Mamba-style visual state space
models. By introducing a State-Aware Style Memory to sup-
press shallow-layer style drift and a Bidirectional Patch Align-
ment module to enforce fine-grained semantic correspondence,
DAMamba effectively addresses the unique vulnerabilities of
recurrent state-space backbones under domain shift. Extensive
experiments demonstrate consistent improvements over strong
baselines with negligible inference overhead.
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