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Abstract

Domain Generalization (DG) has been recently explored to
enhance the generalizability of Point Cloud Classification
(PCC) models toward unseen domains. Prior works are based
on convolutional networks, Transformer or Mamba architec-
tures, either suffering from limited receptive fields or high
computational cost, or insufficient long-range dependency
modeling. RWKV, as an emerging architecture, possesses su-
perior linear complexity, global receptive fields, and long-
range dependency. In this paper, we present the first work that
studies the generalizability of RWKV models in DG PCC.
We find that directly applying RWKV to DG PCC encoun-
ters two significant challenges: RWKV’s fixed direction token
shift methods, like Q-Shift, introduce spatial distortions when
applied to unstructured point clouds, weakening local geo-
metric modeling and reducing robustness. In addition, the Bi-
WKV attention in RWKV amplifies slight cross-domain dif-
ferences in key distributions through exponential weighting,
leading to attention shifts and degraded generalization. To
this end, we propose PointDGRWKV, the first RWKV-based
framework tailored for DG PCC. It introduces two core mod-
ules to enhance spatial modeling and cross-domain robust-
ness, while maintaining RWKV’s linear efficiency. In partic-
ular, we present Adaptive Geometric Token Shift to model
local neighborhood structures to improve geometric context
awareness. In addition, Cross-Domain key feature Distribu-
tion Alignment is designed to mitigate attention drift by align-
ing key feature distributions across domains. Extensive exper-
iments on multiple benchmarks demonstrate that PointDGR-
WKV achieves state-of-the-art performance on DG PCC.

Code — https://github.com/yxltya/PointDGRWKV

Introduction
3D point clouds play a crucial role in various applica-
tions, such as autonomous driving, augmented reality, and
robotics (Caesar et al. 2020; Billinghurst et al. 2015; Thu-
ruthel et al. 2019). Recently, point cloud classification (PCC)
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Figure 1: Accuracy-speed tradeoff in DG PCC. (Left) Over-
all accuracy of methods with different architectures (Right)
FLOPs increase with sequence length. Our PointDGRWKV
achieves superior performance with its linear complexity.

tasks (Qi et al. 2017a,b; Phan et al. 2018) have made signifi-
cant progress in understanding the local geometry and global
shapes. However, most of them usually assume that the train-
ing and testing data share the same distribution. When the
model is applied to unknown domains, the performance of-
ten drops significantly due to domain shifts induced by dif-
ferent sensors, environments, scanning angles, etc.

To address this issue, domain generalization (DG) (Long
et al. 2025; Yang et al. 2025) has been introduced into point
cloud analysis, aiming to train models solely on source do-
mains and generalize well in unknown domains. The main-
stream DG PCC methods tend to learn domain-invariant fea-
tures via data augmentation (Xiao et al. 2023), adversarial
training (Lehner et al. 2022), and consistency learning (Kim
et al. 2023). Nonetheless, most of them are based on CNNs,
and suffer from a limited receptive field, making it challeng-
ing to capture global structural information and harm the
generalizability. Subsequently, point Transformer (Han et al.
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2022) was introduced to enhance global modeling capabil-
ities in DG PCC. However, its inherent attention involves
high computational complexity, which limits its efficiency
in practical applications. Point Cloud Mamba has recently
shown the potential of sequence modeling in DG PCC (Yang
et al. 2025). Nevertheless, due to its fixed state space size, it
is difficult to fully capture long-range dependencies, espe-
cially under long sequence lengths.

Recently, Reception Weighted Key Value (RWKV) (Peng
et al. 2023; Chen et al. 2025) has demonstrated excellent ca-
pabilities in long-range dependency modeling and capturing
global information in NLP and vision tasks. Moreover, the
core WKV attention mechanism exhibits a linear computa-
tional complexity, which significantly reduces the compu-
tational overhead of traditional self-attention. They demon-
strate strong scalability in various vision tasks and even in
point cloud analysis. Despite its gratifying progress, enhanc-
ing the generalizability of RWKV-like models in unseen do-
mains for point cloud analysis remains an open problem, as
directly applying RWKV to DG PCC tasks is non-trivial.

In this paper, we aim to improve the generalizability of
RWKV-like architectures toward unseen domains in point
cloud classification. Our motivations mainly lie in two as-
pects. Firstly, RWKV’s fixed direction token shift, e.g., Q-
Shift, would inevitably introduce spatial distortions to un-
structured point clouds due to the inconsistent order of token
arrangement and spatial proximity, weakening the model’s
ability to model local geometry and thus affecting robust-
ness in unseen domains. Secondly, the Bi-WKV attention
mechanism in RWKV is highly sensitive to slight discrepan-
cies in key distribution between the source domain and the
unseen domain. The nonlinear amplification characteristics,
i.e., the exponential function, can easily amplify the shift in
the focus of attention, undermining the generalization per-
formance of the model in unknown domains.

Motivated by the aforementioned analysis, we propose
PointDGRWKV, a novel RWKV-based framework for do-
main generalized point cloud classification. PointDGRWKV
excels in strong generalizability, linear complexity, and ca-
pabilities in modeling long-range dependency and global
structure information. Our proposed method has two key
modules. Firstly, we design a lightweight, parameter-free
Adaptive Geometric Token Shift mechanism (AGT-Shift)
based on the inherent spatial characteristics of point clouds.
It constructs local neighborhoods through spatial partition-
ing and dynamically integrates structural features to enhance
the model’s ability to model geometric contexts. This mech-
anism is specifically designed based on the characteristics
of point clouds. Secondly, we propose a Cross-Domain Key
feature Distribution Alignment module (CD-KDA) to ad-
dress the nonlinear amplification effect of key vectors on
weight calculation in the Bi-WKV attention mechanism.
By aligning the key distributions between source domains
at the mean and covariance levels, we explicitly alleviate
the cross-domain shift of attention and improve the gener-
alization performance of the model in unseen domains. As
shown in Fig. 1, PointDGRWKV achieves superior perfor-
mance with less computational overhead compared to exist-
ing Transformer-based and Mamba-based methods on mul-

tiple DG benchmarks. Our contributions are three-fold:

• We propose PointDGRWKV, a novel RWKV-based
framework for domain generalizable point cloud classi-
fication that excels in strong generalizability toward un-
seen domains, global receptive fields, linear complexity,
and long-range dependency.

• We design Adaptive Geometric Token Shift (AGT-Shift)
and Cross-Domain key feature Distribution Alignment
(CD-KDA) to enhance RWKV’s geometry perception
ability and the generalizability toward unseen domains.

• Extensive experiments on multiple DG benchmarks ver-
ify the superiority and effectiveness of PointDGRWKV
compared to state-of-the-art approaches.

Related Work
Point Cloud Classification (PCC) aims to accurately cat-
egorize 3D point cloud data. Early works such as Point-
Net (Qi et al. 2017a) and PointNet++(Qi et al. 2017b) pi-
oneered the use of MLP-based architectures to directly learn
features from raw point clouds. Subsequent research ex-
panded on this by incorporating Convolutional Neural Net-
works (CNNs)(Li et al. 2018; Wang et al. 2019) to better
capture local geometric patterns. Nevertheless, CNN-based
approaches often struggle with limited receptive fields, es-
pecially in deeper networks. To address this, Vision Trans-
formers (ViTs)(Zhao et al. 2021; Fang et al. 2024; Deng
et al. 2024) have recently been adopted in PCC, offering en-
hanced global context modeling capabilities. Methods like
PCT(Guo et al. 2021) and Point Transformer (Zhao et al.
2021) leverage self-attention mechanisms to capture long-
range dependencies across points. Recently, Point Mamba
and Point Cloud Mamba (Liang et al. 2024; Zhang et al.
2025) have introduced Mamba-like models into point cloud
analysis, and achieved a global receptive field with linear
complexity. While these models achieve impressive results
on standard benchmarks, their generalization to novel or un-
seen domains remains a significant challenge.
Domain Generalized Point Cloud Classification (DG
PCC) DG PCC aims to enhance the PCC model’s generaliz-
ability to previously unseen domains. Existing DG methods
primarily focus on learning domain-invariant representa-
tions through meta learning (Huang et al. 2021), contrastive
learning (Wei, Gu, and Sun 2022) consistency regulariza-
tion (Kim et al. 2023), and data augmentation (Lehner et al.
2022; Xiao et al. 2023). While these approaches have shown
promising results, many are built on CNN-based backbones,
whose inherently limited receptive fields constrain their
ability to capture global structural information critical for
robust generalization. Subsequently, Huang et al. (Huang
et al. 2023) proposed Transformers-based subdomain align-
ment and domain-aware attention mechanisms, while suffer
from the quadratic computational costs. Recently, PointDG-
Mamba (Yang et al. 2025) introduced Mamba-based archi-
tectures (Wang et al. 2025) in DG PCC to improve gener-
alization to unseen domains. Although Mamba offers linear
inference efficiency and long-sequence modeling capabili-
ties, its fixed-size state space constrains its ability to capture
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Figure 2: Comparison of local structure modeling between
Vision-RWKV and our PointDGRWKV. (a) Vision-RWKV
uses fixed four-directional token shifts, which may distort
spatial relationships in unstructured point clouds. (b) In con-
trast, our Adaptive Geometric Token Shift dynamically ag-
gregates local information based on geometric neighbor-
hood, making it more suitable for point cloud data.

long-range spatial dependencies in point clouds. This high-
lights the need for novel architectures in DG PCC that can si-
multaneously support global context modeling and maintain
better long-range dependencies on long sequence length.
Reception Weighted Key Value (RWKV). RWKV (Yuan
et al. 2024; Chen et al. 2025) has garnered increasing at-
tention due to its significant advantages in global receptive
fields, computational complexity, and advantages in long se-
quence modeling. The core innovation is its linear WKV at-
tention mechanism and spatial mixing and channel mixing,
balancing local features and global dependencies through
gating and recursion mechanisms, and supporting parallel
training and efficient inference. Recently, Point-RWKV in-
troduce RWKV in point cloud analysis, but did not really
open-source their implementations. Regarding the unstruc-
tured and sparse nature of point clouds, as well as cross-
domain differences such as sensor or scene changes, pose
new challenges to RWKV (Yin, Li, and Dong 2024). To our
knowledge, this is the first work that studies the general-
izability of RWKV-based models toward unseen domains
in point cloud tasks. This paper uses the popular vision-
RWKV (Yuan et al. 2024) as the baseline.

Method
Revisiting the RWKV

RWKV (Duan et al. 2024) incorporates a token shift func-
tion, e.g., Q-Shift, which introduces interactions among
nearby positions along the channel dimension, enriching lo-
cal context without increasing the computational cost:

Q-ShiftS(X) = X + (1− µS)X
⋆

X⋆ = Concat(X1, X2, X3, X4),
(1)

where X⋆ denotes a sliced vector of X , capturing tokens
from positions adjacent to the current location in the channel
dimension. However, when applied to point clouds, this op-
eration may distort the underlying spatial structure (Fig.2).

Moreover, in the attention mechanism adopted by
Bi-WKV (Duan et al. 2024), the attention weight of each
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Figure 3: Illustration of the exponential function’s amplifi-
cation effect on key differences: for example, k1 = - 0.3 and
k2 = 1.0 differ by only 1.3, but after exponentiation, they be-
come e−0.3 ≈ 0.74 and e1.0 ≈ 2.72, showing a magnified
gap. This indicates that in Bi-WKV attention, small key dif-
ferences can be significantly amplified, potentially causing
biased attention and harming the model’s generalizability.

token is formulated as follows:

wkvt = Bi-WKV(K,V )t

=

∑T−1
i=0,i̸=t e

− |t−i|−1
T ·w+ki · vi + eu+kt · vt∑T−1

i=0,i̸=t e
− |t−i|−1

T ·w+ki + eu+kt

,
(2)

where ki and vi represent the key and value of the i-th to-
ken, respectively, and w is the learnable distance decay pa-
rameter, and u is the learnable bias term. Since the key k
appears directly in the exponential function, its distribution
has an exponential amplification effect on attention results
(Fig.3), which can lead to attention drift and degrade the
model’s generalization performance.

To address these limitations in the context of point cloud
domain generalization, we propose two modules, as illus-
trated in Fig. 4: Adaptive Geometric Token Shift (AGT-
Shift), which enhances local structure modeling via spatial
partitioning, and Cross-Domain Key Distribution Alignment
(CD-KDA), which improves the robustness of attention by
aligning key feature distributions across domains.

Adaptive Geometric Token-Shift
When adapting the token shift mechanism of RWKV to the
point cloud domain, two key challenges arise. Firstly, point
clouds inherently lack regular topological structures, mak-
ing it difficult to establish consistent spatial directions such
as “up,” “down,” “left,” and “right” as in image data. Sec-
ondly, point cloud datasets are typically large-scale, and con-
ventional operations like KNN search or graph construction
introduce substantial computational and memory overhead,
thereby limiting scalability. Consequently, a central chal-
lenge lies in achieving an effective balance between compu-
tational efficiency and the ability to model spatial structures.

To address this issue, we propose Adaptive Geometric To-
ken Shift (AGT-Shift). AGT-Shift efficiently constructs the
nearest neighborhood through spatial partitioning and intro-
duces a weighted feature aggregation scheme among neigh-
boring points to enable token shifting and enhance structural
awareness. By avoiding the explicit computation of pairwise
distance matrices, the method circumvents the quadratic
complexity typically found in KNN-based approaches.
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PointDGRWKV Architecture
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Figure 4: The architecture of PointDGRWKV consists of two key components: (a) Adaptive Geometric Token-Shift: it intro-
duces an adaptive offset strategy based on geometric relations to fuse features from neighboring points in a weighted manner.
It enables structure-aware feature shift and enhancement, improving the model’s ability to capture local geometric structures.
(b) Cross-Domain Key Distribution Alignment: By minimizing the distribution differences of key across different source do-
mains, CD-KDA reduces inconsistencies in cross-domain attention and enhances the model’s generalizability across domains.

Concretely, AGT-Shift partitions the 3D space into a set
of spatial sub-regions using a spatial hashing technique
with fixed step sizes. Points within the same sub-region are
treated as forming a local context block, capturing localized
geometric structures. For each point token, partial feature fu-
sion is then conducted by computing a weighted average of
the feature tokens within its corresponding region, facilitat-
ing efficient context-aware feature enhancement.

Let the point cloud features be denoted as F ∈ RB×N×C

and the corresponding point coordinates as X ∈ RB×N×3,
where B, N , C, represent the batch size, number of points,
and feature dimensions, respectively. The 3D space is dis-
cretized into a set of spatial grids Gi and each point is as-
signed to a grid cell based on its coordinates. For a given
point i ∈ Gi, its token shift feature is defined as:

f̂i =
∑
j∈Gi

wijfj , wij =
exp(−∥xj − µi∥)∑

k∈Gi
exp(−∥xk − µi∥)

,

(3)
where µi =

1
|Gi|

∑
j∈Gi

xj denotes the geometric center of
subregion Gi, and wij is the contribution of point j to the
representation of point i, with higher weights assigned to
closer points. To preserve the discriminability of the origi-
nal features and avoid excessive perturbation, we selectively
perturb only a subset of channels and introduce a residual
fusion mechanism to ensure stable feature refinement:

f out
i = [λf

(1)
i + (1− λ)f̂

(1)
i ∥ f

(2)
i ], (4)

where f
(1)
i represents the first C

′
channels (used for distur-

bance), f (2)
i is the remaining channel, and λ ∈ (0, 1) con-

trols the degree of the disturbance in token shift.

Remark. Note that our presented AGT-Shift module does
not rely on KNN or explicit adjacency graph construction,
nor does it depend on additional parameter learning. All ag-
gregation processes can be completed through tensor opera-
tions, and the overall computational complexity is O(N).

Cross-Domain Key Distribution Alignment
We observe that there are significant differences in the dis-
tribution of k across different domains, such as high or low
mean values of k features and significant differences in vari-
ance in some domains. These distribution shifts will cause
significant bias at ek level, leading to shifts of attention fo-
cus position within the domain, severely undermining the
model’s generalizability to unseen domains.

To address this issue, we propose Cross-Domain Key Fea-
ture Distribution Alignment(CD-KDA) to enhance the mod-
eling stability and structural generalization ability of atten-
tion mechanisms in cross-domain scenes. Regarding the na-
ture of point cloud data, the key vector k encodes the relative
importance of each point within its local neighborhood or in
relation to the global context. Specifically, k captures the
spatial selection tendencies of the points: its mean µ reflects
the global attention focus, while its variance Σ characterizes
the semantic or geometric diversity among points. Conse-
quently, if different source domains exhibit distinct distri-
butions of k due to geometric discrepancies, it will lead to
domain shifts in the aggregation of point cloud structures
governed by attention mechanisms. In contrast, although the
value vector v also contributes to attention computation, it
only serves as the weighted content to be aggregated. It does
not influence the generation of attention weights directly, nor
does it appear within the exponential function of the atten-
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Method Setting Venue Backbone PointDA-10 Benchmark PointDG-3to1 Benchmark
M,S*→S M,S→S* S,S*→M Avg. ABC→D ABD→C ACD→B BCD→A Avg.

PointDAN DA NeurIPS’2019 PointNet 77.38 40.32 78.69 65.46 58.85 81.66 48.86 79.95 67.33
DefRec DA WACV’2021 DGCNN 77.23 44.28 84.77 68.76 72.76 79.97 43.29 87.94 70.99
GAST DA ICCV’2021 DGCNN 79.43 47.69 81.72 69.61 71.78 86.43 52.31 86.21 74.18

MetaSets DG CVPR’2021 PointNet 81.39 50.86 83.48 71.91 73.24 92.41 60.97 87.28 78.48
PDG DG NeurIPS’2022 PointNet 79.82 51.73 83.51 71.69 73.38 92.98 60.57 89.90 79.21

PointNeXt DG NeurIPS’2022 PointNet 77.31 43.32 78.16 66.26 71.47 91.70 46.39 88.95 74.63
PCT DG CVM’2021 PointTrans 80.23 48.29 81.91 70.14 71.43 87.43 58.43 88.34 76.41

GBNet DG TMM’2021 PointTrans 79.94 48.92 81.34 70.07 72.78 87.83 57.76 88.82 76.80
SUG DG MM’2023 PointTrans 78.34 49.59 82.03 69.99 71.58 89.62 54.66 86.35 75.55
PCM DG AAAI’2025 PCM 81.02 46.83 83.92 70.59 72.27 91.24 57.28 87.54 77.08

PointDGMamba DG AAAI’2025 PCM 84.33 52.83 87.38 74.85 74.20 95.51 61.71 90.68 80.53
V-RWKV’ DG ICLR’2025 V-RWKV 81.90 49.52 85.49 72.24 73.42 92.12 57.88 88.18 77.90

PointDGRWKV DG - V-RWKV 84.39 54.10 88.49 75.66 76.37 95.99 63.92 91.38 81.92

Table 1: Performance comparison between the proposed method and the state-of-the-art point cloud classification methods on
the PointDA-10 and PointDG-3to1 benchmarks. The metric used is overall classification accuracy (%), and Avg. indicates the
mean accuracy across all target domain scenarios. The highest result in each benchmark is marked in bold.

tion formulation. As a result, its effect on generalization is
less immediate and critical than that of k.

Additionally, the spatial decay parameter w and bias u
in Bi-WKV are shared model parameters that encode the
model’s inherent sensitivity to spatial distance and positional
priors. These parameters should be learned jointly across
multiple source domains to capture a unified inductive bias,
and therefore should not be forcibly aligned across domains.

Based on these observations, we argue that aligning the
dynamic input key representations k across source domains
is the most critical and effective strategy to enhance gen-
eralization. Let the set of source domains be denoted as
{D1,D2, . . . ,Dn}, with the corresponding key features ex-
tracted from each domain represented by k(i) ∈ RT×C . We
define the following objective function for alignment:

LCD-KDA =
1

|P|
∑

(i,j)∈P

∥∥∥µ(i) − µ(j)
∥∥∥2
2
+
∥∥∥Σ(i) − Σ(j)

∥∥∥2
F
,

(5)
where µ(i) = 1

T

∑
t k

(i)
t is the key mean of the i-th domain,

Σ(i) is the corresponding covariance matrix, P is the set of
unordered domain pairs between all source domains, and
∥ · ∥F is the Frobenius norm. As such, by minimizing the
distribution of k representations between source domains,
the cross-domain stability of the attention mechanism is en-
hanced. The introduced CD-KDA explicitly aligns the dis-
tribution of k representations in different source domains on
a source domain basis, thereby improving the consistency of
the model’s attention distribution to the unseen domain.

Training and Inference
During the training phase, the total loss of the model in-
cludes the classification loss and the cross-domain feature
alignment loss, as follows:

L = λ1Lcls + λ2LCD-KDA, (6)

where Lcls is the cross-entropy loss used to supervise the
model’s ability to recognize point cloud classes. Hyperpa-
rameters λ1 and λ2, respectively, adjust the weights of these
two loss terms during training. During the inference stage,
only the trained feature extractor and classifier are used. The
model no longer requires access to any source domain data
and directly predicts the class labels of the target domain
samples. This allows for efficient and scalable deployment
in unseen domains without additional adaptation.

Experiments
Experiments Setup
Implementation Details. Our model was trained on
an NVIDIA RTX 4090 GPU. The optimizer AdamW
(Loshchilov and Hutter 2017) is used, with an initial learn-
ing rate of 1× 10−4, a cosine annealing scheduling strategy,
and a weight decay of 1×10−4. During the training process,
preprocessing and enhancement operations such as scaling,
normalization, and random jitter were applied to the input
point cloud data. The model adopts a four-stage hierarchi-
cal structure for gradually extracting and aggregating multi-
scale point cloud features. The number of RWKV blocks
included in each stage is 1, 1, 2 and 2, respectively. In all
experiments, λ1 = 1 and λ2 = 0.3 by default.
Benchmarks. To evaluate the generalizability of our method
in DG PCC, we conduct experiments on two benchmarks.
The first is PointDA-10 (Qin et al. 2019; Dai et al. 2017; Wu
et al. 2015), which includes ModelNet-10 (M), ShapeNet-10
(S), and ScanNet-10 (S*) with 10 shared categories. Model-
Net and ShapeNet contain clean point clouds generated from
synthetic 3D models, while ScanNet captures real-world
scenes with frequent missing regions due to occlusion. It de-
fines three cross-domain settings: M, S*→S; M, S→S*; and
S, S*→M. The second benchmark is PointDG-3to1 (Yang
et al. 2025), including ModelNet-5 (A), ScanNet-5 (B),
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AGTS KDA M,S*→S M,S→S* S,S*→M Avg. Gain
81.70 49.52 85.49 72.24 -

✓ 83.39 51.10 86.21 73.57 1.33
✓ 82.50 53.48 86.86 74.28 2.04

✓ ✓ 84.39 54.10 88.49 75.66 3.42

Table 2: Ablation study on the AGT-Shift (AGTS) and CD-
KDA (KDA) modules on the PointDA-10 benchmark.

ShapeNet-5 (C), and 3D-FUTURE-Completion (D) (Liu
et al. 2024; Fu et al. 2021), sharing five classes. It adopts
a “leave-one-out” setting to form four settings: ABC→D,
ABD→C, ACD→B, and BCD→A. Following common DG
practices, the training uses only source samples, and the
evaluation is performed on the target domain’s testing set.

Comparison Results
Comparison Methods. To comprehensively evaluate the
proposed method, we compare it with representative point
cloud classification models, including CNN-based meth-
ods such as PointDAN (Qin et al. 2019), DefRec (Achi-
tuve, Maron, and Chechik 2021), GAST (Zou et al. 2021),
PDG (Wei, Gu, and Sun 2022), MetaSets (Huang et al.
2021), and PointNeXt (Qian et al. 2022), as well as
Transformer-based approaches like SUG (Huang et al.
2023), PCT (Guo et al. 2021), and GBNet (Qiu, Anwar,
and Barnes 2021). We also include Mamba-based meth-
ods PCM (Zhang et al. 2025) and PointDGMamba (Yang
et al. 2025). Additionally, we evaluate V-RWKV, a modified
Vision-RWKV (Duan et al. 2024) variant with a different
number of blocks. Due to the unavailability of training code,
PointRWKV (He et al. 2025) is excluded.
Benchmark Results. We conduct a comprehensive evalua-
tion of the proposed PointDGRWKV method on two widely
used multi-domain point cloud generalization benchmarks:
PointDA-10 and PointDG-3to1. The results are presented
in Table 1. PointDGRWKV consistently outperforms ex-
isting methods in terms of average overall accuracy across
both benchmarks. Specifically, on the three domain gen-
eralization tasks of PointDA-10, PointDGRWKV achieves
better performance than the state-of-the-art PointDGMamba
across all DG tasks, with an average accuracy of 75.66%.
Notably, on the PointDG-3to1 benchmark, PointDGRWKV
achieves an average accuracy of 81.92% across four domain
shifts, outperforming PointDGMamba by a significant mar-
gin of 1.39%. The improvement is particularly pronounced
in the most challenging ACD→B setting.
Analysis of Improvements. Overall, PointDGRWKV
demonstrates high performance across different domains, in-
dicating strong cross-domain stability. We attribute this con-
sistent improvement to the AGT-Shift mechanism, which
better captures the local geometric structures inherent to un-
structured point cloud data, effectively mitigating the in-
formation mismatch caused by the “pseudo-local receptive
field” issue in the original RWKV. Additionally, the CD-
KDA module alleviates attention misalignment in Bi-WKV
caused by domain-specific variations in key distributions, en-

Shift M,S*→S M,S→S* S,S*→M Avg.
KNN-RandOne 83.39 52.85 87.38 74.54

KNN-Avg 83.87 53.36 85.51 74.25
KNN-WAvg 83.35 53.31 86.80 74.82

AGT-Shift (Ours) 84.39 54.10 88.49 75.66

Table 3: Ablations on different shifting strategies on the
PointDA-10 benchmark.

abling the model to learn more consistent structural percep-
tion across source domains and thereby enhancing gener-
alization to unseen domains. It is worth noting that while
the proposed method shows clear improvements on average,
its advantage is relatively modest in certain simpler settings,
suggesting that the primary gains come from improved ro-
bustness and stability under more complex domain shifts.

Ablation Study
Effectiveness of AGT-Shift and CD-KDA. To further val-
idate the specific roles of the proposed components in the
model, we conducted ablation experiments on the PointDA-
10 benchmark, and the results are presented in Table 2.
Firstly, we constructed a basic version of V-RWKV’ with-
out AGT-Shift and CD-KDA modules. Compared with the
basic model, the introduction of AGT-Shift improved the
overall performance in all three tasks, indicating that this
module has a positive effect on modeling the local geomet-
ric structure of point clouds. Furthermore, we separately in-
troduced the CD-KDA module for evaluation. We observed
stable performance improvements, indicating that the cross-
domain key feature alignment mechanism has a certain ef-
fect in alleviating attention bias and improving generaliza-
tion ability. Finally, when both modules are introduced si-
multaneously, the model achieves better performance on all
transfer tasks, indicating that AGT-Shift and CD-KDA are
complementary, jointly promoting the overall performance.
Effects of Different Shifting Strategies. To evaluate the
effectiveness of our proposed AGT-Shift module, we com-
pareit with three different token shifting strategies: (1)
KNN-Random Replacement (KNN-RandOne): For each
point, its K nearest neighbors are first identified using KNN
search. Then, one neighbor is randomly selected to replace
the original point’s feature. (2) KNN-Mean Aggregation
(KNN-Avg): After obtaining the K nearest neighbors, the
output feature is computed as the average of all neighbor fea-
tures, replacing the original. (3) KNN-Weighted Aggrega-
tion (KNN-WAvg): Different from KNN-Avg, a soft weight-
ing scheme is applied based on spatial distance, where closer
neighbors contribute more. Table 3 shows that the perfor-
mances of these strategies are 74.54%, 74.25%, 74.82%
for KNN-RandOne, KNN-Avg, KNN-WAvg, respectively.
Notably, KNN-RandOne performs competitively despite its
simplicity, suggesting that introducing randomness can help
alleviate overfitting to local patterns. However, all three vari-
ants suffer from quadratic computational complexity due
to KNN. In contrast, our AGT-Shift achieves better perfor-
mance while maintaining linear complexity and avoiding
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Setting M,S*→S M,S→S* S,S*→M Avg.
None 83.39 51.10 86.21 73.57

Only v 83.67 51.89 86.68 74.08
k and v 84.63 54.07 88.34 75.68

Only k (Ours) 84.39 54.10 88.49 75.66

Table 4: Ablation study comparing different alignment set-
tings for key (k) and value (v) in the CD-KDA module.

Scale M,S*→S M,S→S* S,S*→M Avg.
Ours-Base 83.99 53.83 87.62 75.15

Ours-Standard 84.39 54.10 88.49 75.66
Ours-Large 84.63 54.61 89.14 76.13

Table 5: Generalization results of PointDGRWKV across
varying network scales.

pairwise distance computation, highlighting its efficiency
and robustness in large-scale domain generalization tasks.
Impact of Key and Value Alignment in CD-KDA. To fur-
ther investigate the roles of different components in the at-
tention mechanism, we conduct an ablation study isolating
the effects of the key (k) and value (v) features in our pro-
posed CD-KDA module. Specifically, we design the follow-
ing variants: (1) None: no alignment is performed, serving
as a baseline; (2) Only v: alignment is applied solely on the
v features; (3) k and v: both k and v are aligned simulta-
neously; (4) Only k (Ours): alignment is applied solely on
the key representations k, as proposed in our method. The
results in Table 4 show that aligning only the value vec-
tor v brings limited performance improvement, suggesting
that despite contributing to feature aggregation, v has a rel-
atively minor influence on cross-domain generalization. In
contrast, aligning both the key k and value v vectors leads to
a more noticeable performance gain, indicating that promot-
ing feature consistency does benefit generalization. Interest-
ingly, the best performance is achieved when alignment is
applied solely to k, confirming our hypothesis that the key
vector, which directly influences attention weights via the
exponential function, plays a more critical role in guiding
spatial focus and structural understanding. Therefore, align-
ing k across domains significantly stabilizes the attention
mechanism and enhances generalization performance.

Visualization and Analysis
T-SNE Feature Visualization. To investigate the effective-
ness of each proposed module, we visualize the features of
target distributions under four different configurations us-
ing t-SNE, as illustrated in Fig. 5. Specifically, (I) shows the
baseline without AGT-Shift and CD-KDA, (II) removes only
the AGT-Shift module, and (III) removes only the CD-KDA
module, while (IV) represents our complete model. The vi-
sualization is conducted on the test set of the ShapeNet-5 (C)
dataset under the PointDG-3to1 benchmark, with different
colors denoting different classes. Among the first three ones,
the baseline (I) exhibits the lowest intra-class compactness,

IV. OursIII. w/o CD-KDA

cabinet lamptablesofa chair

I. baseline II. w/o AGT-shift

Figure 5: T-SNE visualization results of target domain fea-
ture distribution of PointDGRWKV under different module
configurations. Different colors represent different classes.

indicating limited discriminability. Removing either AGT-
Shift (II) or CD-KDA (III) leads to moderate improvements,
but both still show less compact clusters and more ambigu-
ous boundaries compared to the full model. Notably, these
differences are especially clear in categories such as cabi-
net (blue) and table (purple). The complete model (IV), in
contrast, achieves the most compact intra-class distributions
and the clearest inter-class boundaries, demonstrating supe-
rior feature separability and confirming the essential roles of
AGT-Shift and CD-KDA in DG.
Effect of Model Scale. To examine the impact of model
capacity on generalization, we design three variants of
our PointDGMamba: Ours-Base, Ours-Standard, and Ours-
Large. As summarized in Table 5, the Standard version
follows the default configuration used in our main experi-
ments. Ours-Base reduces the number of network blocks by
half, resulting in a shallower architecture. In contrast, Ours-
Large increases the feature dimension and performs denser
point sampling during processing. Among these, Ours-Large
achieves the best average accuracy, indicating that increased
representational power and finer geometric granularity bene-
fit generalization. Meanwhile, the Base model still performs
competitively to state-of-the-art methods, indicating the pro-
posed method is effective even at lower computational cost.

Conclusion
We propose PointDGRWKV, the first RWKV-based frame-
work for DG PCC. It enhances spatial perception and gener-
alization while retaining RWKV’s efficient sequence mod-
eling and linear complexity. To address RWKV’s limitations
on 3D data, we introduce AGT-Shift for improved local ge-
ometric modeling and CD-KDA to reduce attention drift by
aligning key distributions across domains. Extensive exper-
iments on PointDA-10 and PointDG-3to1 benchmarks con-
firm that our method achieves state-of-the-art performance
with a strong balance between efficiency and robustness.
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