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Abstract
Multimedia technologies leverage multi-source to alleviate
real-world data incompleteness, providing a versatile plat-
form for multi-view learning. Among existing research,
graph-based multi-view learning has achieved notable suc-
cess. However, prior studies always immerse in compre-
hensive collaboration across all views and nodes to pursue
consistency and complementary, which ignore the negative
contribution of nodes from low-quality views. To overcome
the above limitation, we explore node behavior selection
in multi-view dynamic modeling and propose a knowledge-
aware multi-view state space model. Specifically, nodes au-
tonomously select either activation sequences or static se-
quences according to their current knowledge. In the for-
mer, we design the mask-based attention mechanism to cap-
ture the dynamics of node behaviors. In the latter, we con-
struct a history pool and simulate synaptic signals to regu-
late the behavioral distribution of nodes. Moreover, the pro-
posed model provides a directional inter-view diffusion equa-
tion that selectively propagates information to alleviate inter-
ference from low-quality nodes across views. Extensive ex-
periments demonstrate that the proposed model outperforms
baselines on multiple benchmarks and achieves significant
performance improvement.

Introduction
The maturation of multimedia technologies have gener-
ated large amounts of heterogeneous real-world data. Such
data typically integrates multiple perspectives and modali-
ties to represent the same entity, commonly named multi-
view data. Owing to its strong ability to mine and inte-
grate heterogeneous information, multi-view learning has
been widely used in machine learning (Wang et al. 2022a,b;
Wang, Zhang, and Zhou 2025), data mining (Wang et al.
2021; Kou et al. 2024; Wang, Zhang, and Zhou 2025), and
recommender system (Lin et al. 2023; Li et al. 2024). In re-
cent years, with its outstanding capability in capturing local
and global features, graph-based multi-view learning (Chen
et al. 2022; Sun et al. 2024; Wu et al. 2024) has gained
widespread popularity.
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(a) Base kNN = 5 (76.5%) (b) Base kNN = 10 (75.3%) (c) w/o Graph (75.0%)

(d) Dual views (86.2%) (e) Triple views (83.1%) (f) Four views (89.2%)

Figure 1: Comparison of classification visualization between
graph-based and non-graph methods on the dataset HW for
single-view and multi-view representations.

Most existing graph-based multi-view learning (Yang
et al. 2022; Wang et al. 2024; Yang et al. 2024) focus on en-
riching intra-view contextual structures to enhance view rep-
resentation, independently. However, richer intra-view con-
textual interactions often involve low-quality nodes in joint
optimization, which potentially degrade the overall quality
of the view. Fig. 1(a) and Fig. 1(b) illustrate that higher in-
formation density within a view strengthens intra-class con-
nectivity, and it also introduces more heterogeneous edges,
potentially contaminating same-class nodes. Furthermore,
the absence of contextual guidance for view updates leads
to excellent handling of features for certain categories, as
shown in Fig. 1(c). Although numerous studies have at-
tempted to optimize intra-view data dependencies to al-
leviate the influence of heterogeneous edges (Chen et al.
2023a,b; Lu et al. 2024a), these methods still depend on
static contextual structures and joint training of all nodes to
explore consistency and complementarity.

The emergence of Mamba (Gu and Dao 2024) as a new
paradigm of State Space Models (SSMs) has demonstrated
excellent performance across various fields (Liu et al. 2025;
Shaker et al. 2025; He et al. 2025), and offers a novel
perspective for advancing dynamic modeling in multi-view
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learning. Relevant studies preliminarily explore the applica-
tion of SSMs in multi-view learning (Zhu et al. 2025b,a),
which enhances dynamic modeling within individual views.
Nevertheless, these methods still inevitably involve all views
in a joint optimization process. As shown in Fig. 1(d), Fig.
1(e) and Fig. 1(f), multi-view collaborative training provides
more effective feature representations compared to single-
view learning (e.g., Fig. 1(a)), but the inclusion of low-
quality views may degrade overall performance (e.g., Fig.
1(e)). Although existing methods (Xu et al. 2020; Zhang
et al. 2021; Xu et al. 2023) have achieved some success in
optimizing shared representations via attention-weighted fu-
sion and feature concatenation, they remain ground in col-
laborative fusion over all nodes across views and lack fine-
grained, node-level interactions among views. Overall, ex-
isting multi-view graph methods face two key limitations:
1) reliance on manually constructed static intra-view struc-
tures, which ignore the autonomy of individual nodes; 2)
immersion in collaborative training among all view nodes,
which inevitably involves low-quality view representations.

In response to these challenges, we break away from tra-
ditional multi-view learning that relies on collaborative op-
timization over all view nodes, instead of model state ag-
gregation, and updates as a node-level autonomous behav-
ior. Building on this perspective, we propose a Knowledge-
Aware Multi-view State Space Model (KAMSSM) that in-
terprets node states as intrinsic knowledge representations
and achieves dynamic interactions both intra- and inter-view.
Specifically, within each view, we integrate a customized
environment network with the Gumbel-Softmax distribu-
tion, allowing nodes to decide whether to engage in com-
munication. The participating nodes form the activation se-
quence, while the others remain in the static sequence. Un-
like previous graph-based multi-view methods, the activa-
tion sequence leverages node states to facilitate node-level
contextual dependency mining. Nodes within the activation
sequence are further classified into source nodes, receiver
nodes, and standard nodes, based on their interaction behav-
ior (Node behavior illustration is provided in Appendix A).
Source nodes send messages, receiver nodes collect mes-
sages, and standard nodes perform both roles. Accordingly,
we propose a mask-based linear attention mechanism to en-
able state updates for different nodes based on their per-
formed actions, and employ a smoothness loss (Xing et al.
2024) to regularize the node state within the activation se-
quence. The static sequence designs a history pool and sim-
ulates synaptic signals to provide historical guidance for be-
havior selection and avoid potential key nodes from remain-
ing silent by dynamically adjusting the Gumbel-Softmax
distribution.

Furthermore, we introduce a directional inter-view diffu-
sion equation that enables fine-grained, selective state ex-
change across views. This approach facilitates sufficient in-
formation flow while suppressing interference from low-
quality views, promoting dynamic balance and effective col-
laboration across views. The key contribution of this paper
can be summarized as:
• We propose a knowledge-aware multi-view state space

model, treating node states as knowledge and enabling

node-level dynamic interactions intra- and inter-view.
• Redefine intra-view node serialization through the in-

troduction of activation and static sequences to enable
behavior-driven state aggregation and update.

• We provide a directional inter-view diffusion equation
for selective and efficient cross-view interaction, en-
abling fine-grained state flow and suppressing interfer-
ence from low-quality view.

Related Works
In this section, we briefly review the existing graph-based
multi-view learning and state space models.

Graph-based Multi-view Learning
Given the powerful ability to capture both local and
global information, graph structures have attracted increas-
ing multi-view interest (Xia et al. 2021; Jiang and Liu 2022;
Li et al. 2023; Lu et al. 2025). The propagation formula for
Graph Neural Networks (GNNs) can be expressed as:

hk
i = σ

(
Wk · Agg

(
{hk−1

j | j ∈ N (i)}
)
+ bk

)
, (1)

where hk
i is the feature of node i at layer k, N (i) is its neigh-

bor set, Wk and bk are the corresponding learnable weights
and biases, and σ(·) is a nonlinear activation.

Recent advances in graph-based multi-view learning
(Cheng et al. 2021; Wen et al. 2023; Lin et al. 2025) have
explored various strategies for capturing view-specific struc-
tures and enhancing cross-view consistency. To improve
structural alignment, some studies constructed subspace an-
chor graphs and bipartite graphs, to capture hidden features
and global structural relationships, leveraging GCNs for em-
bedding learning (Cui et al. 2023; Fu et al. 2024). Several
works have focused on topological refinement. (Chen et al.
2023b) employed topology sparsification for view propaga-
tion and fusion, while (Chen et al. 2023a) optimized multi-
view dependencies via kNN and kFN strategies. In addi-
tion, (Wu et al. 2023) combined reconstruction error with
Laplacian embedding to model inter-view independence and
consistency. (Lu et al. 2024a) and (Zhuang et al. 2024).
leveraged energy-based equations and Laplacian smoothing
theory, to guide inter-view diffusion and co-optimize graph
structure with consistency-aware objectives.

Despite graph-based multi-view learning has made signif-
icant progress in capturing data dependencies, it still lacks
node-level modeling capabilities and fails to dynamically
adapt to changes in node states.

State Space Models
With its strong dynamic modeling capability, State Space
Models (SSMs) have been widely applied across various
fields (Park et al. 2024; Gao, Qi, and Chen 2024; Zhu et al.
2024). Specifically, SSMs define linear Ordinary Differen-
tial Equation (ODE) (Aoki 2013), which maps the input se-
quence x(t) ∈ RL to response the output y(t) ∈ RL by
incorporating the hidden state h(t) ∈ RN×L, given as{

h′(t) = Ah(t) +Bx(t),

y(t) = Ch(t),
(2)
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Figure 2: An overview of the proposed knowledge-aware multi-view state space model framework.

where A ∈ RN×N can be seen as an evolution parameter,
B ∈ RN and C ∈ RN are the projection parameters. After
parameter discretization (Gu et al. 2020), the above formu-
lation can be expressed as:{

h(t) = Āh(t− 1) + B̄x(t),

y(t) = Ch(t) +Dx(t),
(3)

where
Ā = exp(∆A),

B̄ = (∆A)−1 (exp(∆A− I)) ·∆B.
(4)

Building on this foundation, (Gu, Goel, and Re 2022; Gu
et al. 2022) propose a structured state space model by apply-
ing low-rank correction and diagonalization to the state ma-
trix, which simplifies computation and improves efficiency.
The emergence of Mamba as a new paradigm in state space
models, which introduces a novel selection mechanism (Gu
and Dao 2024) and gains wide attention across various re-
search fields due to its strong dynamic modeling capabilities.
(Behrouz and Hashemi 2024) propose the Graph Mamba
framework, which encodes subgraph sequences and adopts
bidirectional scan, revealing the promise of SSMs for graph-
structured data. (Zhu et al. 2025b) incorporate Mamba into
multi-view learning to adaptively select and enhance view
representations. TMFN leverages Mamba to implement a
selective fusion mechanism for trusted integration of multi-
view data (Zhu et al. 2025a).

Although the Mamba offers new insights into dynamic
modeling for multi-view learning, existing methods often fo-
cus on intra-view dynamics while overlooking fine-grained
interactions across views.

Methodology
In this section, we propose a Knowledge-Aware Multi-view
State Space Model (KAMSSM), which is grounded in node-
level modeling and designed to optimize fine-grained inter-

actions both intra- and inter-view. Fig. 2 represents the net-
work structure of the proposed method.

Notation and Problem Definition
In multi-view classification scenarios, we are given a dataset
D = {X ,Y}, where X = {Xv ∈ RN×Dv}Vv=1 repre-
sents the view-specific feature, and yi ∈ Y denotes the la-
bel associated with each sample. Notation details are pro-
vided in Appendix B. The objective of multi-view learning
is to exploit the underlying consistency and complementar-
ity among views with limited labeled samples and improve
the prediction of unseen labels. Considering the different
feature dimensions across views, we map the features from
each view into a shared space, where the features are repre-
sented as Hv

0 .

Selective Intra-view Communication
KAMSSM formulates node states as knowledge represen-
tations that guide selective information exchange. At each
moment, nodes autonomously enter either the activation or
static sequence.

Adaptive Sequence Assignment Nodes from different
views are encoded through the environment encoders into
low-dimensional embeddings that serve as their behavior
distributions:

Pv
t = Env(Hv

t ), (5)
where Env(·) denotes the environment network of the cur-
rent view, and the details are provided in Appendix B. Sub-
sequently, the Gumbel-Softmax estimator is applied to eval-
uate the Gumbel-Softmax distribution of nodes,

gv
i =

exp ((log(pv
i ) + nv

i )/τ)∑c′

j=1 exp
(
(log(pv

j ) + nv
j )/τ

) , (6)

where Gv
t = {gv

1, · · · , gv
n} ∈ RN×c′ , c′ is the number of

behavior categories, nv
i ∼ Gumbel(0, 1) is the indepen-
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dently distributed Gumbel noise, and τ is a temperature pa-
rameter that controls the smoothness of the distribution.

Through hard sampling on the Gumbel-Softmax distribu-
tion, all nodes are assigned into activation sequences Ĥv

t ∈
RN̂v×d and static sequences H̄v

t ∈ RN̄v×d, where Ĥv
t ∪

H̄v
t = Hv

t , and Ĥv
t ∩ H̄v

t ̸= ∅. We then compute the repre-
sentations for both sequences.

Activation Sequences Nodes within the activation se-
quence are categorized as source, receiver, or standard
nodes, based on their communication behavior. Specifically,
we design a mask-based attention mechanism to capture
intra-sequence contextual dependencies, enabling nodes to
communicate selectively, given by

Av
t = softmax

(
QKT

√
dk

)
⊙Mv, (7)

where ⊙ denotes Hadamard product, Q = WQ
t H

v
t , K =

WK
t Hv

t , and dk is the degree of K. Mv ∈ RN×N is a mask
matrix to control the behavior of different node types, which
can be described as:

Mv =


Mv

ij = 1, if ni receives messages,
Mv

ij = 0, if ni does not receive messages,
Mv

ji = 1, if ni sends messages,
Mv

ji = 0, if ni does not send messages,

where ni represents the i-th node for any j ∈ {1, . . . , N}.
However, Eq. (7) inevitably involves a computational com-
plexity of O(N 2), which causes significant extra computa-
tion when dealing with large-scale data.

Therefore, we reorder matrix operations to reduce time
complexity, and construct matrices K̃v

t and Q̃v
t matrices like

(Wu et al. 2022). Similarly, the corresponding mask matrix
Mv will be separated into MQv and MKv to constrain the
communication among nodes, given by

MKv
ij =

{
1, if ni sends messages,
0, if ni does not send messages,

MQv
ij =

{
1, if ni receives messages,
0, if ni does not receive messages,

for any j ∈ {1, . . . , d}. Then the masked Key and Query ma-
trices are denoted as K̂v

t , Q̂v
t , respectively. The state update

equation under the activation sequence can be expressed as
follows:

Ĥv
t = D−1[Q̂v

t−1(K̂
v⊤
t−1Ĥ

v
t−1)], (8)

where D is the degree of attention score.
Notably, the graph transformers tend to assign higher

attention scores to nodes with similar embeddings, which
keeps neighboring node embeddings smooth (Xing et al.
2024). Accordingly, we optimize the smoothness of embed-
dings learned from the activation sequence, defined as

Lsm =
1

V

V∑
v=1

∥Ĥv
t − Ĥv

t−1∥F , (9)

where V refers to the number of views, and a small Lsm

indicates the activation sequence effectively identifies infor-
mative nodes and aggregates information.

Static Sequences The node that is not required to perform
communication is assigned to the static sequence, which
alleviates redundant information exchange. To avoid key
nodes being trapped in static sequences and enhance tem-
poral modeling, the static sequence leverages the history
pool to track past behaviors bvi and Gumbel-Softmax distri-
butions svi . In particular, we treat the current and historical
Gumbel-Softmax distributions of a node as two neurons and
simulate synaptic signaling to adjust its distribution, where
the signal strength is enhanced when both neurons are si-
multaneously activated,

∆gv
i = ηgv

i s
v
i , ĝv

i = gv
i +∆gv

i , (10)

where η denotes the learning rate of the signal. And the ad-
justed Gumbel-Softmax distribution can be expressed as:

Ĝv
t = Gv

t + ηGv
t ⊙ Sv ⊙Bv. (11)

The memory activation module will re-select the nodes
within the static sequences. And the state update equation
under the static sequence can be expressed as follows:

H̄v
t = B̄v

t−1H̄
v
t−1, (12)

where B̄v
t−1 is used to train networks on static sequences,

such as an MLP or a linear model.

Fine-grained Inter-view Interaction
Each view is updated independently through an activation
sequence and a static sequence, which can be formulated as:

Hv
t = D−1[Q̂v

t (K̂
v⊤
t Ĥv

t )] +Bv
t H̄

v
t . (13)

Algorithm 1: Training procedure of KAMSSM.

Require: Multi-view data {Xv}Vv=1, semi-supervised in-
formation Y, hyperparameters τ , η and ∆t.

Ensure: The predicted label matrix Ỹ for unlabeled data.
1: Initialize {Wv,bv}Vv=1 of the network;
2: while not converged do
3: for v = 1 → V do
4: Construct the initial Gumbel distribution by Eq.

(6);
5: end for
6: for t = 1 → T do
7: for v = 1 → V do
8: Compute the activation state Ĥ

(v)
t by Eq. (8),

9: Calculate the Lsm through Eq. (9),
10: Update Gumbel distribution by Eq. (11),
11: Compute the static state H̄

(v)
t by Eq. (12);

12: end for
13: Compute inter-view state diffusion by Eq. (15);
14: end for
15: Calculate Z by Eq. (16),
16: Calculate Ŷ and Lce by Eq. (17),
17: Calculate the golbal L by Eq.(18)
18: Optimize {W(v),b(v)}Vv=1 and {W,b} of the net-

works with backward propagation;
19: end while
20: return The predicted label matrix Ŷ.
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Existing multi-view methods leverage attention weight fu-
sion or feature concatenation to construct shared representa-
tions, but the lack of fine-grained interaction will lead to in-
terference from low-quality nodes, causing information con-
tamination.

To this end, we propose a directional diffusion equation
that guides the transition of node states across different
views via diffusion coefficients, given as

∂Hv
t (i)

∂t
=

V∑
m=1

Rvm
t

(
Hm

t−1(i)−Hv
t−1(i)

)
, (14)

where Rvm
t denotes the diffusion coefficient to describe

state flow from view m to view v for node i. Then we rely
on the explicit Euler method with step size ∆t to solve the
differential equation as follows:

Hv
t = ∆t

V∑
v=1

Rvm
t Hv

t−1 +

(
I−∆t

V∑
v=1

Rvm
t

)
Hv

t−1.
(15)

Training Strategy
After K times alternating updates, we fuse the representa-
tion from all views, the final representation is given as:

Z = F(H1
t , . . . ,H

v
t ). (16)

Subsequently, we employ an MLP to map the fused repre-
sentation to class prediction probabilities, and define a loss
function based on the cross-entropy errors:

Ŷ = MLP(Z), Lce = −
∑
i∈Φ

C∑
j=1

Yij ln Ŷij . (17)

where Φ is the set of samples with labels. The algorithmic
loss consists of a smoothness loss and a cross-entropy loss,
expressed as:

L = Lce + Lsm. (18)

The algorithm complexity is O(Nd2), with a detailed anal-
ysis provided in Appendix B, and the specific algorithmic
workflow is outlined in Algorithm 1.

Experiment
In this section, we construct a series of experiments to eval-
uate the effectiveness of KAMSSM and answer several key
questions:

• Q1: How does KAMSSM perform on multi-view semi-
supervised node classification tasks?

• Q2: Does KAMSSM efficiently perform state updates
by incorporating node-level knowledge awareness both
intra- and inter-view?

Experimental Setup
Our model is implemented in PyTorch and trained on an In-
tel i5-12600KF CPU with an RTX 3090 GPU (24GB cache).
All experiments are conducted with a 10% supervision rate,
and the detailed model parameters for each dataset are pro-
vided in Appendix C.

Datasets # Samples # Views # Classes Data types

BDGP 2,500 2 5 Object image
Caltech 1,474 6 7 Object image
Flickr 12,154 2 7 Object image
HW 2,000 6 10 Digit image

OutScene 2,688 4 8 Object image
WebKB 203 3 4 Web Text

NoisyMNIST 70,000 2 10 Digit image
NUSWIDE 20,000 2 8 Object image

Table 1: A brief description of the tested datasets.

Datasets We evaluate the KAMSSM performance on six
real-world multi-view datasets and further analyze its com-
putational efficiency under two large-scale datasets. Table 1
presents a brief summary of these datasets; more details are
given in Appendix C.

Baseline Methods KAMSSM is compared with represen-
tative non-graph and graph-based multi-view learning. Non-
graph methods include ERL-MVSC (Huang et al. 2021),
DSRL (Wang et al. 2022b) and PDMF (Xu et al. 2023),
while graph-based methods include Co-GCN (Li, Li, and
Wang 2020) LGCN-FF (Chen et al. 2023b), GEGCN (Lu
et al. 2024b), ECMGD (Lu et al. 2024a) and TUNED
(Huang et al. 2025).

Comparison to SOTA (Q1)
In this section, we evaluate the performance of the proposed
model on semi-supervised node classification tasks. Then,
we further assess its generalization, parameter sensitivity,
and convergence.

Semi-supervised Classification Table 2 presents the node
classification results, where KAMSSM achieves superior
performance compared to the baseline algorithms across
most datasets. In particular, it achieves notable improve-
ments on the datasets Flickr and WebKB, outperforming
the second-best method in accuracy by 2.1% and 6.8%, re-
spectively. The only exception is Caltech, where KAMSSM
slightly trails DSRL but exhibits more stable performance
with lower variance.

(a) NUSWIDE (b) NoisyMNIST

Figure 3: Running time and performance comparison on
large-scale datasets (OOM methods not included).
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Classifiation w/o Graph Multi-view Learning Graph-based Multi-view Learning

Dataset Metrics ERL-MVSC DSRL PDMF Co-GCN LGCN-FF GEGCN ECMGD TUNED KAMSSM

BDGP
ACC 93.5 (0.8) 98.0 (1.7) 98.1 (0.4) 94.6 (1.7) 98.1 (0.2) 95.6 (0.7) 97.9 (0.2) 97.3 (0.2) 98.6 (0.2)
F1 93.5 (0.8) 98.0 (1.7) 98.1 (0.4) 94.6 (1.7) 98.0 (0.2) 95.6 (0.7) 97.9 (0.2) 97.3 (0.2) 98.6 (0.2)

Caltech
ACC 93.3 (1.2) 95.2 (2.8) 92.2(1.0) 90.5 (3.5) 91.7 (1.2) 93.6 (0.3) 93.8 (0.1) 90.2 (1.2) 95.1 (0.3)
F1 75.6 (4.9) 81.1 (10.5) 69.2 (4.1) 65.0 (10.6) 63.7 (4.6) 70.0 (1.9) 76.7(0.9) 60.5 (4.9) 80.7 (0.7)

Flickr
ACC 59.2 (0.5) 67.4 (8.3) 71.3 (0.3) 61.2 (2.6) 46.2 (4.1) 64.3 (0.1) 68.1 (0.1) 69.4 (0.4) 73.4 (0.2)
F1 59.0 (0.5) 67.2 (8.5) 71.2 (0.2) 61.1 (2.4) 43.6 (5.3) 64.3 (0.1) 67.5 (0.2) 68.7 (1.1) 73.2 (0.3)

HW
ACC 87.0 (0.4) 77.9 (0.9) 94.3 (0.6) 91.6 (2.7) 92.4 (7.1) 94.8 (0.2) 95.1 (0.2) 91.9 (0.7) 96.4 (0.1)
F1 92.7 (0.5) 87.5 (0.3) 94.4 (0.6) 86.9 (0.0) 92.4 (7.2) 94.8 (0.3) 95.1 (0.2) 92.1 (0.7) 96.4 (0.1)

OutScene
ACC 68.8 (1.4) 44.7 (0.8) 75.5 (0.6) 71.0 (2.1) 61.1 (11.0) 77.6 (0.3) 78.8 (0.2) 75.0 (1.5) 80.1 (0.4)
F1 69.2 (1.4) 42.1 (2.9) 75.9 (0.6) 71.3 (2.0) 57.9 (15.6) 77.9 (0.3) 78.8 (0.2) 74.9 (1.7) 80.2 (0.3)

WebKB
ACC 65.9 (8.8) 60.4 (10.4) 72.2 (3.2) 71.2 (7.9) 78.6 (2.1) 75.2 (1.2) 77.8 (0.6) 74.5 (6.5) 84.6 (0.9)
F1 38.0 (17.1) 27.2 (11.1) 37.9 (2.4) 39.6 (4.1) 38.2 (1.5) 34.5 (1.5) 39.4 (0.7) 41.8 (4.3) 45.9 (0.6)

Table 2: Average ACC and F1 with standard deviation (5 trials). The best highlighted in bold and the second-best underlined.

(a) HW accuracy vs. supervision ratio. (c) KAMSSM loss and accuracy on HW.(b) HW performance w.r.t. 𝜂 and Δ𝑡.

Figure 4: Experimental results on the dataset HW w.r.t. supervision ratios, parameter sensitivity, and convergence curves.

To further assess the scalability of KAMSSM, we extend
the evaluation to large-scale datasets. As shown in Fig. 3,
the proposed model maintains high computational efficiency
and strong predictive performance as the data size increases.

Training Size Set We further conduct an in-depth ex-
perimental analysis of KAMSSM under different supervi-
sion rates. Fig. 4(a) presents the classification performance
of KAMSSM and baseline algorithms on the dataset HW
across supervision rates ranging from 0.05 to 0.5. It is evi-
dent that KAMSSM consistently outperforms in all propor-
tions of categorized information.

Parameter Sensitivity Analysis From Fig. 4(b), we ob-
serve that KAMSSM achieves optimal performance on the
dataset HW with a smaller diffusion coefficient ∆t and a
moderate signal learning rate η on the HW. The parameter
sensitivity results on other datasets are provided in Appendix
C for comprehensive reference.

Convergence Analysis Then, as shown in Fig. 4(c),
KAMSSM exhibits stable convergence within 100 epochs
on the dataset HW. Additional convergence experiments on
the other datasets are presented in Appendix C.

Selective Collaboration (Q2)
This section presents an empirical analysis of how
KAMSSM performs knowledge-aware state updates among
nodes.

Dynamic Intra-view Interaction Fig. 5(a) shows the dis-
tribution of node types within each view on the dataset HW.
Combined with Fig. 5(b), we observe that lower-quality

(b) Per-view performance.(a) Node Type Distribution across views. 

Figure 5: Proportions of node behavior and performance per
view on the dataset HW.
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(a) PDMF (b) GEGCN (c) ECMGD (d) TUNED (e) KAMSSM

Figure 6: t-SNE visualizations based on the fused representations of the dataset HW.

views have a higher proportion of standard nodes, reflect-
ing more active intra-view interactions. And Fig. 5(b) il-
lustrates that KAMSSM improves view quality more effec-
tively than static kNN-based contextual structures through
selective intra-view communication.

Visualization Analysis Fig. 6 presents the node classifi-
cation visualization results on the HW dataset for the pro-
posed model and the baselines. The results indicate that our
model effectively enhances inter-class separability and intra-
class compactness. More visualizations on the dataset HW
are given in Appendix C.

Stability Analysis To verify the advantage of dynamic
modeling under perturbation scenarios, we inject Gaussian
noise N (0, σ2) into each view. As shown in Fig. 7, as
noise variance increases, all methods show performance
drops, while KAMSSM consistently leads, demonstrating its
ability to mitigate low-quality features through knowledge-
guided node-level decisions. Further node attack experi-
ments on additional datasets are provided in Appendix C.

(a) HW (b) Flickr

Figure 7: Performance comparison under node attacks on the
datasets HW and Flickr.

Ablation Study (Q1 & Q2)
In this section, we evaluate the contribution of each com-
ponent in the proposed model. KAMSSM enables dynamic
node interactions within and across views, guided by knowl-
edge. The former is primarily driven by node behaviors
through activation and static sequences. In the activation se-
quences (AS), we replace the dynamic directional data de-
pendency with static graphs constructed by kNN with k=10.

In the static sequences (SS), we remove the historical pool
and synaptic signals, and the Gumbel-Softmax distribution
at each step depends only on the current node state. To verify
the necessity of fine-grained inter-view interaction (FI), we
adopt an attention-based weighted fusion across views while
preserving intra-view modeling. From Table 3, we observe
that all three modules contribute significantly to enhancing
dynamic view modeling. Notably, although the activation
and static sequences significantly enhance the model, the ab-
sence of directional diffusion-based view interactions often
results in degraded view quality, particularly on the datasets
Flickr, OutScene, and WebKB.

Dataset w/o AS w/o SS w/o FI Our

BDGP 95.6 (0.3) 97.9 (0.2) 97.7 (0.7) 98.6 (0.2)
Caltech 92.3 (0.3) 93.9 (0.5) 93.3 (0.5) 95.1 (0.3)
Flickr 64.5 (0.5) 71.1 (0.2) 71.9 (0.5) 73.4 (0.2)
HW 94.7 (0.5) 95.8 (0.5) 95.6 (0.5) 96.4 (0.1)

OutScene 74.9 (0.9) 76.9 (0.9) 77.5 (0.8) 80.1 (0.4)
WebKB 72.8 (4.0) 78.1 (9.8) 82.0 (1.0) 84.6 (0.9)

Table 3: Performance comparisons among model variants on
the above six datasets.

Conclusion
In this paper, we move beyond previous graph-based multi-
view learning that relies on collaborative optimization over
all view nodes, and propose a knowledge-aware state space
model that enables node-level selective interactions both
intra- and inter-views. The proposed model redefines intra-
view node serialization through activation and static se-
quences to enable node behavior-driven state aggregation
and update, avoiding the involvement of all nodes in contex-
tual interactions. In addition, we define a directional inter-
view diffusion equation to achieve fine-grained dynamic in-
teraction among views and prevent contamination from low-
quality view. Experimental evaluations on various multi-
view datasets confirm the superiority of the proposed model,
as well as its efficiency in conducting node-level state up-
dates within and across views. Moving forward, we aim to
broadly explore neural state space models and neural ODEs
for explaining multi-view learning, while also investigating
more lightweight model designs.
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