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Abstract

In incomplete multi-view clustering (IMVC), missing data
induce prototype shifts within views and semantic inconsis-
tencies across views. A feasible solution is to explore cross-
view consistency in paired complete observations, further
imputing and aligning the similarity relationships inher-
ently shared across views. Nevertheless, existing meth-
ods are constrained by two-tiered limitations: (1) Neither
instance- nor cluster-level consistency learning construct a
semantic space shared across views to learn consensus se-
mantics. The former enforces cross-view instances align-
ment, and wrongly regards unpaired observations with se-
mantic consistency as negative pairs; the latter focuses
on cross-view cluster counterparts while coarsely handling
fine-grained intra-cluster relationships within views. (2)
Excessive reliance on consistency results in unreliable im-
putation and alignment without incorporating view-specific
cluster information. Thus, we propose an IMVC frame-
work, imputation- and alignment-free for consensus seman-
tics learning (FreeCSL). To bridge semantic gaps across all
observations, we learn consensus prototypes from available
data to discover a shared space, where semantically sim-
ilar observations are pulled closer for consensus seman-
tics learning. To capture semantic relationships within spe-
cific views, we design a heuristic graph clustering based
on modularity to recover cluster structure with intra-cluster
compactness and inter-cluster separation for cluster se-
mantics enhancement. Extensive experiments demonstrate,
compared to state-of-the-art competitors, FreeCSL achieves
more confident and robust assignments on IMVC task.

1. Introduction

Thanks to representation learning enhanced by data ob-
served from different perspectives, multi-view clustering
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Figure 1. Research Motivation for Consensus Semantic Learning.
(a) two existing paradigms, instance- and cluster-level, either treat
cross-view unpaired observations with similar semantics as false
negatives or neglect to treat within-view observations with similar
semantics as true positives; (b) we propose a novel semantic-level
paradigm based on contrastive clustering with a set of consensus
prototypes to foster semantic consistency across all view data.

(MVC) has achieved significant breakthroughs in the field
of unsupervised learning [3, 6, 11, 17,21, 34, 46, 57]. How-
ever, in practical applications, the assumption of data com-
pleteness is often difficult to satisfy that incomplete multi-
view clustering (IMVC) is introduced [7, 25, 29, 33, 35, 37,
54]. In IMVC, missing data causes prototypes shifts within
views and semantic misalignment across views, due to the
discrepancy between the distributions of complete and in-
complete instances [14, 19]. More and more studies [4, 16]
have noted that variations in complete instances across dif-
ferent views further exacerbate prototype misalignment. It
is challenging to achieve semantic consistency on cluster
assignments across all view data.

To alleviate prototype shifts and misalignment while pro-
moting semantic consensus in cluster assignments, existing
IMVC methods explore consistency information from com-
plete instances for imputation and alignment [20, 24, 32].
Unfortunately, they still suffer from several significant
drawbacks in practical applications. In terms of consis-
tency learning, as shown in Fig. 1 (a), one widely used
paradigm is instance-level [13, 36], which pulls paired ob-
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servations (the same instance in different views) closer in
the representation space by enforcing highly similar repre-
sentations, but may inadvertently discard view-specific in-
formation [26, 31, 48]. More importantly, it tends to intro-
duce false-negative noise, where unpaired observations with
the same semantics are incorrectly treated as negative pairs
[2, 8, 27]. [49],[52] and [27] attempted to optimize this is-
sue by proposing a cluster-level paradigm [47] that encour-
ages observations to find their cluster counterparts across
different views. It learns a cluster space shared across views
but not applicable within specific views, as there are no
clustering interactions among intra-view observations.

Since the above consistency learning paradigms fail to
account for semantic consistency across all view data, they
cannot mitigate semantic gaps among intra-cluster observa-
tions [22, 30, 56]. Therefore, imputation of missing data is
required to restore the original data distribution, including
neighborhood-based recovery via cross-view graph struc-
ture transfer [39], adversarial generation or contrastive pre-
diction through cross-view mutual information interaction
[15, 37,42, 53], and prototype-based imputation via cross-
view sample-prototype relationship inheritance [19]. Mean-
while, cross-view alignment of assignments [22, 32], proto-
types [16, 19, 38], or distributions [4, 45] is also a crucial
approach for further enhancing consistent learning. More
related works are enumerated in Appendix A. Both imputa-
tion and alignment are limited by the consistent information
from cross-view paired data and cannot fully exploit within-
view unpaired data to mine view-specific cluster informa-
tion, i.e., within-cluster compactness and between-cluster
separation [9, 19]. Particularly, once the amount of missing
data is too excessive to provide sufficient consistent infor-
mation, model performance may even decline rapidly due to
the noise introduced by improper imputation and alignment.

Realizing the above issues, we ponder: imputation and
alignment aim to restore the similarity relationships in-
herited from other complete views for the clustering task.
Can we directly bridge the semantic gaps while exploring
the semantic relationships among all data in consistency
learning, thereby avoiding imputation and alignment oper-
ations with uncertainty noise? Thus, we propose an IMVC
framework, a novel semantic-level paradigm, as shown in
Fig. 1 (b), that is driven by imputation- and alignment-free
consensus semantic learning (FreeCSL). Notably, our pro-
posed consensus learning involves concurrent interaction
among all data, rather than being limited to within or across
views. To bridge semantic gaps among view observations
and learn cluster semantics information, FreeCSL employs
contrastive clustering based on consensus prototypes to dis-
cover a shared semantic space, where observations converge
toward their semantic prototypes respectively. In practice,
we set missing statistical weights for observations to facili-
tate view collaboration in consensus representations that in-

tegrate detailed information of all views while adapting the
impact of different views with different missing instances.
Based on consensus representation, our model can con-
struct robust consensus prototypes for semantic-level clus-
tering without imputation and alignment. To discover view-
specific semantic relationships and further enrich consensus
representations, FreeCSL exploit graph clustering to cap-
ture the cluster structure for each view, which maximizes
graph modularity within views to enhance intra-cluster con-
nections and reduce inter-cluster interactions. In short, our
model encodes data correlation, discovered by semantic
learning, into a shared space to obtain consensus seman-
tic representations for instance clustering. Our prominent
contributions can be summarized as follows:

* In terms of bridging semantic gaps, we design the con-
sensus semantic learning module, a novel semantic-level
paradigm based prototypical contrastive clustering, to dis-
cover a common semantic space where all observations
are embedded as representations with consistent seman-
tics, avoiding additional imputation and alignment.

* In terms of exploring semantic relationships, we employ
the cluster semantics enhancement module, a heuristic
graph clustering method with modularity-based learning
objective, to mine the inherent cluster structures that re-
veal the semantic correlations within views.

» Extensive experiments show our model surpasses state-
of-the-art (SOTA) competitors in complex tasks with high
missing rates, multiple clusters and large-scale data.

2. Method

In this section, FreeCSL, a deep IMVC method with-
out imputation or alignment, is proposed to learn consen-
sus semantic representations for clustering. The frame-
work in Fig. 2 coordinates reconstruction (REC) module,
cross-view consensus semantic learning (CSL) module, and
within-view cluster semantic enhancement (CSE) module.

2.1. Problem Statement

Notations. Given a multi-view dataset X = {X" €
RVN*DoAV_ with N instances across V views, XU =
{x? € RP»}™ is an incomplete subset of the v-th view
with N, observations, and X" = {(&/", %)} ¥mn is a
pair-observed subset with V,,,, instances observed in both
the m-th and n-th view. The task is to partition N instances
into K clusters.

Definition 1. Instance-level Consistency (IC): Vm # n, X}
and X! are instance-level consistent across views if i = j
(they are cross-view observations of the same instance X),
expressed as I(x]",x}}) = 1 and 0 otherwise.

Definition 2. Cluster-level Consistency (CC): Ym # n,
x;" and X are cluster-level consistent across views if they
belong to the same cluster k, expressed as C(x}",x}) =1
and 0 otherwise.
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Definition 3. Semantic-level Consensus (SC): Ym and n,
x;" and X7 achieve semantic-level consensus in MVC task
if all observations share a set of cluster prototypes C =
{ci}E | and argm}gxp(x?,ck) = arg mgxp(x?,ck) ,

expressed as S(x;",x7}) = 1 and 0 otherwise.

Theorem 1. Consensus semantic learning yields more con-
fident and robust cluster assignments than instance- and
cluster-level paradigms. (Proof is provided in Appendix B.)

Theorem 2. Since paired observations (X]*,X}) inher-
ently satisfy instance- and cluster-level consistency, they
can achieve semantic consensus via a shared set of proto-
types C. (Proof is provided in Appendix B.)

2.2. Within-view Reconstruction

To avoid clustering instability from similarity measures on
manifold structures in high-dimensional spaces, we use au-
toencoders to encode view observations X" into clustering-
friendly low-dimensional representations VA Considering
multiple views are mostly heterogeneous and differently
distributed, we provide an independent encoder-decoder
{€,,D,}V_; for each view. The encoder embeds the latent
representation and the decoder recovers the original data
from it, which jointly minimize reconstruction loss:

L= Y- Dui2
v;l X, (D)
=SSR = Du(EED)12,
v=11=1

where &,(X";0,) : XV € RNvxDv 5 Zv ¢ RNvxd gnd
Dv(Zv;(bv) AN RNUXd S XV ¢ RN,,XDU.

2.3. Cross-view Consensus Semantic Learning

Based on Theorem 1, we design prototypical contrastive
clustering for consensus semantic learning. To reach
semantic-level consensus on assignments, consensus pro-
totypes with all view information, are introduced into con-
trastive clustering to explore a shared semantic space, where
all observations with similar semantics are pulled closer.

Consensus Representations and Consensus Proto-
types. Due to the assumptions of consistency and comple-
mentarity in MVC, inseparable clusters in one view will be-
come linearly separable by introducing complementary in-
formation from other views [10, 43, 55]. We utilize a fusion
manner, denoted as T(-), to map the latent representations
7" into a linearly weighted representation space for consen-
sus representations Z € RV*? that integrates consistency
and complementary information from multiple views:

14 14 N
2=TUZNo) = wz = { L) @

where w} is the instance-level fine-grained fusion weight:

v I(zY # NaN)
wi = A% ’ )
> 1(zY # NaN)

3)

where I(-) is the indicative function that takes 1 when z} is
the representation of i-th instance X; observed in view v,
and 0 otherwise. We set a completeness statistical weight
w;y based on the number of observations in V' views for in-
stance X; as the fusion weight, which makes use of view-
specific complementary information without discarding un-
paired observations and mitigating the negative impact of
missing noise by adapting to the differences in missing in-
stances across different views.

We derive a set of consensus semantic prototypes C =
{c, € Rd}szl via k-means on consensus representations
Z. As “a representative embedding for semantically simi-
lar observations”, C comprehensively captures the seman-
tic information of all data [50] and is continuously refined
throughout consensus representation learning.

Prototype-based Contrastive Clustering. We perform
semantic-level contrastive clustering in a shared vector
space spanned by consensus prototypes, where the latent
representation z; encoded as the semantic representation h
and hy is assigned to the prototype c;, with the longest pro-
jected distance to obtain optimal assignments, in two steps:
* Semantic similarity measure: Encode the semantic rep-

resentation h} and project it onto each prototype, then
calculate the probability p; . of belonging to cluster £:

exp (hY"cy/7)
X exp (b ey /7).

where 7 is a temperature parameter [40]. py = {p¥ , }/—,
is the soft assignments of observation x; .
» Swapped knowledge distillation: Based on Theorem 2,

(X", X]") share the same cluster semantics on consensus

prototypes C, thus their true labels y, y? € RX should
be are distributionally consistent. To this end, “swapped”
knowledge distillation (KD) utilizes pseudo-labels g,
q} as mutual supervised signals to prompt their cluster

assignments p;*, p; as identical as possible:

“4)

U _
Pix =

0" = lea(H™, Q") + Lra(H", Q™), ®)

1 Npn K
N qu log p;". We
=1 k=1

extend Eq. (5) to more than two views, fostering greater
view collaboration to enhance semantic learning:

v Vv
Loo=»_ > 6)

where £;,4(H™, Q") =
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Figure 2. The framework of FreeCSL. (a) Reconstruction module, encodes observations into clustering-friendly representations for each
view; (b) Consensus semantic learning module, learns semantic representations through cross-view contrastive clustering in a shared
semantic space, where paired observations are assigned to their nearest semantic prototype for consistent assignments. (c) Cluster semantic
enhancement module, enriches semantic representations with cluster structure information through within-view graph clustering, which
applies GCN to aggregate view-specific semantic information and maximizes spectral modularity to recover cluster structure with greater
separation and lower entropy. Ultimately, perform k-means on the consensus semantic representations to predict cluster labels.

¢ Consensus label solution: To obtain pseudo-labels Q™ =
{d" fvzl, project semantic representations H" onto
consensus prototypes C and maximize similarity between

the representation h}" and its assigned prototype cy:

Q" = arg mux, T{(CQ™) H")} +aR(Q™). ()

where R(Q™) = — Zj\[m" q™ log 7", an entropy regu-
larizer prevents trivial solutions via the smoothness a.

2.4. Within-view Cluster Semantic Enhancement

Considering that graph pooling can discover data implicit
correlation and reduce missing noise via aggregating the in-
formation of neighboring nodes, we design a graph cluster-
ing to enhance representations with cluster semantic infor-
mation. It combines a heuristic learning objective based on
modularity, an evaluation metric for cluster structure qual-
ity, to effectively recover the cluster structure[51].
Modularity. Modularity [28] quantifies the deviation
between the actual cluster structure and the expected struc-
ture generated by random combinations in the null model.
Modularity matrix B is defined as B = A — %, where
A is the adjacency matrix, d is the degree vector and m is
the total number of edges in the graph. The entry b;; € B
measures connection strength between nodes 7 and j.

Modularity-based Graph clustering. Graph cluster-
ing relies on graph pooling and node assignment. For
each view, we construct graph structures with k-nearest
neighbors (KNN), then deploy graph convolutional network
(GCN) G, (-) to aggregate graph embeddings:

Go(Z";AY) = (DY 2 A"D* 2Z°W" + Z'W?), (8)

where o(+) is an activation function used to reinforce the
nonlinear aggregation capability of GCN. We replace a skip
connection matrix W with the self-loop A" +1 to alleviate
the over-smoothing of node embeddings. Graph pooling op-
erates on the latent representations Z", while the adjacency
matrix A" is constructed from the original observations X":

1, if (x{ and xj # NaN) &
a; ;= (x§ € Ni(x}) orxi € Ni(x7)), (9
0, otherwise,

where Ny (x?) is a set including the k-nearest neighbors of
x; . It brings neighbors closer in the embedding space with-
out introducing missing noise into the graph structure.

The softmax classifier offers the soft assignment P for
node embeddings encoded by G, (Z"; A"):

P* = Softmax(G,(Z"; A")). (10)
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To obtain a well-separated cluster assignment PV, we
maximize the spectral modularity Tr ((P”)"BvP") [I,
18], which captures intra-cluster connections and inter-
cluster margins by mapping P to modularity B”; To fur-
ther improve the confidence and robustness of P”, we apply
a self-supervised signal L, learned from contrastive clus-
tering as detailed in Sec. 2.3, to guide P" in chasing L"
via self-knowledge distillation. Specifically, the following
objective is designed to optimize P":

o (PY;LY) = —%Tr ((P“)TB“P”) + AKL(L" || PY),
(1)
where Kullback-Leibler divergence KL(-) serves as a robust
regularizer, leveraging A to regulate the information flow
of LV € RNV*X to ensure stable cluster performance. We
project semantic representations H" learned through con-
trastive clustering onto their k-means prototypes and intro-
duce Student’s t-distribution [41] as kernel to predict high-
confidence labels LV with a nearly uniform distribution:

(1+ uhffczn?)‘%“
Y

P, = ceL’.  (12)

ik _ ot
2

Ihy—cy, |12
Dok (1 + f)

We conduct graph clustering on each view separately,
then optimize assignments across all views concurrently:

|4
Lge =Y £5,(P",LY). (13)

v=1
2.5. Clustering Driven by Consensus Semantics

Our FreeCSL learns the semantic representations H” end-
to-end by jointly minimizing the reconstruction loss, con-
trastive clustering loss and graph clustering loss:

L= Erec + Ecc + Ego (14)

Without searching for the optimal balancing weights of
three loss terms, outstanding performance is easily achieved
by applying k-means to the consensus semantic representa-
tions H learned via the fusion manner T({HV}"_,).

The implementation for FreeCSL consists of two stages:
warm-up training for the encoder-decoder, followed by fine-
tuning for semantic representation learning and clustering.
For details, refer to Algorithm 1.

3. Experiment
3.1. Experimental Settings

We select four representative datasets namely Caltech-
5V[44], ALOI-100[5], YoutubeFacelO[12]  and
NoisyMNIST[23] to demonstrate our model’s performance

Algorithm 1 FreeCSL for Learning and Clustering

Input: Complete, incomplete and pair-observed multi-
view dataset {X"}V_  {X}V_  (X™" Y’ networks
{€4, Dy, Gy }V_1; warm-up and fine-tuning epochs e, E.
for t=1t0edo
L On {X” V., warming up {&,, D, }V_; with Eq.(1).
fort =1t0 FE do
Obtain latent representations {Z"|&, : XV — ZV}V_,;
Construct consensus prototypes C = {ck.}kK:1 as elab-
orated in Sec. 2.3.
Compute the reconstruction loss £,... with Eq.(1).
// Cross-view Contrastive Clustering
form,n=1tV (m #n) do
Compute the cluster probability p;”,p;* with Eq.(4);
Solve consensus pseudo-label q;* with Eq.(7);
Get swapped loss £7>™ with Eq.(5) on X"

Calculate contrastive clustering loss L. with Eq.(6)
// Within-view Graph Clustering
forv=1rV do

Construct adjacency matrix A¥ with Eq.(9).
Solve node assignment P¥ with Eq.(10)
Solve pseudo-labels LY with Eq.(12);
Compute KL-modularity loss £, with Eq.(11)

Calculate graph clustering loss L. with Eq.(13)
// Semantic Representation Learning
Calculate the overall loss £ with Eq.(14);
Optimize {&,, D, G, }V_; to minimize L;
Learn latent and consensus representations {Z°}Y_;
and Z, semantic representations {H"}Y_,, consensus
semantic representations H, consensus prototypes C.

Output: Y = {j;}Y | predicted by k-means on H.

in comparison with seven SOTA methods summarized in
Table 1. To comprehensively evaluate experimental results,
three metrics are adopted: accuracy (ACC), normalized
mutual information (NMI), and adjusted rand index (ARI).

Table 1. SOTA methods categorized by the types of techniques for
consistency, imputation, and alignment.

Competitors Consistency Imputation Alignment

CPM-Nets (TPAMI'20) instance-level
COMPLETER (CVPR’21) instance-level
DIMVC (AAAI'22) instance-level
SURE (TPAMI’23)
Prolmp (IJCAI'23)
ICMVC (AAATI'24)
DIVIDE (AAAT'24)

mutual information interaction \
mutual information interaction

assignment-based
cluster-level graph structure transfer
instance-level ~sample-prototype relationship inheritance  prototype-based
instance-level graph structure transfer assignment-based
cluster-level mutual information interaction

3.2. Implementation details

Models are trained on an NVIDIA 3090 GPU using Adam
optimizer in PyTorch 2.1.0. The warming up and fine-
tuning learning rates are 0.0003 and 0.0005, with a batch
size of 512. The hyperparameters are set as follows for
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different datasets: smoothness o« = 0.5, temperature 7 €
{0.1,0.2}, neighbors ¢ = 3, and regularizer weight A\ €
{0.05,0.1,0.2,0.3}. For all datasets, 4-layer autoencoders
and 2-layer GCNs with same MLP structures are used for
each view. The layers of contrastive clustering and graph
clustering are shared across all views via a single FC layer.

3.3. Competitiveness of FreeCSL

FreeCSL is compared with seven SOTA methods across

three metrics in Table 2. The results indicate that FreeCSL

excellently handles challenges of high missing rates, multi-
ple clusters, and large-scale issues in IMVC:

* From the perspective of effectiveness, FreeCSL sur-
passes most SOTA models, particularly on challeng-
ing datasets like ALOI-100 (100 clusters) and YouTube-
Face10 (30,000 samples).It achieves significant improve-
ments in ACC, with gains of 15.12%, 26.38%, 23.91%,
26.21% for ALOI-100, and 1.16%, 8.81%, 6.32%, 1.68%
for YouTubeFace10, at missing rate = 0.1,0.3,0.5,0.7.

* From the perspective of robustness, Fig. 3 (visualized
from Table 2) shows our model’s stability as r increases.
FreeCSL declines gradually, unlike other models with
sharp ACC drops, highlighting its robustness in IMVC
task. On the small dataset Caltech-5V with r = 0.7,
its Acc remains at 84.56%, while on the larger dataset
NoisyMNIST, also achieves 92.19%.

The above phenomenon can be explained as follows:
As r increases, paired observations become scarce. Meth-
ods like instance-level consistency learning or cross-view
imputation and alignment (e.g., CPM-Net, COMPLETER,
ICMVC), constrained by their dependence on consistency
information, will introduce biases such as false negatives
and semantic inconsistencies, resulting in degraded perfor-
mance. For the complex task ALOI-100, cluster-level meth-
ods like SURE and DIVIDE surpass instance-level by ex-
ploiting cross-view cluster consistency. But, their reliance
on cross-view graphs or mutual information for imputation,
while neglecting within-view cluster affiliations, restricts
performance. Prolmp acknowledges the need to integrate
within-view and cross-view information for semantically
consistent imputation. However, its prototype alignment ac-
cumulates errors, particularly with a large number of clus-
ters, achieving only 20% ACC on ALOI-100.

The superiority of FreeCSL stems from the synergistic
effect of the CSL and CSE modules, which eliminate se-
mantic gaps and ensure consistent assignments for all ob-
servations in a shared semantic space.

3.4. Understanding FreeCSL

Ablation Study. As shown in Table 3, ablation studies on
FreeCSL’s three components reveal that the CSL module
contributes the most. On ALOI-100, it demonstrates ex-
ceptional performance and strong stability, with ACC drop-

03 05
Missing Rate

(b) ALOI-100

o3 05
Missing Rate

(a) Caltech-5V

03 os
Missing Rate

(d) NoisyMNIST

o3 o5
Missing Rate

(c) YoutubeFacel0

Figure 3. Visualization for Table 2 based on metric ACC.

ping only 12.4% as r rises from 0.1 to 0.7. This is at-
tributed to CSL’s establishment of a shared semantic space
via prototype-based semantic contrast, reducing semantic
gaps within clusters. The CSE module also plays a pos-
itive role in discovering tighter cluster structures by opti-
mizing modularity. Thanks to its enhanced semantics, both
the REC and CSL modules achieve notable improvements.
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Figure 4. Similarity matrices of {Z"}4_,, Z without consensus

semantic learning on ALOI-100 with = 0.5.
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Figure 5. Similarity matrices of {H"}5_,, H with consensus se-

mantic learning on ALOI-100 with r = 0.5.

Imputation- and Alignment-free CSL. To verify
FreeCSL can reduce semantic gaps and capture semantic
relationships without requiring imputation or alignment, we
set up two imputation experiments: one imputation for la-
tent representations Z* without consensus semantic learn-
ing named ILR, and the second for semantic representa-
tions H" learned from consensus semantic learning named
ISR. They transfer complete k-nn graph structures from
other views to incomplete views and utilize corresponding
k neighbors for imputation. The control groups perform
k-means on the sum of all view matrices to predict cluster
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Table 2. Performance comparison on four multi-view benchmarks. The best and second-best results are highlighted in red and blue.

Missing rates | r=0.1 | r=0.3 r=20.5 r=0.7
Metrics | ACC (%) NMI(%) ARL(%) | ACC (%) NMI(%) ARIL(%) | ACC (%) NMI (%) ARI(%) | ACC (%) NMI(%) ARL(%)

CPM-Nets 85.72 74.62 71.92 85.43 72.90 70.84 81.08 68.61 66.08 79.50 65.52 62.70
COMPLETER 58.68 67.69 42.98 65.07 68.75 47.10 64.46 66.09 42.80 69.00 67.46 51.49
> DIMVC 85.86 80.01 74.63 78.90 78.76 69.55 80.01 70.08 66.35 69.86 60.16 48.70
2 SURE 75.64 69.12 62.83 77.89 67.89 61.15 7122 65.99 60.99 73.96 60.89 53.66
3 ProImp 66.62 57.66 47.54 72.17 61.70 52.49 65.28 55.77 46.22 60.36 49.23 39.63
= ICMVC 76.86 73.92 67.37 76.93 73.39 66.30 79.29 72.67 66.21 72.21 66.63 58.18
© DIVIDE 57.29 47.00 33.23 68.14 58.93 44.16 81.57 71.45 59.20 74.36 68.62 60.14
Ours 91.57 85.32 83.14 88.86 81.26 78.68 88.36 80.01 78.02 83.64 71.79 68.06
CPM-Nets 63.95 79.14 51.26 52.30 70.74 39.79 42.74 62.46 28.40 30.52 54.03 17.18
COMPLETER 21.86 46.94 12.10 22.04 46.45 11.62 19.38 44.81 10.78 17.18 43.68 9.60
= DIMVC 56.90 75.00 35.59 50.55 72.51 28.10 52.54 71.45 32.56 48.97 70.80 26.16
- SURE 64.59 71.74 52.61 60.22 74.76 47.21 60.65 74.84 47.39 50.23 68.91 37.48
1S Prolmp 26.15 52.94 31.40 24.52 53.07 28.18 27.97 58.10 33.42 20.33 50.10 24.28
- ICMVC 55.48 74.04 4291 48.83 67.46 36.50 35.42 56.98 24.19 26.84 47.43 16.63
< DIVIDE 76.01 88.59 70.59 61.90 80.53 53.29 52.56 73.17 40.57 42.66 67.82 30.93
Ours 91.13 95.22 87.59 88.28 93.34 83.95 84.56 90.53 78.90 76.44 85.00 67.68
CPM-Nets 75.48 78.56 66.50 67.50 75.82 61.15 66.60 75.19 62.01 67.32 74.10 62.54
S COMPLETER 46.72 52.04 21.03 50.24 52.81 27.77 36.41 35.24 15.18 40.98 39.92 20.82
8 DIMVC 81.77 81.32 74.59 71.96 76.42 62.29 73.87 75.44 63.97 74.94 79.34 68.96
s SURE 26.65 23.60 11.41 26.43 22.40 10.55 31.84 28.77 15.27 29.37 27.48 12.85
2 Prolmp 48.97 53.20 33.83 43.30 49.04 26.53 39.67 50.18 26.68 49.52 51.47 29.12
e ICMVC 68.90 74.17 60.06 62.76 65.44 53.03 44.56 52.51 3251 27.44 27.09 15.33
g DIVIDE 31.85 29.64 11.35 35.86 30.81 12.31 32.74 30.82 12.74 35.17 33.47 15.93
- Ours 82.93 83.55 74.76 80.77 81.46 71.62 80.19 81.07 71.37 76.62 81.31 73.22
CPM-Nets 48.64 44.08 32.00 42.88 37.01 26.92 50.52 43.54 33.56 46.46 37.18 27.04
COMPLETER 76.55 87.95 77.18 78.16 86.11 76.83 64.79 65.77 54.68 41.15 40.60 27.58
; DIMVC 55.88 54.78 41.29 56.77 58.29 43.51 62.28 62.66 48.01 65.94 67.43 54.58
Z SURE 98.61 95.89 96.96 97.11 93.75 91.64 94.85 89.06 87.89 84.00 78.25 76.02
§ Prolmp 98.30 95.31 96.35 93.29 86.05 85.38 78.16 69.45 64.37 50.04 41.33 33.34
£ ICMVC 98.78 96.36 97.35 97.75 93.71 95.11 81.64 79.24 75.47 5391 50.91 44.56
2 DIVIDE 94.72 91.44 89.43 95.85 89.71 91.06 57.09 57.29 46.28 28.57 25.61 11.14
Ours 99.13 97.23 98.10 97.68 93.94 94.94 96.04 89.81 91.48 92.19 82.50 83.56

Table 3. Ablation study on Caltech-5V and ALOI-100. v* denotes FreeCSL with the component and the best results are highlighted in red.

Components r=0.1 r=0.3 r=0.5 r=0.7
Lree Lee Lge | ACC (%) NMI (%) ARI(%) | ACC (%) NMI(%) ARI(%) | ACC(%) NMI(%) ARI(%) | ACC (%) NMI (%) ARI(%)
a v 75.00 65.64 58.89 69.00 57.84 51.49 52.21 44.18 36.71 51.93 43.42 35.75
% v v 85.50 78.07 72.28 82.00 74.53 67.67 85.36 74.32 71.10 79.14 67.81 62.78
e v v 81.07 70.45 66.13 80.86 69.61 67.49 74.14 59.39 55.90 70.71 53.25 49.95
3 v v v 91.57 85.32 83.14 88.86 81.26 78.68 88.36 80.01 78.02 83.64 71.79 68.06
g v 63.81 77.92 49.38 44.69 65.64 31.11 32.20 55.83 18.94 23.78 48.90 11.31
MOV v 87.69 93.64 84.12 85.25 91.02 79.45 80.23 88.04 74.15 75.29 83.38 65.72
S v v 81.06 85.96 71.21 64.13 75.87 51.49 47.52 65.59 34.29 32.73 56.35 19.23
< v v v 91.13 95.22 87.59 88.28 93.34 83.95 84.56 90.53 78.90 76.44 85.00 67.68

Table 4. Imputation- and alignment-free study on Caltech-5V and ALOI-100. ILR and ISR are filled with K-NN imputation via cross-view

graph for latent representations and semantic representations Z) H®™ . The best results are highlighted in red.

Missing rates r=0.1 r=0.3 r=0.5 r=0.7
Metrics ACC (%) NMI (%) ARI(%) | ACC (%) NMI(%) ARI(%) | ACC (%) NMI(%) ARI(%) | ACC (%) NMI (%) ARI (%)
z ILR 91.71 85.76 83.44 89.14 81.69 79.07 88.79 80.79 78.37 77.86 65.64 55.12
g ISR 91.64 85.55 83.30 89.43 82.26 79.62 88.86 80.78 78.74 81.29 66.68 63.59
3 FreeCSL 91.57 85.32 83.14 88.86 81.26 78.68 88.36 80.01 78.02 83.64 71.79 68.06
g ILR 58.92 79.67 41.54 53.46 75.88 36.89 45.83 69.47 27.41 38.08 58.96 21.35
S ISR 90.16 95.38 87.86 88.91 94.08 85.48 82.53 88.73 71.54 65.36 77.85 46.06
= FreeCSL 91.13 95.22 87.59 88.28 93.34 83.95 84.56 90.53 78.90 76.44 85.00 67.68

labels. Table 4 shows FreeCSL’s robustness advantage at
high r on Caltech-5V, with notable performance disparity
on ALOI-100. ILR, lacking consensus semantic learning,
struggles with multi-cluster tasks due to cross-view seman-
tic gaps. ISR avoids semantic confusion via consensus se-
mantic learning but underperforms FreeCSL due to biased

imputation as consistency information decreases at higher
r. FreeCSL, by contrast, integrates consistency and comple-
mentary information in consensus semantic representations
for confident decisions.

To further illustrate how consensus semantic learning
“free up” imputation and alignment, we construct cosine
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similarity matrices on ALOI-100 for view-specific latent
representations {Z"}2_, and their consensus Z, as well as
view-specific semantic representations {H"}2_, and their
consensus H in Fig. 5, then analyze their information en-
tropy. The similarity matrices of {Z"}%_, are chaotic, with
high uncertainty in intra- and inter- cluster relationships.
The fusion manner T(-) with Eq. (2) alleviates high en-
tropy by incorporating view-specific complementary infor-
mation. Compared to Fig. 4, the similarity matrices of
{HV}*_, shows a clear block structure, with high intra-
cluster similarity and distinct inter-cluster differences. This
confirms H, enhanced by view-specific information, re-
duces cross-view semantic gaps, while consensus semantic
learning, capturing cluster semantic relationship, promotes
high-confidence assignments as stated in Theorem 1.

3.5. Analysis on FreeCSL

Convergence and Robustness Analysis. In Fig. 6, we plot
metrics and losses over training iterations, with error bands
from 5 random Caltech-5V experiments to assess robust-
ness. Both converge to stable values with minimal fluc-
tuations and reach stability simultaneously. The gradual
decrease in reconstruction loss indicates that the CSL and
CSE modules are reasonable and beneficial, as they don’t
introduce significant discrepancies between semantic and
latent representations, further underscoring the benefits of
pre-training. Thanks to the harmonious collaboration of the
three modules, our FreeCSL achieved satisfactory results
within 30 iterations at minimal computational cost.
Parameter Sensitivity Analysis. Two hyperparameters in
FreeCSL warrant investigation, namely, graph neighbors ¢
in Eq. (9) and regularizer coefficient A in Eq. (11). We
expanded ¢ and A to the range of 0.05 to 0.5 and 3 to 32 re-
spectively. In Fig. 7, our model is insensitive to ¢ but more
affected by variations in A. This is because the robust regu-
larizer leverages semantic knowledge learned from the CSL
module to guide the CSE model toward faster and more sta-
ble learning. A small A\ cannot provide effective consis-
tency constraints while a large one makes CSL to dominate
the learn direction, hindering CSE from exploring cluster
structure information. Therefore, we set A € [0.05,0.2]
to balance cooperative relationship between CSE and CSL.
Without sacrificing ACC and NMI, we prefer to set the min-
imum ¢ = 3 to reduce computational complexity.

3.6. Visualization of Consensus Semantic Clusters

To further examine the quality of cluster structures formed
by consensus semantic representations, t-SNE visualization
based on true labels are plotted in Fig. 8 and clearly show
minimal misclassification and clusters with strong intra-
cluster cohesion while distinct inter-cluster separation. This
indicates FreeCSL nearly recovers true cluster structures by
learning consensus semantic information from all data.
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Figure 6. Convergence anlysis on Caltech-5V with » = 0.5.

Acc

16
& 2 g
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Figure 7. Parameter analyses for ¢ and A with » = 0.5.

o B

(b) Training (NMI=79.61%)

(a) Pre-training (NMI=44.18%)

(c) Pre-training (NMI=33.74%)

(d) Training (NMI=89.81%)

Figure 8. Visualization for Caltech-5V and NoisyMNIST.

4. Conclusion

In this paper, we propose FreeCSL, a novel semantic learn-
ing paradigm free from imputation and alignment compared
to existing consistency learning. We design prototype-
based contrastive clustering to discover a shared semantic
space, where observations converge toward their respec-
tive semantic prototype and are encoded as consensus se-
mantics representations for clustering. Furthermore, we
employ modularity-inspired graph clustering to enrich se-
mantic representation with view-specific cluster informa-
tion. The effective synergy of consensus semantic learning
and cluster semantic enhancement makes FreeCSL excel in
most complex IMVC tasks.
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