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Abstract

Multiview learning aims to exploit cross-view consistency and
complementarity to improve prediction performance. In practice,
however, asynchronous acquisition, transmission errors, and sen-
sor malfunctions may introduce noisy correspondence, where some
views within a sample are misaligned, inevitably breaking the cross-
view alignment assumption underlying standard multiview learn-
ing and corrupting both training and inference. Existing methods
typically learn to downweight mismatched views at inference time,
while assuming correctly aligned views during training. As a re-
sult, they overlook the biased learning induced by mismatched
training views, which act as view-level noisy supervision, thus
leading to inaccurate reliability estimation and performance degra-
dation. To address this issue, we propose CARF, a Consistency-
Aware Robust Fusion framework for robust multiview learning
under noisy correspondence, which integrates two key components.
Specifically, we introduce a robust Hellinger-based objective that
aligns each view with the fused prediction (i.e., consensus) while
mitigating the adverse impact of mismatched views, thereby pro-
moting cross-view consistency among correctly matched views
and stabilizing multiview fusion. To further suppress the influence
of noisy views, we estimate view reliability by jointly modeling
view consistency and label consistency, which measure decision-
level agreement across different views and fidelity to the assigned
label, respectively. The resulting reliability scores are then used
to reweight the view-specific optimization during training and
to perform reliability-aware fusion during both training and in-
ference, thus yielding more robust consensus learning and more
reliable final prediction. Extensive experiments on nine datasets
demonstrate that CARF consistently outperforms state-of-the-
art methods on both clean and noisy data. Code is available at
https://github.com/XLearning-SCU/2026- ACM-MM-CARF.
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1 Introduction

With the increasing availability of multiview data in autonomous
driving [6], medical diagnosis [1, 33], and embodied intelligence [27],
multiview learning has attracted growing attention for its ability
to exploit both cross-view consistency and complementarity. In
practice, however, existing multiview data collection pipelines (e.g.,
web crawling and crowdsourcing), as well as real-time asynchro-
nous acquisition and sensor malfunctions, may incorrectly associate
data from different views, which unavoidably introduce noisy cor-
respondence into both training and inference, thus degrading the
prediction performance.

Existing trusted multiview learning methods [28, 31, 44], which
estimate uncertainty based on Dempster-Shafer theory [8, 13, 45] or
fuzzy set theory [10, 41, 52], may be intuitively regarded as partial
remedies for noisy correspondence. However, they are primarily de-
signed to handle conflicting views at test time and generally assume
that views within each training sample are correctly aligned during
training. By contrast, noisy correspondence disrupts cross-view
consistency in both phases. During training, it induces a view-level
noisy-label effect, leading to overfitting and biased uncertainty es-
timation. During inference, this biased learning, together with the
cross-view conflicts introduced by noisy correspondence, further re-
sults in unreliable fusion and potentially incorrect predictions. This
coupled training-inference failure mode makes noisy correspon-
dence a particularly challenging problem in multiview learning.

To address this issue, we propose CARF, a Consistency-Aware
Robust Fusion framework for learning from noisy multiview data
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Figure 1: Noisy correspondence in multiview learning. Due to
transmission disturbances, asynchronous acquisition, or sen-
sor malfunctions, a multiview sample may contain partially
mismatched views. In the example, the RGB view is replaced
by an image from another instance, while the depth and text
views remain correctly aligned and retain the original label.
During training, such noisy correspondence corrupts cross-
view consistency and induces a view-level noisy-label effect,
which can lead to overfitting and biased reliability estima-
tion. During inference, the mismatched inputs can further
worsen the confusion in the learned biased model, leading
to unreliable fusion and incorrect predictions.

and producing reliable predictions. CARF consists of two synergis-
tic components: Consensus Consistency Learning (CCL) and
View Reliability Estimation (VRE). Specifically: i) In CCL, we
introduce a Hellinger-based objective that aligns each view with
the fused predictive consensus. By using the relatively stable fused
prediction as a soft consensus target and leveraging the robustness
of the minimum-Hellinger objective, CCL improves cross-view con-
sistency and stabilizes multiview fusion. ii) In VRE, we estimate the
reliability of each view to identify mismatched correspondences
through two complementary criteria: view consistency, which mea-
sures decision-level agreement across views, and label consistency,
which measures fidelity to the assigned label. These two signals are
jointly integrated into calibrated reliability weights with two roles:
1) reweighting view-specific objectives (i.e., consistency learning
and single-view classification) during training to suppress the in-
fluence of unreliable views; and 2) constructing reliability-aware
fused predictions from view logits during both training and infer-
ence, thereby providing a more reliable consensus for consistency
learning and more trustworthy final predictions.
Our contributions are summarized as follows:

(1) We identify and formalize noisy correspondence in multiview
learning, a practical yet largely overlooked problem in which
mismatched views corrupt cross-view consistency during
both training and inference.

(2) We propose CARF, a unified framework for robust learning
and reliable inference under noisy correspondence. CARF
consists of two tightly coupled components: i) Consensus
Consistency Learning, which promotes consistency among
matched views; and ii) View Reliability Estimation, which
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quantifies the reliability of each view by jointly considering
cross-view agreement and label fidelity.

(3) Extensive experiments on nine datasets demonstrate that
CAREF consistently outperforms state-of-the-art methods on
both clean and noisy data.

2 Related Work

2.1 Multiview Learning

Multiview learning aims to exploit the consistency and complemen-
tarity across multiple views to improve prediction performance.
Depending on whether predictive uncertainty is explicitly modeled,
existing methods can be broadly categorized into conventional mul-
tiview learning and trusted multiview learning. 1) Conventional mul-
tiview learning mainly improves predictive performance through
better feature fusion, representation alignment, or consistency reg-
ularization. For example, MV-HFMD [4] introduces a hybrid fusion
strategy and mutual distillation, while MAMC [29] alleviates fea-
ture heterogeneity and boundary ambiguity through multi-scale
alignment and an expanded boundary. ii) Trusted multiview learn-
ing [14, 36, 44, 45] explicitly models uncertainty and has emerged as
an important line of research for reliable multiview prediction. For
instance, TMC [13] estimates view-specific evidence via Evidential
Deep Learning [35] and performs uncertainty-aware fusion under
Dempster-Shafer theory [8]. Subsequent methods further extend
this framework from different perspectives. CCML [31] improves
trusted fusion by dynamically decoupling consistent and comple-
mentary evidence, and TMCEK [28] enhances trusted multiview
learning through expert knowledge constraints and a distribution-
aware subjective opinion mechanism. More recently, FUML [10]
departs from the conventional evidential framework by introduc-
ing Fuzzy Set Theory [52] to better characterize ambiguity and
inter-view conflict. Despite their ability to handle contaminated or
conflicting views at test time, trusted multiview learning methods
typically assume that the views within each training sample are cor-
rectly aligned. Under noisy correspondence, however, mismatched
views may occur not only at test time but also during training,
where they corrupt cross-view consistency and introduce noisy su-
pervision into view-specific learning. Consequently, these methods
may overfit to spurious cross-view associations, which can in turn
bias uncertainty estimation and undermine prediction reliability.
In contrast, our CARF explicitly addresses noisy correspondence in
both training and inference through consensus consistency learning
and reliability estimation, thereby improving robustness.

2.2 Learning with Noisy Correspondence

Noisy correspondence generally refers to alignment errors in paired
data, where mismatched samples are incorrectly treated as corre-
sponding pairs, thereby causing spurious relation modeling and
overfitting that degrade model performance. Existing methods im-
prove robustness mainly through sample selection, robust objective
design, and correspondence rectification. These ideas have been
studied in cross-modal retrieval and matching [19, 20, 26, 34, 53],
visible-infrared person re-identification [48], graph matching [30],
vision-language pre-training [21], and clustering [16, 39, 54]. How-
ever, many existing noisy-correspondence methods are developed
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Figure 2: Pipeline of CARF. Given a multiview sample X; = (x;

-, (V), y;), view-specific encoders and classifier heads map

each view to logits, which are converted to predictive distributions by softmax. CARF first introduces a Hellinger-based
consistency objective L, .., for view-to-fusion learning, promoting cross-view consistency and stable fusion. It then estimates
reliability weights w; from two complementary cues: view consistency, which measures decision-level agreement via Hellinger
distance, and label consistency, which measures fidelity to the assigned label by the probability margin. The weights reweight
view-specific objectives during training and enable reliability-aware weighted fusion in both training and inference.

for paired-data settings. This treatment is not well-suited to mul-
tiview learning with noisy correspondence, where corruption is
often partial rather than holistic. Within a corrupted multiview
sample, only some views may be mismatched, while the remaining
views can still provide useful discriminative information. There-
fore, simply downweighting or discarding an entire sample may
remove informative views together with corrupted ones, leading
to suboptimal classification performance. Furthermore, unlike con-
ventional noisy-correspondence settings that primarily focus on
training-time corruption, noisy correspondence in multiview learn-
ing can also arise at test time, where mismatched views continue
to disrupt cross-view fusion and prediction. These characteristics
make noisy correspondence in multiview learning a challenging
problem that requires robust handling of view-level corruption
during both training and inference. Adjacent studies on MLLMs
also improve multimodal reliability through vMF-based trustwor-
thiness estimation for hallucination detection and fuzzy semantic
self-feedback for hallucination mitigation [5, 15]; however, they
target hallucination rather than view-level correspondence noise.

3 Method

3.1 Problem Formulation
We consider a multiview classification task on a dataset S = 8" U
S*¢, where S'" and S'¢ denote the training and test sets, respec-
tively. Each sample is represented as

\4
= x e x] ,

yi €{1,...,C}, (1)
where x¥ denotes the instance of the v-th view, V is the number
of views, and y; is the class label among C categories. Given the
v-th view, a view-specific encoder f, and classifier head g, produce

its latent representation and logits:
2 = =) 6 =gz, @)
€ RP and ¢, () ¢ RC. The fused logits are obtained by

L3V ¢, Applying
softmax yields the fused and view-specific class probabilities: plf’) =

where z

averaging the view-specific logits: (EF) =

softmax(t’l.(')) € R€. A standard multiview classifier is trained with
cross-entropy losses on both the fused prediction and the view-
specific predictions:

-L = -Lfce + ‘Evce

B \4
e DICTHE IS YT

where B is the batch size, and p£ ';i denotes the predicted probability
of the ground-truth class y;.

However, the above formulation assumes that the views within
each sample are correctly aligned, an assumption that is often vio-
lated in real-world applications due to imperfect data construction
pipelines or unstable real-time acquisition. To characterize this
problem, we denote the underlying clean multiview sample, in
which all views are correctly aligned by
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originating from another instance. To exclude degenerate cases, we
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for both training and test samples, so that each sample remains
semantically meaningful.

Noisy correspondence introduces two major challenges. Dur-
ing training, mismatched views contaminate the fused prediction
and simultaneously inject noisy supervision into the view-specific
objective L., thereby degrading representation learning. During
inference, the model can no longer rely on full agreement across
views; instead, it must identify reliable views among mismatched
ones, or aggregate the dominant evidence from the majority of
consistent views. To address these challenges, we propose CARF,
which tackles noisy correspondence through consensus consistency
learning and view reliability estimation.

3.2 Consensus Consistency Learning

As discussed in the problem formulation, noisy correspondence
disrupts cross-view consistency and makes naive view-wise align-
ment unreliable. Still, consistency across correctly matched views
remains beneficial in multiview learning [46, 50, 51], as it regularizes
view-specific predictions through multiview consensus, suppresses
incidental view-specific cues, thereby improving fused-prediction
stability and generalization [4]. However, when some views within
a training sample are mismatched, directly enforcing agreement
across all views may introduce additional noisy supervision and
further distort the learned representation space.

Nevertheless, noisy correspondence does not entirely destroy the
semantic information within a multiview instance. In many cases,
some views remain correctly matched and still convey consistent
class evidence, whereas mismatched views tend to be less coherent
with the majority of views. From this perspective, the fused pre-
diction can serve as a soft consensus target, since it is more likely
to preserve the class evidence repeatedly supported across views.
Based on this intuition, we introduce a robust Hellinger-based ob-
jective for view-to-fusion consensus consistency learning:

_1v1y (0 ,(F)
Lan =5 255 2 (el "), ©)
where
Hip.) = 3= [VP ~ vl ™

This objective encourages each view’s prediction to align with the
fused prediction (i.e., consensus), thereby improving cross-view
consistency.

Although the consensus may provide a biased target for mis-
matched views, this Hellinger-based objective avoids assigning ex-
cessively large penalties to such outliers, which is also supported by
robust statistics, where minimum-Hellinger-based procedures are
known to remain stable under contamination [2, 3, 18]. To further
illustrate this point, we analyze the robustness of this Hellinger-
based objective as follows.

i) Bounded risk. By definition, H(p, q) = \/% VP — v4ll2, and

thus H(p,q) =1 - (\/p, @) =1 - BC(p. q), where

C
BC(p.q) = ), Vpedc € [0.1] (®)
c=1

is the Bhattacharyya coefficient. Therefore, 0 < H(p, q) < 1. Conse-
quently, if m out of V views are corrupted by noisy correspondence,
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then the total contribution of these corrupted views to the per-
sample consistency loss is bounded by

v 3 (ol pl7) < g

where M denotes the set of mismatched views.
ii) Gradient attenuation on mismatched views. Treating the

fused prediction pfF) as a locally fixed target, consider the partial
(0)

gradient of H(p;"’, ng)) with respect to the logit t’l(:z correspond-

ing to class y;:

F F
o BC(o”.p") il — Plopi

(0 () (F)
Ny, 4H(p;”, p;"")

(10)

1
cient for the gradient to be negative. In this case, gradient descent

Since BC(p@),pfF)) € [0, 1], the condition pl(z;)l < pfif is suffi-

increases t’i(:: and pushes the view prediction toward the fused
consensus on class y;. Although this introduces noisy supervision
when xl@) is mismatched, the magnitude of the induced gradient is

attenuated. Specifically,

(v) [ () (F) [ (v)
oH < pi,yi + pi.yipi,yi < pi;yi

o |~ aH(p”, pi") T 2H(p”, pi")

1 1

(11)

Therefore, for a severely mismatched view, which typically assigns
vanishing probability to class y; and remains far from the consensus,
ie, pf’;)l — 0 and H(pl@), pEF)) is bounded away from zero, we

have
oH _ O(,/pi“yi_) =0 (12)

() ~
ot; i

This shows that severely mismatched views are automatically as-
signed attenuated gradients.

iii) Geometric interpretation. Under the square-root mapping
P > +/p, probability vectors lie on the positive orthant of the
unit sphere, and minimizing the Hellinger distance is equivalent to
maximizing the Bhattacharyya overlap:

C
HZ(P) q=1- Z VPc{c- (13)
c=1

Therefore, the proposed objective promotes consistency by encour-
aging alignment at the distribution level, rather than aggressively
penalizing coordinate-wise discrepancies, making it less sensitive
to isolated mismatched views.

3.3 View Reliability Estimation

Although L., promotes consistency among matched views and
improves fusion robustness, it still relies on the fused consensus
being reasonably reliable. When noisy correspondence is severe,
mismatched views may still distort the consensus and propagate
noisy supervision through view-to-consensus alignment. Moreover,
since CCL does not explicitly regulate the contribution of unre-
liable views to view-specific learning or final fusion, the model
may still overfit noisy supervision during training and remain vul-
nerable to conflicting evidence at inference time. Therefore, we



Robust Multiview Learning Under Noisy Correspondence

further estimate the reliability of each view based on two comple-
mentary criteria, namely view consistency and label consistency,
to determine whether a view is likely to be correctly matched.

View Consistency Score. The view consistency score vci(v) for the
v-th view of the i-th sample is defined as

UCI.(U) ! ; (P(U) P,(k))) (14)

o 2 (-

k=1, k#o0

Since the Hellinger distance measures the discrepancy between
predictive distributions, the view consistency score quantifies the
extent to which a view is supported by the remaining views in
the same sample. Matched views typically provide more coherent
class evidence and thus receive higher consistency scores, whereas
mismatched views tend to receive less support from the others.

Label Consistency Score. We further define the label consistency
score lcl@) for the v-th view of the i-th sample as

6 =ply - p.; W (15)

where pl(z;)l denotes the predicted probability of the ground-truth

label y;, and lari(v)
probability:

is the index of the largest non-ground-truth

(o) _
lar;”) = arg Cn}g)y( ch (16)

The label consistency score measures how well the prediction of

Sv) agrees with the assigned label, as well as its confidence margin
over the most competitive incorrect class. Under noisy correspon-
dence, reliable matched views tend to assign higher confidence to
y; and maintain a larger margin, whereas mismatched views often
yield weaker or conflicting evidence. Therefore, this score provides
an effective indicator of view reliability from the perspective of

label supervision.

3.4 Reliability-Aware Training and Inference

The view consistency score and label consistency score provide
complementary evidence for assessing whether a view is correctly
matched: the former reflects cross-view agreement at the decision
level, while the latter evaluates the fidelity of a view prediction to
the assigned label.

During training, based on these two scores, we compute an over-
all reliability score for each view and normalize it with a softmax
function to obtain the view weights w; for the i-th instance:

w; = softmax(vc; + Ilc;). (17)

These weights are then used to construct a reliability-aware fused
logit

v
e =" WP, (18)
=1

which provides a more reliable consensus pEF) = softmax(t’EF)) for
both training and prediction. With this reliability-aware fusion, we
further reduce the influence of mismatched views during optimiza-
tion by reweighting both the single-view classification loss and the
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Algorithm 1 Implementation of CARF

// Training Phase

(V), y) 1Y N > view encoders

warmup epoch E,,, total

Input: Training set S = {(x(l) ,
{fo}Y_,, classifier heads {g,}".
epochs E, hyperparameter A.

1: Initialize epoch e « 0.
2: whilee < E,, do
3. Compute the view logits {t’fa)} and prediction probabilities

v=1’

{pl.(u)} via eq. (2) and softmax.

Set the view weights as wi(u) =1/V for all i and v.

: while e < E do
Compute the view consistency scores vc; and label consis-
tency scores I¢; via eqs. (14) and (15).

10:  Compute the reliability- aware weights w; via eq. (17).

11 Update {f,}Y_, and {g,})_, via eq. (20).

122 e<e+1.

13: end while

Output: Trained encoders {f,}".
/I Inference Phase

Input: Trained encoders {f;}"
(V) )
x, ).

4
5. Update {fz,}vV:1 and {gv}vV:1 via eq. (20)
6: e«e+1.

7: end while

8

9:

_, and classifier heads {gv}

classifier heads {g,}"_, , test sam-

=1’ u=1’

ple x; = (x(l), N
14: Compute the view consistency scores vc; via eq. (14).
15: Set the view weights as w}, = softmax(vc;).

16: Compute fused logits as t’(F) Y w;(v)t’gv).

17: Output the predicted class k = arg max, ¢ (),

t,c

consensus consistency objective:

B
1
-erce = _E Z log(Pl(F))

i=1

BV
1
Lrvce :_Ezzwi(v) logpl(f;)l, (19)
i=1 v=1
L&Y
F
Lrcon = 3 ZWEU)H( @ p >) ,
i=1 o=1

Accordingly, the final training objective is
L= -Erfce + Lroce + ALycon- (20)

During inference, only the view consistency score is available
since the ground-truth label is unknown. We therefore estimate the
view weights as:

w; = softmax(vc;), (21)

and use them to form the fused logit for the final prediction. The
complete training and inference procedures are summarized in
algorithm 1.



MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil

Li et al., Shuxian Li, Changhao He, Xi Peng, and Peng Hu

Table 1: Classification Performance (AcctStd) under varying noise ratios on eight feature-vector datasets over ten random seeds.
The best and second-best results are highlighted in bold and underlined, respectively.

Noise ‘ Method ‘ Dataset
‘ ‘ Caltech ‘ Leaves LandUse Scene ‘ Cccv ‘ Fashion NUS-OBJ ‘ AWA

TMC (ICLR’ 21) 95.96£1.12 | 95.59+£0.85 | 46.14+1.82 72.47+£0.91 44.58+0.81 96.07+0.31 | 39.72+0.51 | 36.87+0.44
UIMC (CVPR’ 23) 97.29+£0.61 | 93.94£1.50 | 49.90+1.66 73.61£1.15 | 45.48+1.29 | 98.25%0.22 | 41.27£0.68 | 35.95%0.42
ECML (AAAT 24) 96.25+0.79 | 93.47+1.30 | 44.64+1.85 70.45£1.00 | 42.59+£1.09 | 95.43+0.38 | 35.34+0.49 | 32.93+0.56
CCML (ACM MM’24) 95.79£1.09 | 96.81+0.69 | 41.38+2.11 71.56£1.39 | 43.62+0.67 | 95.66+0.52 | 38.04+£0.58 | 31.46+0.92

0% MAMC (ICLR’ 25) 97.82+0.72 | 89.88+1.55 71.67+1.60 | 80.71+1.28 54.66£1.26 | 98.53+0.28 | 45.84+0.57 | 32.15+0.83
TMCEK (ICML’ 25) 96.18+0.83 | 93.53+1.28 | 45.10+2.29 71.04£1.22 | 42.90+£0.97 | 94.53+0.33 | 35.40+0.59 | 33.70+0.47
FUML (ICML’ 25) 95.294£0.93 | 99.28+0.63 74.95£1.71 78.92+1.68 | 47.38+2.43 | 98.09+0.33 | 47.14£0.56 | 38.30+0.43
GTMC-HOA (TMM’ 2026) | 97.46+0.82 | 97.94+0.40 | 64.10+1.50 77.92+1.05 50.20£1.16 | 97.67+£0.37 | 42.53+£0.56 | 36.13+0.61
CARF 97.93+0.55 | 99.81+0.15 | 80.31+1.21 | 82.37+1.29 | 57.94+0.92 | 98.72+0.16 | 51.06+0.30 | 45.80+0.51
TMC (ICLR’ 21) 83.54+1.87 | 78.47+2.14 | 39.38+2.05 | 62.22+1.31 38.47+0.53 | 83.28+0.70 | 33.89+0.27 | 25.96+0.65
UIMC (CVPR’ 23) 85.57£1.56 | 76.00£1.42 | 40.45+1.36 | 63.76£1.60 | 39.23+1.05 85.16£0.69 | 34.91£0.55 | 24.61+0.72
ECML (AAAT 24) 84.00+£2.23 | 76.66+1.80 37.19£1.96 | 60.46+1.61 36.41+0.62 82.74+0.52 | 30.49+0.51 23.92+0.66
CCML (ACM MM’24) 82.89+2.19 | 75.25+1.62 33.64£1.78 59.60+1.11 35.50+0.79 | 84.83+0.50 | 31.30+0.46 | 19.66+0.47

50% | MAMC (ICLR’ 25) 94.93+1.21 | 66.81+1.73 59.02+1.83 70.02+2.04 | 45.54+1.30 | 94.08+0.33 | 37.76+0.62 16.10+0.73
TMCEK (ICML’ 25) 84.07+£2.35 | 76.47+1.70 38.21+1.75 | 61.05%1.41 36.52+0.57 | 82.89+0.51 | 30.53+0.65 | 24.50+0.49
FUML (ICML’ 25) 93.11£1.21 | 91.69£0.63 | 64.55+1.98 70.94+2.12 | 35.37+13.27 | 92.10£0.58 | 40.39£0.58 | 20.13£8.56
GTMC-HOA (TMM’ 2026) | 86.50+2.45 | 74.56+1.99 | 49.10£1.22 | 66.51£1.67 | 40.58+1.13 | 89.76+0.98 | 34.80+0.59 | 23.89+0.51
CARF 95.50+1.10 | 94.47+1.10 | 71.29+1.92 | 76.70+1.58 | 48.75+0.87 | 95.48+0.38 | 43.70+0.51 | 32.59+0.42
TMC (ICLR’ 21) 68.32+2.70 | 60.06+2.22 31.86£1.32 52.07£1.17 | 32.10+1.48 | 67.91£1.14 | 28.79+£0.30 | 15.58%0.36
UIMC (CVPR’ 23) 65.57+£2.34 | 58.06+2.77 32.79+£1.49 53.60+£0.99 | 32.97+0.81 67.96+0.99 | 28.63+0.26 | 14.40+0.45
ECML (AAAT 24) 67.36£1.82 | 57.81+2.42 30.50+1.34 | 50.51£0.72 | 29.79+1.13 | 68.99+1.25 | 25.57+0.47 | 15.20+0.27
CCML (ACM MM’24) 66.36£3.36 | 54.44+2.36 27.83£1.07 | 46.70+£1.06 | 27.33%£0.91 73.17£0.99 | 24.57£0.57 | 11.79%0.38

100% | MAMC (ICLR’ 25) 86.11+1.15 | 49.13+2.32 | 45.76+2.43 | 61.58+2.02 | 37.14£0.94 | 90.40+0.55 | 31.43%0.36 5.08+0.25
TMCEK (ICML’ 25) 67.79£1.97 | 57.25%£2.49 | 30.64+1.95 51.152£0.65 | 29.98+1.09 | 69.95£1.09 | 25.54£0.53 15.41+0.40
FUML (ICML’ 25) 84.29+£3.55 | 79.31£2.94 | 49.76£11.02 | 64.80+1.43 | 25.79+£13.46 | 80.94+0.74 | 34.13+0.32 1.93+0.21
GTMC-HOA (TMM’ 2026) | 77.32+3.14 | 53.94+2.11 38.57+1.74 | 57.93£1.23 | 32.75+0.86 | 83.90+1.30 | 29.25%0.59 | 13.86+0.33
CARF 89.82+1.12 | 87.97+2.47 | 63.07+1.33 | 70.07+0.97 | 40.63+0.75 | 91.32+0.45 | 36.79+0.42 | 18.09+0.38

Table 2: Classification Performance (AcctStd) under varying

noise ratios on SUN R-D-T over five random seeds. The best
and second-best results are highlighted in bold and under-
lined, respectively.

Method \ SUN R-D-T

0% 50% 100%
MAMC 62.91+0.86 | 52.33+1.02 | 37.20+1.73
TMCEK 63.55+0.62 | 53.12+0.30 | 41.47+0.95
FUML 64.01£0.60 | 55.61+0.50 | 42.92+0.37
GTMC-HOA | 64.05+0.52 | 50.43+1.49 | 37.90+1.24
CARF 66.81+0.23 | 59.61+0.30 | 48.68+0.58

4 Experiments

4.1 Experimental Setup

Datasets and Metric. We evaluate CARF on nine datasets: Cal-
tech [11], Leaves [40], LandUse [49], Scene [12], CCV [23], Fash-
ion [42], NUS-OBJ [7], AWA [25] and SUN R-D-T [14]. SUN R-D-T
is a three-view raw dataset constructed in [14], consisting of visual,
depth, and textual views. Specifically, the visual and depth views are
derived from RGB-D data [22, 37, 38, 43], while the textual view is
a single-sentence description generated for each RGB image using

Qwen3-VL-32B-Instruct [47]. For the eight feature-vector datasets,
we adopt stratified 8:2 train-test splits. For SUN R-D-T, we follow
the original train-test split of the underlying RGB-D benchmark.
For all datasets, we report classification accuracy at the final epoch.

Noise Simulation. To evaluate the robustness of CARF, we simu-
late noisy correspondence in both the training and test sets with
noise ratio o. Specifically, for each split, we randomly sample a sub-
set Ssup containing | oN | instances. For each instance in S5, we
randomly select | V/2] views and shuffle them across instances. As
a result, each corrupted instance retains at least [V /2] views that
remain correctly matched to the ground-truth label, corresponding
to a practically meaningful contamination regime.

Implementation Details. We implement CARF in PyTorch 2.10.0
and conduct all experiments on a single NVIDIA RTX 4090 GPU
with 24GB memory. The experimental settings are configured ac-
cording to the dataset type. For feature-vector datasets, each en-
coder f, consists of four linear layers with hidden dimension 1024
and three ReLU activations. CARF is trained for 200 epochs using
Adam [24] with a batch size of 2048. The learning rate is scheduled
by cosine decay with a peak value of 2 X 1073, For SUN R-D-T,
we adopt an ImageNet-pretrained ResNet18 [17] for the visual and
depth views, and BERT [9] for the textual view. Each classifier
head is implemented as a linear layer. Input images are resized to
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Table 3: Ablation study of the components in CARF under ¢ = 50%. The best and second-best results are highlighted in bold and

underlined, respectively.
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N ‘ Combinations ‘ Datasets
0.

‘ vc ‘ lc ‘ Lrcon ‘ Caltech Leaves Scene Cccv Fashion NUS-OB]J
#1 92.21+1.54 86.38+2.04 71.57+1.31 46.50£1.08 89.19+0.50 38.34+0.54
#2 v 94.04+1.21 92.75£0.85 74.55+1.51 47.79+1.08 92.85+0.24 39.91+£0.56
#3 v |/ 93.54+0.92 91.00+1.12 76.25£1.26 48.39+0.69 93.48+0.55 43.41+0.25
#4 v v 94.82+1.33 93.91+1.26 76.14+1.59 48.27+0.73 94.88+0.58 43.31£0.36
#5 v v 94.54+1.11 94.03+0.77 76.01£1.70 48.44+1.22 93.16+0.29 41.32+0.44
#6 V| v v 95.50+1.10 | 94.47+1.10 | 76.70+1.58 | 48.75+0.87 | 95.48+0.38 | 43.70+0.51

256 x 256 and randomly cropped to 224 X 224. We train CARF for
100 epochs using AdamW [32] with a cosine annealing scheduler,
weight decay of 0.01, initial learning rates of 10~* for ResNet18 and
2 X 1073 for BERT, and a batch size of 64. The hyperparameter A is
fixed to 0.2, and the warmup epoch E,, = 5 across all datasets.

4.2 Comparison with State-of-the-Art

To demonstrate the superiority of CARF, we compare it with repre-
sentative multiview learning methods under varying noise ratios
on the feature-vector datasets in table 1. The baselines include: (i)
trusted multiview learning methods, which exploit uncertainty esti-
mation to derive fusion weights, including TMC [13], UIMC [44],
ECML [45], CCML [31], TMCEK [28], FUML [10], and GTMC-
HOA [36]; and (ii) a representative conventional multiview learning
method, MAMC [29], which improves representation learning with-
out uncertainty-aware fusion. Furthermore, we compare CARF with
MAMC [29], TMCEK [28], FUML [10], and GTMC-HOA [36] on the
multimodal dataset SUN R-D-T in table 2. Since these methods were
originally evaluated on feature-vector datasets, we adapt them to
SUN R-D-T using the same view encoders as CARF (i.e., ResNet18
and BERT). CARF achieves the best performance across all eval-
uated noise levels on all datasets. We highlight two observations
below:

e On the feature-vector datasets, CARF consistently outper-
forms existing state-of-the-art methods on all datasets, even
without synthetic noisy correspondence (i.e., 0 = 0%). For
example, CARF surpasses FUML by 5.36% on LandUse and
by 7.50% on AWA. This suggests that the proposed consen-
sus consistency learning and reliability estimation also help
CAREF better cope with intrinsic noise in multiview data.

e On SUN R-D-T, CARF maintains clear superiority. As the
noise ratio increases, CARF exhibits stronger robustness, and
the performance gap between CARF and competing methods
becomes larger. For example, when o increases from 0% to
50%, the strongest baseline, GTMC-HOA, drops from 64.05
to 50.43 (—13.62), whereas CARF decreases only from 66.81
to 59.61 (—7.20). Moreover, the performance gap between
CARF and FUML further widens from 2.80 to 4.00. These
results indicate that, on SUN R-D-T, CARF achieves superior
robustness under noisy correspondence by combining a ro-
bust Hellinger-based objective for consistency learning with
reliability estimation to suppress unreliable views in both
representation learning and prediction fusion.

©
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Figure 3: Performance variation with respect to A on the
Caltech, Leaves, and Fashion datasets. The default value is
indicated by a red dashed line. The accuracies at 1 = 20.0
are annotated in the figure because they fall outside the dis-
played range.

4.3 Ablation

We conduct ablation studies on Caltech, Leaves, Scene, CCV, Fash-
ion, and NUS-OBJ under noisy correspondence with ¢ = 50% to
quantify the contribution of each component in CARF. Specifically,
we evaluate the effects of: (i) the consensus consistency learning
objective L;con; and (ii) the two reliability scores, i.e., the view con-
sistency score vc and the label consistency score Ic. The results are
reported in table 3. Overall, each component consistently improves
performance across datasets. The observations are summarized
below.

Effect of Lycon- The objective Lo, consistently improves per-
formance, both with and without reliability estimation. For example,
comparing #1 with #2, introducing L,c,, improves accuracy on
Leaves from 86.38 to 92.75 (+6.37). Comparing #3 with #6, it further
improves accuracy from 93.54 to 95.50 (+1.96) on Caltech. These
results indicate that L., effectively promotes robust view con-
sistency under noisy correspondence, thereby improving fusion
stability and generalization.

Effect of vc. Comparing #5 with #6, introducing vc improves
accuracy from 76.01 to 76.70 (+0.69) on Scene and from 93.16 to
95.48 (+2.32) on Fashion. This suggests that vc effectively measures
view reliability from cross-view predictive agreement.
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Figure 4: Density plots of the reliability scores on the Caltech,
Leaves, Scene, and Fashion test sets.

Effect of Ic. Comparing #4 with #6, introducing I¢ improves
accuracy from 43.31 to 43.70 (+0.39) on NUS-OB]J and from 48.27
to 48.75 (+0.48) on CCV. This indicates that Ic, which reflects the
margin to the most competitive incorrect class, provides useful
reliability information under noisy correspondence.

Joint effect of vc and Ic. The two scores are complementary and
yield further gains when used together. For example, comparing
#1 with #3, jointly introducing vc and Ic improves accuracy on
Fashion by 4.29. Moreover, when one score is already used, adding
the other still brings additional improvement. This shows that vc
and Ic capture different yet complementary cues for estimating
view reliability.

4.4 Parameter Analysis

To evaluate the robustness of CARF to the optimization configu-
ration, we analyze its sensitivity to the hyperparameter A, which
controls the strength of consensus consistency learning. The re-
sults on Caltech, Leaves, and Fashion under noisy correspondence
(0 =50%) are shown in fig. 3. Across all datasets, the performance
exhibits an inverted-U trend as A varies, indicating that a mod-
erate value effectively promotes view consistency and improves
classification performance. CARF remains relatively stable over a
broad range of A € [0.02,2.0]. However, when A becomes exces-
sively large (A4 = 20.0), the consistency objective dominates label
supervision, leading to a sharp performance drop.

4.5 Visualization

Figure 4 shows that clean and noisy views form clearly separated
reliability-score distributions, indicating that the proposed relia-
bility estimation can identify mismatched views. Figure 5 further
shows that reliability estimation yields more compact and separa-
ble fused logits, and fig. 6 confirms that mismatched views receive
lower reliability scores in representative SUN R-D-T examples.

Li et al., Shuxian Li, Changhao He, Xi Peng, and Peng Hu

(a) W/O w; (Acc=78.50%) (b) W/ w; (Acc=91.10%)
Figure 5: t-SNE visualization of fused logits on the Fashion
test set under noisy correspondence (0 = 100%), comparing
models with and without view reliability estimation.

RGB View Depth View Text View

A dark-colored bed with a red
comforter and four pillows is
positioned against a light-
colored wall; a framed artwork
with abstract shapes rests on the
floor to the right.

0.4847

Three beige patterned armchairs
are arranged around a round
wooden table near large
windows; a potted plant stands
to the right, and a black chair is
partially visible in the

foreground. 0.4751

A white L-shaped desk holds a
black monitor, keyboard, stacks
of papers, books, a green
thermos, and a small stuffed toy;
a pink chair with a red cushion is
nearby, and a green trash bin sits

on the tiled floor. 0.0200

Figure 6: Case study of view reliability estimation on the SUN
R-D-T test set under noisy correspondence (o = 100%). The
red box indicates the mismatched view, and the estimated
reliability score of each view is shown in the bottom-right
corner.

5 Conclusion

In this work, we revisit and study the challenging problem of noisy
correspondence in multiview learning, which violates the common
assumption in existing methods that views are correctly aligned
in both training and inference. To address this issue, we propose
CAREF, a consistency-aware robust fusion framework for learning
and inferring under noisy correspondence. By combining consen-
sus consistency learning with view reliability estimation, CARF
effectively suppresses the influence of mismatched views and yields
more reliable multiview predictions. Extensive experiments on eight
feature-vector datasets and one raw dataset demonstrate that CARF
consistently achieves superior performance and stronger robust-
ness on both clean and noisy data.
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