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Abstract

Multi-view learning fuses complementary views
to improve perception, but real-world deployments
often suffer from Test-time Noisy Correspondence
(TNC) — cross-view misalignment caused by asyn-
chronous sampling, transient network congestion, or
other disturbances. Such misalignment introduces se-
mantic inconsistency and significantly degrades per-
formance. Existing remedies typically estimate view-
specific reliability from clean, well-aligned training data
and then extrapolate to noisy fusion at inference, re-
sulting in a train-test task gap and reduced robust-
ness against TNC. To bridge this gap, we propose
Bootstrapping Multi-view Learning (BML) — a plug-
and-play framework that explicitly learns to fuse under
TNC. Specifically, BML performs in-place TNC boot-
strapping to construct a controllable noise-augmented
training set that simulates realistic correspondence
distortion, thereby eliminating the task gap without
external data.  Unlike prior uncertainty-based ap-
proaches that model reliability in an unsupervised
manner, BML presents a reveal-supervised paradigm,
wherein a lightweight estimator jointly models intra-
view predictive uncertainty (view quality) and inter-view
prediction discrepancy (correspondence consistency) to
produce calibrated reliability weights guided by both
task objectives and bootstrapped supervision. Once de-
ployed, these reliability weights directly modulate fu-
sion, suppressing corrupted views while preserving in-
formative ones. Across 11 benchmarks spanning diverse
noise ratios, BML consistently outperforms state-of-the-
art baselines and maintains robustness against TNC.

1. Introduction

Multi-view learning [4, 32, 72] integrates complemen-
tary information across views/modalities (e.g., images,
text, video, efc.) to improve perception, robustness, and
decision-making in various applications, such as au-
tonomous driving [5, 6], embodied intelligence [21, 42],
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Figure 1. (a) In real-world deployments, sensors are prone to
suffer from asynchronous sampling, transient network conges-
tion, and other disturbances, resulting in Test-time Noisy Cor-
respondence (TNC). (b) Existing methods (e.g., Evidential
Deep Learning (EDL) or Fuzzy Set Theory (FST)) typically
infer reliability from a clean training set under task objectives
but lack explicit supervision, leading to blind estimation. (c)
BML addresses TNC from both data and model perspectives,
where data is augmented via in-place TNC bootstrapping and
model is optimized with both task objectives and bootstrapped
supervision.

and medical diagnostics [3]. In practice, however,
real-world deployments frequently encounter Test-time
Noisy Correspondence (TNC), where asynchronous
sampling [41], transient network congestion [59], and
other disturbances introduce cross-view misalignment
during inference as illustrated in Figure I(a). This
misalignment inevitably yields semantic inconsistencies
across misaligned views, thereby significantly degrading
model performance.

To mitigate this problem, many prior works model
predictive uncertainty via evidential deep learning [33,
44]. For example, evidential learning-based methods
such as TMC [18] aggregate evidence across views to
parameterize class distributions [45], and ECML [64]
adopts a tailored robust aggregation strategy to down-
weight unreliable opinions from individual views dur-
ing fusion. More recently, several works [11, 55] step
outside the evidential framework and employ fuzzy set
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Figure 2. Pipeline of Bootstrapping Multi-view Learning (BML). Starting from a clean, off-the-shelf training set, BML generates
noise-augmented data via in-place TNC bootstrapping and interleaves it with the clean data during training. With known noise
locations, BML learns a lightweight estimator E;, that integrates view-specific features z;, inter-view predictive discrepancy J;,
and intra-view predictive uncertainty Q; to perform robust test-time fusion.

theory [71] to reduce the sensitivity of uncertainty mod-
eling to the total amount of evidence and dataset-specific
characteristics. Despite their effectiveness, these meth-
ods suffer from two key limitations: First, they learn re-
liability weights from clean, well-aligned training data,
yet are applied to noisy, misaligned inputs at test time,
thereby leading to a train-test task gap that hampers ro-
bustness under TNC. Second, they typically infer reli-
ability indirectly without explicit supervision, often re-
sulting in overconfident or miscalibrated weights under

TNC.

To overcome the aforementioned limits, we propose

a plug-and-play Bootstrapping Multi-view Learning
(BML) framework, which adopts a reveal-supervised
paradigm and bridges the task gap from both the data
and model perspectives. Specifically, on the data side,
BML performs in-place TNC bootstrapping to construct
a controllable noise-augmented set that explicitly simu-
lates downstream cross-view misalignment, which is in-
terleaved with the original clean data during training. On
the model side, BML trains a lightweight reliability esti-
mator under task constraints as well as bootstrapped su-
pervision, which ingests both intra-view predictive un-
certainty (view quality) and inter-view prediction dis-
crepancy (correspondence consistency) to produce cal-
ibrated reliability weights. At test time, the estimated
weights directly modulate multi-view fusion to suppress
misalignment and enhance robustness against TNC. Our
main contributions can be summarized as follows:

* We identify and formalize Test-time Noisy Corre-
spondence (TNC) as a practical yet overlooked chal-
lenge in multi-view learning, where cross-view mis-
alignment arises during inference rather than training,
revealing a critical train-test task gap in existing fusion
frameworks.

e We propose in-place TNC bootstrapping to inject
controllable cross-view misalignment into clean sam-
ples and record the corrupted views. This produces
noise-augmented data that effectively aligns training
objectives with test-time conditions, bridging the task
gap without requiring extra data or annotations.

e We present a reveal-supervised paradigm with a
lightweight reliability estimator that unifies intra-view
predictive uncertainty and inter-view prediction dis-
crepancy into calibrated reliability weights. Unlike
prior unsupervised uncertainty-driven weighting, our
estimator is directly optimized with both task objec-
tives and bootstrapped supervision, yielding stable
and interpretable fusion under TNC.

» Extensive experiments across 11 benchmarks under
varying noise ratios demonstrate that BML consis-
tently improves robustness against TNC while pre-
serving performance on clean data.

2. Related Work

2.1. Multi-view Learning

Multi-view learning has garnered significant attention
due to its ability to integrate complementary informa-
tion from different views [2, 17, 49, 56, 67]. De-
pending on whether per-view uncertainty is explic-
itly estimated, existing methods typically fall into two
categories: 1) deterministic multi-view learning meth-
ods [19, 36, 72], which exploit complementarity by
improving representation quality or cross-view align-
ment. For example, MAMC [37] mitigates feature
heterogeneity and reduces information redundancy to
enhance generalization, while RML [66] proposes a
perturbation-simulated multi-view contrastive frame-
work that achieves both representation alignment and



fusion. However, these methods often assume clean
cross-view correspondences at test time, which renders
them brittle when noisy correspondence occurs after de-
ployment [38, 64]. ii) trustworthy multi-view learning
methods [18], which enable uncertainty-aware weight-
ing at test time [35]. Here, uncertainty is commonly
modeled via Evidential Deep Learning (EDL) [44] and
aggregated using Dempster-Shafer theory [9] or related
fusion rules [38, 40, 65]. More recently, FUML [11]
replaces EDL with Fuzzy Set Theory (FST) [71] to re-
duce the sensitivity of uncertainty estimation to the num-
ber of classes. Despite these advances, most trustwor-
thy methods infer uncertainty relying solely on clean,
aligned training data, lacking explicit exposure to mis-
matched samples, which inevitably introduces a task gap
and undermines reliability. In contrast, we propose a
reveal-supervised paradigm that uses a noise-augmented
set and noisy correspondences as supervision, thereby
bridging the gap between training and test sets and im-
proving robustness in the presence of TNC.

2.2. Noisy Correspondence Problem

The Noisy Correspondence (NC) problem [22] has
emerged as a distinct paradigm for handling imperfect
pairings across views or modalities in real-world sce-
narios, which has been investigated across a wide range
of tasks, including person re-identification (RelD) [43,
46, 63, 69], image-text Matching [8, 12, 13, 51, 57],
vision-language pre-training [23, 30], composed image
retrieval [31, 47], etc. Typically, most existing methods
treat correspondence noise primarily as a training-time
phenomenon, focusing on robust objectives [52, 53],
sample reweighting [73], or correspondence rectifica-
tion [22] during the training phase. However, in prac-
tice, factors such as sensor asynchrony [41], calibra-
tion drift [1], domain shift [26], etc., often make NC
inevitable at test time, which has rarely been explored
before. This common misalignment undermines cross-
view alignment during inference, degrading decision
quality and reliability [38, 64]. To address this gap, we
introduce a simple yet effective bootstrapped reliability
estimation framework for test-time NC, which comple-
ments prior NC work that operates only at training time,
thus extending robustness to the deployment setting.

3. Method

3.1. Problem Formulation

Considering an M -view classification task with label
space Y = {1,...,C}, given a sample index i, let

= {x{™IM__ denote the set of view-specific in-
puts and y; € )Y be the ground-truth label. Each
view m is processed by an encoder—classifier pair
[f(;0m), g(-; & )] that produces a feature representa-

= fx Rk 0) € R, class logits El(.m) =

tion z i

g(z -m), </)m) € RC, and the corresponding predictive
distribution p{™ = softmax(£{"™). However, at test
time, sensor asynchrony or link blockage is prone to in-
duce noisy correspondence, where one or more views in
X; no longer correspond to y;. Formally, we define the

test-time noisy correspondence scenario as follows:

Definition 1 (Test-time Noisy Correspondence
(TNCQ)). An instance X; is said to suffer from TNC if a
nonempty subset of its views is misaligned at test time.
Mathematically, let

M
= > 1[x\" 5 ] (1)

m=1

denote the number of misaligned views, where 1[-] is the

indicator function and xE"O > y; indicates that view
m does not correspond to the ground-truth label y;. We
focus on the regime:

1<k <|¥], 2)
so that a majority of views remain correctly aligned.

To achieve robust inference under TNC, we perform
late fusion using nonnegative, sample- and view-specific
coefficients. Specifically, the fused logits and final pre-
diction are given by:

y; = argmax £; ., (3)
cey

where agm) is the view reliability produced by a view-

specific estimator F(-;,,). This generator is trained
via a reveal-supervised paradigm on an in-place aug-
mented set containing simulated misalignment, allowing
it to learn how to detect and down-weight noisy views.
We will elaborate on this learning mechanism in the fol-
lowing subsections.

3.2. Bootstrapped Reveal-Supervised Learning

To obtain view reliability Oégm) for robust fusion, heuris-
tic weighting or purely uncertainty-based solutions of-
ten require manual tuning or take a task gap between
training and test sets, yielding suboptimal decision qual-
ity. We address this by learning reliability with a con-
trollable in-place TNC-augmented set, where the noise
introduced by TNC is naturally revealed to the estima-
tor as supervision. To prevent overfitting to fixed cor-
ruption patterns and improve coverage of plausible mis-
alignments, the augmentation is resampled on-the-fly in
a bootstrapped manner.



Bootstrapped in-place augmentation. To start with,
at the beginning of each training epoch, given the clean
training set:

= (X}l A= @
we first sample an index subset S C {1,..., N} with
|S| = |pN|, where p € (0,1] denotes the augmented
rate. To bridge the train-test gap, for each ¢ € S,

we draw a view-level mask s; = (sgl), ceey gM)) €
{0,1}™ and constrain it by the TNC regime:
M
1< > |4, (5)

m=1
which ensures that at least one and at most half of the
views are corrupted, thereby preserving identifiability
through remaining clean views. After that, we corrupt
(m) _

view m whenever s; "’ = 1 by shuffling its input within

the bootstrapped pool S:

( ) e (m) 3

((m) ifs;" =1, jes,
X; 6
‘ { X\ ), 1fs(m):0. ©
On the other hand, for samples in D but not in S, we
keep &X; = AX; and define their corrupted mask s; = 0.
At last, collecting all tuples yields the reveal-supervised

training set:

In practice, both S and the masks s; are resampled ev-
ery epoch to diversify mismatches and reduce corrupted
memorization.

View reliability estimator. After obtaining the boot-
strapped set for the reveal-supervised paradigm, we in-
stantiate a lightweight MLP E(-;,,) that maps per-
view evidence to a nonnegative reliability score. Specif-
ically, given an input (clean or corrupted) from D, the
reliability for view m is computed as:

O[Em) = U[E(ugm), wm)} € (07 1)7 (8)

where u; € R is the la-

tent representation from the m-th encoder and o[- is the
sigmoid function. After that, as the reveal-supervised
signal s; is known on D, the view reliability estima-
tors E(+; 1)) can be optimized by aligning agm) with the
clean indicator 1 —
follows:

5™ via a binary cross-entropy as
K3

N

‘ -
~

>

=1 m=1

Loy N

R

{(1 —s; (m) loga sgm) log (1 — aEm))].

€))

Intuitively, this objective encourages al(-m)

clean views and agm) — 0 for corrupted ones, yielding
reliability estimates that are directly useful for robust
fusion. In the next subsection, we further refine a( ™)
with another two complementary signals derived from

the view predictions.

— 1 for

3.3. Dual Prediction-derived Refinements

Learning reliabilities from features 21(-7“) alone may be

insufficient to detect mismatched views, as features
themselves do not quantify per-view noisiness directly.
To tackle this, we further refine the input of the gen-
erator with two prediction-derived signals that expose
cross-view disagreement and within-view quality as fol-
lows:

Proposition 1 (Inter-view predlctlon discrepancy).
Given prediction distribution p for view m, we quan-
tify disagreement with other views via the averaged Jef-
freys divergence [25] as follows:

M
S [Prele™ 190 + Drc(p!™ 9]
n=1,n#m
(10
where Dy, denotes the Kullback—Leibler (KL) diver-

gence operator and a larger Ji(m) indicates stronger
cross-view disagreement and potential mismatch.

m 1
Jz( ) — ==

Proposition 2 (Intra-view prediction uncertainty).
Given logits KZ(.m) for view m, we simply use Shannon
entropy to measure the view quality as follows:

(m)
(m) _ H;
Q; og [ og C}

> P log pr
log C ’

(1)

= —log {14—

which is small for confident predictions and large for
ambiguous ones.

These two quantities provide complementary cues for
assessing view reliability. Specifically, the inter-view
discrepancy Ji(m) measures how far the prediction of
view m deviates from the consensus of the other views,
so a larger value indicates stronger inconsistency and a
higher risk that this view is misaligned. On the other
hand, the intra-view uncertainty ng) reflects the intrin-
sic confidence of the prediction from view m, where cor-
rupted or low-quality views typically yield high-entropy,
ambiguous predictions and thus large Q ™) Motivated
by this, we refine the per-view input of the reliability
estimator by concatenation:

a™ = [z | I Q] e R (12)



Table 1. Classification Performance (Acc+Std) under varying noise ratios and ten different random seeds. The best is indicated in

red, while the second is indicated in blue.

Noise | Method | Caltech | Leaves | HW | LandUse | Scene | AVG.
TMC [ICLR21] 95.96+1.12 | 95.59+0.85 | 97.55+0.56 | 46.14+1.82 | 72.47+091 | 81.54

UIMC [CVPR’23] 97.2940.61 | 93.94+1.50 | 98.10+0.56 | 49.90+1.66 | 73.61+1.15 | 82.57
ECML [AAAL'24] 96.25+0.79 | 93.47+1.30 | 97.22+0.56 | 44.64+1.85 | 70.45+1.00 | 80.41
CCML [ACM MM’ 24] | 95.79%1.09 | 96.81+0.69 | 97.38+0.81 | 41.38+2.11 | 71.56+1.39 | 80.58

0% MAMC [ICLR25] 97.82+0.72 | 89.88+1.55 | 98.90+0.58 | 71.67+1.60 | 80.71+1.28 | 87.80
ETF [ICML’25] 96.47+0.91 | 98.44+0.31 | 97.40+0.60 | 46.09+1.71 | 75.27+0.99 | 82.73
TMCEK [ICML’25] 96.18+0.83 | 93.53+1.28 | 97.30+0.63 | 45.10+2.29 | 71.04+1.22 | 80.63
FUML [ICML'25] 95.2940.93 | 99.28+0.63 | 98.45+0.81 | 74.95+1.71 | 78.92+1.68 | 89.38

RML [ICCV’25] 95.54+1.58 | 97.03+1.06 | 98.20+0.82 | 75.40+2.43 | 78.06+1.13 | 88.85

BML 98.11+0.75 | 99.75+0.27 | 99.03+0.59 | 81.43+1.06 | 83.92+1.39 | 92.45

TMC [ICLR’21] 87.07+1.08 | 79.69+1.63 | 83.42+1.34 | 39.62+2.07 | 61.83+1.54 | 70.33

UIMC [CVPR 23] 92.96+1.21 | 78.09+1.45 | 88.75+1.29 | 42.43+1.18 | 63.55+1.27 | 73.16
ECML [AAAL'24] 83.25+2.16 | 77.69+1.94 | 81.20+1.48 | 38.69+1.92 | 60.33+1.65 | 68.23
CCML [ACM MM’ 24] | 82.14+2.23 | 78.88+1.54 | 79.12+1.38 | 34.88+1.97 | 60.80+1.15 | 67.16

50% MAMC [ICLR25] 96.36+0.75 | 73.69+2.30 | 96.47+0.90 | 62.93+1.19 | 74.06+1.49 | 80.70
ETF [ICML’25] 86.46+2.72 | 78.72+1.58 | 81.57+1.63 | 38.98+1.51 | 63.23+1.29 | 69.79
TMCEK [ICML25] 83.54+1.92 | 77.62+2.17 | 79.53+1.93 | 38.86+2.48 | 60.70+1.60 | 68.05
FUML [ICML’25] 85.46+5.15 | 94.25+1.31 | 95.35+1.52 | 68.29+2.34 | 74.10+1.35 | 83.49

RML [ICCV’25] 86.00+1.84 | 86.16+1.02 | 87.97+1.26 | 66.26+2.46 | 69.25+1.16 | 79.13

BML 96.79+0.83 | 96.16+0.84 | 97.28+0.66 | 75.62+1.29 | 79.25+1.53 | 89.02

TMC [ICLR21] 77.43+3.50 | 61.78+3.10 | 67.35+2.08 | 33.50+1.51 | 51.71+1.11 | 58.35

UIMC [CVPR’23] 88.71+1.47 | 60.78+3.49 | 78.05%+1.55 | 34.90+1.64 | 53.60+1.35 | 63.21
ECML [AAAL'24] 68.11+2.23 | 59.91+3.60 | 64.28+1.73 | 32.48+1.92 | 51.01+0.95 | 55.16
CCML [ACM MM’24] | 67.71x2.47 | 60.09+3.21 | 59.45+2.10 | 29.52+1.89 | 50.08+1.08 | 53.37

100% MAMC [ICLR25] 95.21+1.50 | 58.81+2.57 | 93.284+0.49 | 53.33+2.35 | 67.92+1.30 | 73.71
ETF [ICML’25] 76.14+4.71 | 59.53+2.27 | 64.33+1.92 | 31.52+1.05 | 51.80+0.90 | 56.67
TMCEK [ICML25] 69.11+£2.78 | 59.91+£3.71 | 61.80+2.26 | 33.02+1.50 | 51.65+0.84 | 55.10
FUML [ICML’25] 75.7949.43 | 89.88+1.93 | 92.10+3.13 | 63.74+2.49 | 69.05+1.22 | 78.11

RML [ICCV’25] 75.294+3.36 | 76.81+£2.89 | 77.05+1.06 | 55.43+1.99 | 60.45+1.01 | 69.01

BML 95.36+1.13 | 93.56+0.73 | 94.97+1.02 | 69.02+1.50 | 74.04+1.10 | 85.39

By jointly considering discrepancy and uncertainty,
the reliability estimator F(-;v) can better distinguish

trustworthy evidence (low Ji(m), low Qz(-m)) from noisy
views (high Ji(m) and/or high ng)), yielding reliability
scores that are directly useful for robust late fusion.

3.4. Optimization

Training. To optimize BML, we minimize the cross-
entropy over mini-batches:

1 .
Law =~ > g iy, (13)

i€B

where B denotes the mini-batch sampled from D and
the whole framework is trained end-to-end with the joint
objective:

L=~Las+ ALy, (14)

where A > 0 balances the task objectives and boot-
strapped supervision.

Inference. At test time, given a potential noisy input
X;, we first compute {2™ 67 p{™N1M o form
{J M and {QU™M_,. After that, we obtain
the reliabilities by {o\™ = o [E(a{™; )]}, and
produce the final fused prediction as follows:

M A,
[ o™ as)

m=1

7; = arg max
' ce{l,nC}

Since E(-;4,,) is trained on a TNC-bootstrapped
set under the reveal-supervised paradigm, it encourages
aligned views and suppresses inconsistent ones, yield-
ing robustness under TNC scenarios without requiring
any explicit noise indicator at test time.

4. Experiment

In this section, we conduct a series of experiments to

answer the following three questions:

* Q1: Is BML effective and robust across various levels
of TNC scenarios?



Table 2. Classification Performance (Acc+Std) under varying noise ratios and ten different random seeds. The best is indicated in

red, while the second is indicated in blue.

Noise | Method | CCV | Fashion | NUS-OBJ | AWA | YouTubeFace | AVG.
TMC [ICLR 21] 44.58+0.81 | 96.07+0.31 | 39.72+0.51 | 36.87+0.44 | 75.4420.36 | 58.54

UIMC [CVPR23] 45.48+1.29 | 98.25+0.22 | 41.27+0.68 | 35.95+0.42 | 81.95+0.24 | 60.58
ECML [AAAT 24] 42.59+1.09 | 95.43+0.38 | 35342049 | 32.9320.56 | 52.52+1.22 | 51.76
CCML [ACM MM'24] | 43.62+0.67 | 95.66+0.52 | 38.04x0.58 | 31.46+0.92 | 40.36+0.63 | 49.83

0% | MAMC [ICLR25] 54.66+1.26 | 98.53+0.28 | 45.84x0.57 | 32.15£0.83 | 87.18+0.39 | 63.67
ETF [ICML 25] 48.40£0.79 | 96.78+0.26 | 45.98+0.41 | 48.38+0.35 | 83.02+0.25 | 64.51
TMCEK [ICML'25] | 42.90£0.97 | 94.53+0.33 | 35.40£0.59 | 33.70+0.47 | 53.69+1.26 | 52.04

FUML [ICML 25] 47.38+2.43 | 98.09+0.33 | 47.14x0.56 | 38.3020.43 | 83.1020.43 | 62.80

RML [ICCV°25] 47.50£1.03 | 98.66+0.21 | 44.00£0.52 | 41.58+0.38 | 88.72+0.13 | 64.09

BML 59.56+0.99 | 98.85+0.16 | 51.91+0.40 | 48.90+0.27 | 89.72+0.22 | 69.79

TMC [ICLR21] 38.92+0.79 | 84.11x0.61 | 34.510.29 | 28.98+0.42 | 63.48+0.28 | 50.00

UIMC [CVPR'23] 39.68+1.02 | 91.43+0.49 | 35.62+0.71 | 28.68+0.53 | 68.72+0.24 | 52.83
ECML [AAAT'24] 37.62+1.00 | 82.3420.50 | 31.26+0.55 | 26.06+0.51 | 45.79£0.91 | 44.61
CCML [ACM MM'24] | 37.23+1.05 | 83.07#0.52 | 32.45+0.56 | 24.14+0.68 | 35.81+0.51 | 42.54

509 | MAMC [ICLR25] 46.87+1.10 | 95.66+0.75 | 38.58+0.58 | 21.8420.70 | 76.39£0.69 | 55.87
ETF [ICML 25] 41.67+1.04 | 88.28+0.45 | 38.26£0.45 | 36.94+0.36 | 68.97+0.24 | 54.82
TMCEK [ICML'25] 37.7020.72 | 82.03+0.32 | 31.27#0.59 | 26.63£0.56 | 46.57+0.98 | 44.84

FUML [ICML25] 41.97+2.42 | 95.25+0.48 | 42.72+0.33 | 31.28+0.42 | 73.98+0.50 | 57.04

RML [ICCV"25] 41.47£1.23 | 90.87+0.69 | 37.48+0.59 | 32.68+0.58 | 76.0620.17 | 55.71

BML 51.73+1.10 | 96.24+0.29 | 45.99+0.44 | 40.52+0.31 | 84.12+0.32 | 63.72

TMC [ICLR 21] 33.12+1.42 | 72.00+0.94 | 29.56+0.45 | 21.39£0.55 | 51.64+0.33 | 41.54

UIMC [CVPR23] 34.04+1.22 | 84.9930.85 | 29.86+0.47 | 21.530.27 | 55.61x0.41 | 4521
ECML [AAAI'24] 31.99+0.94 | 68.60+0.90 | 27.44x0.41 | 19.1740.41 | 38.99+0.63 | 37.24
CCML [ACM MM'24] | 30.67+1.08 | 69.91£1.05 | 27.23+0.36 | 16.65+0.67 | 31.43+0.33 | 35.18

1009 | MAMC [ICLR 25] 38.09+1.54 | 93.47+0.51 | 31.28+0.48 | 11.28+0.59 | 65.89+1.02 | 48.00
ETF [ICML25] 33.30+1.45 | 80.5540.59 | 31.56+0.29 | 25.92+0.51 | 55.57+0.45 | 45.38
TMCEK [ICML'25] 32.18+0.88 | 69.21+1.06 | 27.40+0.39 | 19.40£0.33 | 39.46+0.65 | 37.53
FUML [ICML'25] 36.6622.29 | 92.75+0.52 | 37.96+0.52 | 24.34+0.41 | 64.870.50 | 51.32

RML [ICCV'25] 35.09+1.04 | 83.31x1.71 | 31.17#0.48 | 24.08+0.59 | 6345034 | 47.42

BML 44.16+0.97 | 94.37+0.35 | 39.98+0.53 | 32.22+0.51 | 78.42+0.26 | 57.83

* Q2: What underlying mechanisms drive BML’s be-
havior and performance?

* Q3: Are the view reliabilities estimated by BML in
TNC settings reasonable, i.e., do they appropriately
down-weight noisy views?

4.1. Datasets

To ensure a comprehensive evaluation, we employ
eleven benchmark datasets spanning diverse scales and
data types. Specifically, the widely used feature-vector
datasets include Caltech [16], Leaves [54], HW [14],
LandUse [70], Scene [15], CCV [27], Fashion [60],
NUS-OBIJ [7], AWA [29], and YouTubeFace [58], which
are partitioned into stratified 8:2 train-test splits. In
addition, to assess BML on raw data inputs, we con-
struct a three-view dataset, where the visual views are
the RGB and depth images sourced from SUN RGB-
D [24, 48, 50, 61], while the textual view is a single-
sentence content description generated for each RGB
image using Qwen3-VL-32B-Instruct [68]. We refer
to this constructed benchmark as SUN R-D-T, which

adopts the original split from SUN RGB-D. Due to space
constraints, detailed descriptions of all datasets and the
construction pipeline are provided in the supplementary
material.

4.2. Implementation Details

We implement BML in PyTorch v2.1.2 and conduct all
experiments on a machine running Ubuntu 20.04 with
a single NVIDIA RTX 3090 GPU. To assess robustness
under varying noise levels in downstream test sets, we
report results at noise ratios € {0%,50%, 100%}*
in the main paper, where 1 denotes the proportion of
test samples that suffer the scenario defined in Defini-
tion 1. Our experiments are organized by dataset type.
Specifically, for feature-vector datasets, to avoid per-
dataset tuning, we employ the same fully connected
feature extractor and a unified hyperparameter config-
uration across all datasets. Models are trained with
Adam [28] for 200 epochs, using an initial learning rate

“Due to space constraints, comprehensive results covering noise
ratios n = 0% — 100% are provided in the supplementary material.



Table 3. Ablation study of the components in our BML framework under 50% TNC noise, where the best is indicated in red.

Type Caltech Leaves HW LandUse Scene NUS-OBJ | SUNR-D-T | AVG.
W/O L., 91.50+1.48 80.81%1.77 91.40+0.96 65.60+1.86 73.78+1.09 40.82+0.50 | 58.50+0.93 | 71.77
W/0 J 96.32+0.68 95.12+0.81 96.58+0.68 74.50+1.98 78.65+1.53 45.55+0.53 | 61.76+0.22 | 78.35
W/0 Q 96.68+0.62 96.06+0.91 97.17+0.54 75.10+1.89 78.81+1.49 45.93+0.57 | 64.20+0.55 | 79.14
W/O on-the-fly | 94.00+1.13 86.66+1.73 94.85+1.34 69.48+1.65 76.43£1.43 42.03+0.46 | 56.27+0.93 | 74.25
FULL 96.79+0.83  96.16+0.84 97.28+0.66 75.62+1.29 79.25+1.53 45.99+0.44 | 64.54+0.59 | 79.38

of 2 x 1073 and a batch size of 2048. We set the in-
place augmentation ratio to p = 0.5, and balance L,,
and L., with A = 1.0. For the SUN R-D-T dataset, we
adopt BERT [10] for text and a ResNet-18 [20] back-
bone pretrained on ImageNet for images. Input images
are resized to 256 x 256 pixels and randomly cropped to
224 x 224. Models are trained with AdamW [39] for 100
epochs, using weight decay 0.01 and an initial learning
rate of 1 x 10~ for ResNet and 2 x 10~° for BERT, re-
spectively. We set A = 50.0 to balance £, and L, and
all other settings follow those used for the feature-vector
datasets.

Table 4. Classification Performance (Acc£Std) on SUN R-D-
T dataset under varying noise ratios and five different random
seeds. Indicators are the same as Table 1 and Table 2.

Method | 0% 50% 100%

MAMC [ICLR'25] | 62.54+1.66 58.58+1.77 54.43+2.13
TMCEK [ICML'25] | 63.30£0.53  55.4740.59  47.70+0.70
FUML [ICML'25] | 63.77#0.89  59.68+0.96 55.55+0.81
RML [ICCV"25] 58.23+1.15 50.15+1.13  42.73+1.32
BML 68.15+0.28 64.54+0.59  60.97+0.60

4.3. Comparison with State-of-the-arts (Q1)

Results on feature-vector datasets. To demonstrate

the effectiveness of BML, we compare its classifi-

cation performance against nine state-of-the-art base-
line methods, which comprise: i) trustworthy meth-
ods that leverage uncertainty estimation to derive

fusion weights for multi-view learning—TMC [18],

UIMC [62], ECML [64], CCML [38], ETF [40], TM-

CEK [34], and FUML [11], and ii) deterministic meth-

ods that improve either representation quality (e.g.,

MAMC [37]) or cross-view alignment (e.g., RML [66]).

We report the last epoch mean accuracy (Acc) and stan-

dard deviation (Std), and average all results over 10 dif-

ferent seeds to mitigate randomness. The results of ten
benchmarks (sorted by data size) under both clean and

TNC scenarios are summarized in Table 1 and 2, from

which we make the following observations:

* In the absence of noisy correspondence at test time
(i.e., W/O TNC), BML still outperforms existing
SOTA methods on all datasets—most notably surpass-
ing RML [66] by 6.03% on LandUse and FUML [11]

by 4.77% on NUS-OBJ, suggesting that the reveal-
supervised learning paradigm enables BML to infer
and leverage per-view quality even when correspon-
dences are clean.

Under TNC scenarios (50% and 100% noise), BML
exhibits strong and consistent dominance, with gains
particularly pronounced on large-scale datasets (e.g.,
AWA, YouTubeFace). We attribute these margins to
BML’s explicit bridging of the train-test task gap in-
duced by TNC, where bootstrapped supervision accu-
rately identifies mismatched views and down-weights
their contributions during fusion, yielding more robust
predictions.
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Figure 3. Density plots and box plots (top half of each subplot)
of the estimated view reliability a£m> on the test set of four
datasets.

Results on RGB-D Scene Recognition. To empha-
size the generalizability of BML to raw data, we further
evaluate it on our proposed SUN R-D-T scene recog-
nition benchmark. We compare BML with two state-
of-the-art trusted baselines (TMCEK [34], FUML [11])
and two strong deterministic baselines (MAMC [37],
RML [66]), reporting results in Table 4 across five dis-
tinct random seeds. The results show that under TNC
scenarios, BML significantly outperforms all baselines,
while on clean test sets it also remains highly competi-
tive, highlighting its promise for deployment in practical
multi-view scenarios.



Text view

RGB view

Depth view

Six white rectangular tables with
gray legs are arranged in two rows;
cach table has a maroon seat with
black frame; white cables lie on the
gray patterned floor; two whiteboards
are on the back wall. 0. 9941

Two purple chairs with metal legs
are positioned against a white wall
with brown baseboard; to the left,
three light blue chairs are arranged
near a dark table, with a closed door
visible in the background.

0. 9911

Text view

Depth view

A long hallway with red walls on
the left and white walls on the
right, lined with papers, signs, and
doors; ceiling lights illuminate the
shiny floor, and an exit sign is
visible ahead. 0. 9606

A Dblack bicycle with front
suspension is parked against the left
wall in a narrow space with beige
carpet, white walls, and multiple
closed doors on the right side.

0.9916

Three cardboard boxes sit atop a
white desk with a light blue drawer
unit; a gray swivel chair with a
green backrest is positioned in front,
and a beige filing cabinet is to the

ek 0.0015

(a) Ground Truth: Classroom

A black mesh office chair sits on blue
carpet near a gray filing cabinet, with
a desk holding papers, a monitor, and
a telephone to the right; shelves with
binders and books are mounted on
the wall behind. 0.0116

(b) Ground Truth: Corridor

Figure 4. Case study of the view-specific reliability on the SUN R-D-T test set under the TNC scenario, where the red box represents
the TNC sample, and the estimated reliability weight for each view is indicated in the bottom-right corner of its respective panel.
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Figure 5. t-SNE visualization comparison with and without
our view reliability on the Fashion test set.

4.4. Ablation Study (Q2)

We dissect BML’s working mechanism from a
component-wise perspective. First, we report the per-
formance of a naive classifier trained solely with cross-
entropy L, i.e., W/O the reveal-supervised loss (L),
which is substantially worse than all BML variants.
Next, we ablate the two prediction-derived signals from
the input to the view reliability estimator one at a time:
removing J (inter-view predictive discrepancy) reduces
performance by 1.03%, while removing @ (intra-view
predictive uncertainty) yields a 0.24% drop, both rel-
ative to the full model. Finally, disabling the on-the-
fly, bootstrapped construction of the noise-augmented
set causes the reveal-supervised paradigm to overfit the
injected noise patterns, leading to a pronounced decline
of 5.13%.

4.5. Visualization Analysis (Q3)

Reliability Visualization. To build intuition about the
estimated reliabilities, Figure 3 shows the test-time reli-
ability density predicted by the estimator E(-; ) (with
boxplot overlays at the top of each subfigure). Ob-
viously, BML successfully captures the TNC patterns

learned via the reveal-supervised paradigm, clearly peel-
ing off noisy correspondence samples from the clean
cluster and assigning them lower fusion weights.

Case Study. Figure 4 visualizes the reliability weights
estimated by BML for the “classroom” and “corridor”
categories from the SUN R-D-T test set under TNC sce-
narios. The results show that BML is highly sensitive to
misalignment, where views involved in TNC are consis-
tently assigned very low weights (mostly less than 0.1),
whereas aligned views retain high reliability. This pro-
vides strong evidence of BML’s ability to resist TNC
during deployment.

t-SNE Visualization. Given the reliabilities that cap-
ture TNC, we visualize fused logits with and without
applying them for fusion in Figure 5. When the test set
includes noisy correspondence and all views are fused
with equal weights (Figure 5(a)), class separability de-
teriorates. After training with £,, and applying the es-
timated reliabilities (Figure 5(b)), the clusters become
markedly more discriminative.

5. Conclusion

In this paper, we identify and formalize a pervasive de-
ployment failure mode for multi-view systems, i.e., test-
time noisy correspondence arising from asynchronous
view acquisition. To address it, we introduce a Boot-
strapping Multi-view Learning framework that narrows
the train—test gap by constructing an in-place, TNC-
bootstrapped noise-augmented set and optimizing it
with a reveal-supervised paradigm. An important next
step is to extend this framework to a unified treatment
of TNC and test-time view missingness, enabling joint
handling of misalignment and incompleteness to further
strengthen real-world reliability.
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