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Appendix A Supporting Diagnostics for the
Small-Loss Case Study

The main text retains the two figures and two tables needed to establish the central
observability argument. This appendix provides four complementary checks that make
the diagnostic chain explicit. The feature-space intervention asks whether corrupted
examples remain high-loss when they are made easier to organize. The transition
matrices show how the corruption mechanisms differ at the class level. The Gaus-
sian mixture model (GMM) analysis separates aggregate splitting accuracy from
clean-sample retention and noisy-sample detection. The final check replaces the loss-
mixture decision with a confidence criterion and changes the downstream architecture.
Together, these checks test different links in the argument rather than serving as
additional method-comparison results.

All panels should be read within their displayed protocol. For synthetic corruption,
the clean/noisy indicator is available from the injected corruption mask and is used
only for retrospective diagnosis. It is not supplied to the learner as training supervision.
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In the histogram panels, the horizontal axis is log loss and the two colors denote
samples whose observed labels were retained or corrupted. In the curve panels, the
horizontal axis is training epoch, while the legend suffix denotes the nominal corruption
rate. The figures report the behavior of the displayed runs and are not used to claim
statistical significance across independent implementations.

A.1 Controlled feature-space intervention

The first check isolates the mechanism behind the small-loss heuristic. Ordinarily, a
corrupted target conflicts with the representation being learned and therefore tends
to produce a larger loss. This association can be mistaken for a direct connection
between loss and label correctness. The intervention reverses the diagnostic question:
if corrupted examples are given feature-side structure that makes their observed tar-
gets easier to fit, do they remain distinguishable from clean examples by loss alone?
CIFAR-10 with 40% instance-dependent noise provides the controlled setting, and the
intervention is designed to increase the structural coherence of the corrupted group
without changing which examples are counted as corrupted.

Fig. 7 Toy feature-space intervention on CIFAR-10 with 40% instance-dependent noise. The his-
tograms show log-loss distributions for the known clean and corrupted groups after noisy samples are
given clean-like feature structure. The resulting overlap shows that the small-loss signal depends on
structural coherence, not only on label correctness.

Figure 7 shows the resulting loss distributions. A substantial fraction of corrupted
examples moves into the same very-low-loss region occupied by clean examples. The
noisy group has not become correctly labeled; it has become easier for the current
model to fit under its observed targets. This distinction is the purpose of the interven-
tion. It shows that a selector can assign high reliability to a corrupted example when
representation geometry supports the corrupted target.

The intervention is intentionally narrow. It does not model a complete human
annotation process, and it does not show that every structured corruption will become
low-loss. It establishes a conditional failure mode: label correctness is not identifiable
from loss ranking when clean and corrupted examples have comparable structural
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Symmetric noise Instance-dependent noise SILN
Fig. 8 Empirical transition-matrix comparison on CIFAR-10. Rows denote clean classes and columns
denote observed labels; diagonal cells represent retained labels and off-diagonal cells represent cor-
ruptions. Compared with broadly distributed symmetric and instance-dependent transitions, SILN
concentrates substantial mass on selected class pairs.

learnability. This motivates inspecting the corruption pattern before interpreting a
favorable small-loss separation as a general property of an algorithm.

A.2 Class-level structure of the corruption process

The transition matrices make the three synthetic protocols comparable at the class
level. Each row corresponds to a clean class and each column to the observed class
after corruption. Diagonal mass represents label retention, whereas off-diagonal mass
records where corrupted labels are sent. A matrix with diffuse off-diagonal mass creates
a different learning problem from one in which a class is redirected repeatedly toward
a small number of alternatives, even when the two protocols have a similar global
corruption rate.

Figure 8 visualizes this distinction. Symmetric noise preserves a dominant diag-
onal and distributes the remaining mass broadly. Instance-dependent noise produces
heterogeneous off-diagonal entries because the corruption depends on individual exam-
ples. SILN is more concentrated: selected class pairs receive visibly stronger transition
mass, so the corrupted targets can form repeatable class-level patterns rather than
isolated random contradictions.

The matrix view explains why noise rate alone is insufficient for this case study.
Two datasets can contain the same proportion of changed labels while exposing very
different reliability signals to a learner. Diffuse corruptions are more likely to con-
flict with shared class structure, whereas concentrated transitions can be absorbed
as an alternative regularity. The figure is therefore used to document the stress-test
structure, not to claim that SILN reproduces every real annotation mechanism.

A.3 GMM splitting and hard-clean retention

The third check evaluates the decision rule used by many small-loss pipelines. At each
displayed training point, a two-component GMM summarizes the loss distribution and
converts the mixture assignment into a clean/noisy decision. Because the corruption
mask is known for this controlled analysis, three quantities can be reported: overall
agreement with the mask, the fraction of clean samples retained as clean, and the
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Overall splitting accuracy Clean-sample accuracy Noisy-sample accuracy

Fig. 9 GMM clean/noisy splitting accuracy across training under RoLR on CIFAR-100. The panels
report overall agreement with the injected corruption mask, clean-sample retention, and noisy-sample
detection. Comparing the panels reveals whether an apparently strong aggregate split is achieved by
sacrificing hard clean samples.

fraction of corrupted samples identified as noisy. The second and third quantities are
important because the aggregate score can conceal an asymmetric error pattern.

Figure 9 reveals such an asymmetry. Noisy-sample detection remains close to the
top of its plotting range for most displayed settings, but clean-sample retention varies
substantially and decreases in several high-noise or structured conditions. Conse-
quently, the overall curve can look comparatively stable even while a growing portion
of clean data is assigned to the noisy component. This is precisely the failure that a
single aggregate splitting score can hide.

The clean-sample panel should therefore be interpreted as a hard-clean retention
diagnostic. A clean example can remain high-loss because it lies near a class boundary,
belongs to a difficult subclass, or is poorly represented at the current epoch. Reject-
ing such examples may improve the apparent purity of the retained set while reducing
coverage of informative training data. The noisy-sample panel measures the comple-
mentary error. Reporting both prevents a method from appearing successful merely
because it applies an increasingly conservative selection rule.

The curves also show why threshold retuning is not a complete remedy. A differ-
ent operating point can trade clean retention against noisy detection, but it cannot
restore separability when the underlying score distributions overlap. The relevant ques-
tion is therefore not only which threshold is used, but whether loss contains enough
information for the desired clean/noisy decision at that stage of training.

A.4 Alternative score and architecture-transfer checks

The final group addresses two narrower alternative explanations. First, poor separation
might arise from the two-component GMM rather than from the underlying reliability
signal. The confidence panel therefore applies a high-confidence criterion under the
same RoLR-centered diagnostic setting. This changes the score used for selection while
preserving the question being evaluated: whether clean and corrupted samples can be
separated without systematically rejecting difficult clean examples.

Second, the observed overlap might be circular if the same model both constructs
the structured noisy labels and evaluates them. The architecture-transfer panels reduce
this concern by using ResNet-50 for downstream evaluation when the SILN labels
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Confidence criterion

ResNet-50, CIFAR-10 ResNet-50, CIFAR-100

Fig. 10 Alternative-score and architecture-transfer checks. The left panel applies a high-confidence
criterion under RoLR on CIFAR-100. The middle and right panels show clean/noisy log-loss distri-
butions when SILN labels generated with one model are evaluated with ResNet-50 on CIFAR-10 and
CIFAR-100.

were generated with another model. The two histograms repeat the clean/noisy log-
loss comparison on CIFAR-10 and CIFAR-100, allowing the transfer check to be read
across datasets as well as across model instances.

Figure 10 shows that changing the decision score does not automatically remove the
clean/noisy trade-off, and changing the downstream architecture does not eliminate
loss overlap in the displayed settings. These observations make the diagnostic less
dependent on one particular GMM fit or one generator–evaluator pairing. They do not
establish architecture-independent behavior in general: only one transfer architecture
and the two displayed datasets are tested here.

A.5 Interpretation boundary

Taken together, the appendix supports three limited conclusions. First, small loss is a
model- and representation-dependent reliability signal rather than a direct observation
of label correctness. Second, aggregate selection accuracy can hide the removal of hard
clean examples, so clean retention and noisy detection should be reported separately.
Third, the observed difficulty is not confined to one mixture model or one identical-
model construction, because it remains visible under the displayed confidence and
architecture-transfer checks.

The appendix does not establish that SILN is a universal model of realistic label
noise, that every small-loss method fails under structured corruption, or that the
displayed runs rank competing algorithms. The evidence is diagnostic and protocol-
specific. Its practical implication is a reporting requirement: an LNL evaluation should
pair final prediction accuracy with the corruption structure, score distributions, group-
specific selection errors, and the information used to construct or validate the noisy
labels. These additions make clear whether a method has learned a robust predictor
or has merely benefited from an unusually favorable clean/noisy separation.

Appendix B Evidence-Status Tables for Recent
Literature

The chronological tables below preserve publication status and provenance without
making publication year the organizing axis of the main review. The 2026 entries are
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Table 17 Representative studies related to noisy labels or noisy supervision, 2023–2024.

Paper Venue/year Main setting Role in this review

DISC (Li et al. 2023) CVPR 2023 Closed-set LNL Instance-specific
memorization and dynamic
selection/correction

Fine-grained LNL
(Wei et al. 2023b)

CVPR 2023 Fine-grained
classification

Semantic ambiguity and
representation-preserving
contrastive learning

Noisy
correspondence (Han
et al. 2023)

CVPR 2023 Cross-modal
retrieval

Noisy supervision as
mismatched
correspondence

RankMatch (Zhang
et al. 2023)

ICCV 2023 Sample selection Confidence and rank
consistency beyond
small-loss selection

Intrinsically
long-tailed LNL (Lu
et al. 2023)

ICCV 2023 Long-tailed LNL Coupling between
imbalance, difficulty, and
label reliability

Method-choice
analysis (Yao et al.
2023)

ICML 2023 Method
assumptions

Causal assumptions behind
SSL-style and
noise-modeling approaches

LogitClip (Wei et al.
2023a)

ICML 2023 Robust objective Optimization-level control
of memorization

CSOT (Chang et al.
2023)

NeurIPS 2023 Structured
selection/correction

Global and local
structure-aware denoising

FedNoRo (Wu et al.
2023)

IJCAI 2023 Federated LNL Client heterogeneity, class
imbalance, and noisy labels

Noisy pre-training
(Chen et al. 2024,
2025)

ICLR 2024 /
TPAMI 2025

Noisy model
learning

Label noise embedded in
pre-trained representations
and foundation-model
adaptation

Structural labels
(Kim et al. 2024)

CVPR 2024 Structure-aware
LNL

Reverse kNN structural
targets for representation
geometry

L2B (Zhou et al.
2024)

CVPR 2024 Bootstrapping Joint instance and label
weighting for robust
self-bootstrapping

VLM noisy-label
detector (Wei et al.
2024)

NeurIPS 2024 VLM fine-tuning External semantic priors
for noisy-label detection

used as pressure tests rather than as the sole support for core claims. Peer-reviewed
work is separated from preprint and emerging evidence so that the appendix can be
updated as publication records change.
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Table 18 Representative studies related to noisy labels or noisy supervision, 2025.

Paper Venue/year Main setting Role in this review

Open-world noisy
data (Pan et al.
2025)

AAAI 2025 Open-world LNL Class-independent margins
for known/unknown noise

Multi-prototype
open-set LNL
(Zhang et al. 2025)

Pattern
Recognition
2025

Open-set LNL Feature-prototype
modeling for
clean/ID-noisy/OOD-noisy
separation

ANNE (Cordeiro and
Carneiro 2025) and
surrogate selection
(Liang et al. 2025)

Pattern
Recognition /
IJCV 2025

Sample selection Hybrid loss-feature
selection and general
reliability surrogates

VRI (Sun et al. 2025)
and Detect-and-
Correct (Grinberg
et al. 2025)

IJCV / arXiv
2025

Target refinement Probabilistic and selective
correction under uncertain
targets

SiDyP (Ye et al.
2025)

KDD 2025 LLM-generated
labels

LLM annotation noise and
iterative target refinement

BeGIN (Kim et al.
2025)

KDD 2025 Graph benchmarks Instance-dependent graph
label noise with algorithmic
and LLM-based corruptions

Early Cutting (Yuan
et al. 2025)

NeurIPS 2025 Sample selection Filtering mislabeled easy
examples after early
confidence

Joint asymmetric
loss (Wang et al.
2025) and RML++
(Li et al. 2025)

ICCV / IJCV
2025

Robust loss Robust objective design
beyond symmetric losses

ELDET (Choi et al.
2025)

NeurIPS 2025 Object detection Early-learning distillation
under localization and
categorization noise
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Table 19 Peer-reviewed 2026 evidence in noisy-label learning.

Paper Evidence
status

Main setting Role in this review

Label-noise SGD
dynamics (Zhang
et al. 2026)

Published,
AAAI 2026

Theory and
optimization

Explains how label noise
can drive rich-regime
dynamics and connects
noisy-label training to
SAM-like optimization

Jump-teaching (Ji
et al. 2026)

Published,
AAAI 2026

Efficient sample
selection

Uses temporal
disagreement to reduce
selection bias without
dual networks or extra
forward passes

DKAF (Ning and
Chen 2026)

Published,
AAAI 2026

VLM noisy-label
learning

Shows that VLM priors
may create endogenous
confirmation bias during
noisy-label detection and
correction

FedRNC (Huang
et al. 2026)

Published,
AAAI 2026

Federated class-
incremental LNL

Introduces
spatio-temporal label
misalignment as a
federated noisy-
supervision failure mode

Prototype-guided
graph supervision
(Li et al. 2026a)

Published,
AAAI 2026

Graph learning Replaces direct noisy
node labels with
class-level prototype
supervision under sparse
labels
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Table 20 Foundation-model, conformal, and emerging 2026 evidence.

Paper Evidence
status

Main setting Role in this review

LANE (Sosea and
Caragea 2026)

Published,
ICLR 2026

Fine-grained text
classification

Uses label relationships
and label-aware margins
to detect semantic label
noise in text

RRM (Chen et al.
2026)

Published,
ICLR 2026

Loss reweighting Provides an architecture-
independent wrapper for
loss reweighting under
noisy labels

Noise-aware
generalization
(Wang et al. 2026)

Published,
ICLR 2026

Domain
generalization plus
noise

Shows that LNL methods
may confuse domain shift
with label noise,
motivating joint
evaluation

RE-PO (Cao et al.
2026) and
Semi-DPO (Liu
et al. 2026)

Published,
ICLR 2026

Preference/noisy
alignment labels

Extends noisy-
supervision reasoning to
LLM and diffusion
preference optimization

CMRM (Shi et al.
2026)

Published,
AISTATS
2026

Conformal robust
learning

Adds a
quantile-calibrated
margin envelope without
privileged clean data or
transition matrices

NCSAM (Xu and
Pang 2026) and
OccNL (Li et al.
2026b)

NCSAM:
arXiv
preprint;
OccNL: IROS
2026
acceptance
reported by
the authors

Optimization and 3D
perception

Indicate emerging work
on flatness-aware noisy
optimization and
task-specific 3D
occupancy noise
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