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ABSTRACT

Practical classification requires both high predictive accuracy and reliable confi-
dence for human-Al collaboration. Given that a high-quality dataset is expensive
and sometimes impossible, learning with noisy labels (LNL) is of great importance.
The state-of-the-art works propose many denoising approaches by categorically
correcting the label noise, i.e., change a label from one class to another, which
can suffer from normality pollution and class ambiguity. The normality pollution
happens when the noise ratio gets higher, leading to prediction inaccuracy, as
such approaches intrinsically learns normality from the noisy dataset. The class
ambiguity happens when the number of classes increases, leading to less reliable
prediction confidence.

In this work, we propose a training-time data-curation framework, TrainRef, to
uniformly address prediction accuracy and confidence calibration by (1) an extrinsic
small set of reference samples Dt to avoid normality pollution and (2) curate labels
into a class distribution instead of a categorical class to handle sample ambiguity.
Our insights lie in that the extrinsic information allows us to select more precise
clean samples even when |D,| equals to the number of classes (i.e., one sample
per class). Technically, we design (1) a reference augmentation technique to select
clean samples from the dataset based on Di.r; and (2) a model-dataset co-evolving
technique for a near-perfect embedding space, which is used to vote on the class-
distribution for the label of a noisy sample. Extensive experiments on CIFAR-100,
Animal10N, and WebVision demonstrate that TrainRef outperform the state-of-
the-art denoising techniques (DISC, L2B, and DivideMix) and model calibration
techniques (label smoothing, Mixup, and temperature scaling). Furthermore, our
user study shows that the model confidence trained by TrainRef well aligns with
human intuition. More demonstration, proof, and experimental details are available
athttps://sites.google.com/view/train-ref.

1 INTRODUCTION

Practical classification application, such as medical diagnosis (Rosenbacke et al., 2024), autonomous
driving (Delavari et al., 2025), and fraud detection (Perini & Davis, 2023), requires both accuracy
and reliable confidence. Recent work by Kalai et al. (Kalai et al., 2025) shows that even highly
capable LLMs tend to produce overconfident false predictions (hallucinations), emphasizing the
importance of calibration as a peer to accuracy. The confidence is useful for the model users to decide
when to adopt model decision (Corbiere et al., 2019; Pan et al., 2020). Such model performance
(both accuracy and confidence) usually requires high-quality datasets, however, which are usually
expensive, sometimes impossible (Al, 2024; Forbes, 2024).

Therefore, learning with noisy labels (LNL) solutions emerge to address the challenge. The solutions
evolve from label transition matrix (Hendrycks et al., 2018; Patrini et al., 2017), sample-reweighting
techniques (Li et al., 2020; Sheng et al., 2024; Liu et al., 2020), gravitating to the pseudo-labeling
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Figure 1: Examples of ambiguous samples from CIFAR-100 where the ground-truth label is distribu-
tional rather than categorical. (Left) Snake vs. Worm, where the label can be 70% Snake and 30%
Worm. (Right) Sea vs. Cloud vs. Plain, where the label may be distributed as 50% Sea, 40% Cloud,
and 10% Plain. Categorical labels for such cases encourage overconfident predictions, whereas
distributional labels better capture inherent ambiguity.

techniques which curate the noisy data from one class to another via semi-supervised learning (Kim
et al., 2021; Nishi et al., 2021; Lu et al., 2021; Zheltonozhskii et al., 2022; Li et al., 2023). While
generally effective in improving predictive accuracy, the performance of such categorical curation
(i.e., change one label with another) to learn reliable confidence is limited, especially when the
number of classes grows, leading to more ambiguous samples (see Figure 1). In practice, to classify
a clinical note into an ICD code, there can be more than 10K classes. In addition, those solutions
curate the labels by learning the label normalities from the intrinsic noisy dataset. When the noise
ratio is high enough, the noisy samples can form the polluting normalities, leading to mis-curation.
On the other hand, confidence calibration solutions include label smoothing (Miiller et al., 2019),
mixup (Zhang, 2017), and temperature scaling (Hinton, 2015; Guo et al., 2017) which mitigates
prediction overconfidence for more reliable class distributions. However, their performance is limited
in addressing the mis-confidence caused by label noise.

In this work, we propose a training-time data-curation solution, TrainRef, with the following features.

* Distributional Curation: Different from categorical curation, we learn distributional curation
during training, i.e., change a label from one class to a class distribution, for having high predictive
accuracy and reliable confidence in a uniform manner.

» Extrinsic Reference Set: Different from the state-of-the-arts (Li et al., 2020; Sheng et al., 2024;
Liu et al., 2020; Li et al., 2023) which curate the labels by learning the label normalities from the
intrinsic noisy dataset, our approach introduces a tiny trusted set of reference samples with the
ground-truth label, D,.. ¢, as label normalities, to avoid normality pollution caused by high noise
ratios. Our approach can be effective even when | D, s| is as small as the number of classes (one
sample per class).

Given a trusted reference set D¢ and a noisy dataset ﬁ, TrainRef adopts a three-stage training
routine by co-evolving the model embedding space and the curated dataset. First, we obtaining a
label-agnostic encoder # by pre-training masked-image modelling (MIM) (Pathak et al., 2016; Peng
et al., 2022) task on D. As a result, the embedding space of # is immune to noise. Next, we design a
reference augmentation technique to select clean samples f)(f) C 25) based on D, regarding the
agreement between the samples in D, and the samples in D through the influence functions (Koh
& Liang, 2017; Pruthi et al., 2020; ?) computed on 6. Finally, we co-evolve the model 8* and the
dataset D by iteratively (1) fine-tuning a model 8* with learned clean dataset D and (2) curating and
enhancing the dataset D by voting the label distribution for noisy samples with their neighbouring
clean samples on the embedding space of 6*.

Our extensive experiments show that TrainRef significantly outperform the state-of-the-art denoising
solutions (i.e., L2B (Zhou et al., 2024), DISC (Li et al., 2023), LSL (Kim et al., 2024)) by 1.82%
to 8.19% across various benchmarks , and the state-of-the-art confidence calibration solutions (i.e.,
label smoothing (Miiller et al., 2019), mixup (Zhang, 2017), and temperature scaling (Hinton, 2015;



Published as a conference paper at ICLR 2026

Guo et al., 2017)) by consistently achieving lower ECE indicating better calibration. Furthermore,
in a blind user study, participants agree with TrainRef’s confidence estimates over previous SOTA
(DISC + mixup) in 75% of cases, corroborating its reliability in practice. More demonstration, proof,
and experimental details are available at https://sites.google.com/view/train-ref.

2 PROBLEM STATEMENT

Given a collected dataset D = {(x,¥)}¥., where each sample consists of an input x € R? and a
one-hot categorical label § = [y1, y2, ..., yc|, ye € {0, 1}, C is the number of classes. We assume
that the true label is a class distribution instead of a one-hot class, that is, D* = {(x,y*)}, where

v =1yl v5, .. u8) ye €[0,1], Zlcz1 y& = 1. Thus, we define two types of label misinformation:

» Categorical Noise: The ground-truth label y* is one-hot (e.g., a 0-entropy distributional label) but
arg max,y, # argmax,ye.

* Distributional Noise: The ground-truth label y* is a Dirichlet distribution over C' classes, and
y* # y. Intuitively, such noise can lead to an over- or under-confident model.

Our goal is to learn a parameterized mapping fo(.) : R¢ — R” that projects each input into an

embedding space for downstream tasks. We obtain our estimator § by minimizing the empirical risk
over a finite dataset with distributional labels (Equation 1). Here, A || f|| denotes a regularization term,
such as weight decay, that penalizes large parameter values to control the model’s capacity.

0 = arg min e Z [L(fo(xi), ¥i) + All foll] @)

N ~
o (xi,5:)€D

In the limit as N — oo, a well-behaved estimator 6 should converge to the true risk minimizer.

0 = argemin E(x; yz)~D* [L(fo(xi), ¥7)] + Al foll @)

However, in practice, this asymptotic consistency can break down when the dataset D contains label
misinformation (i.e., both categorical and distributional noise).

Rationale If the optimal embedding fy-(.) were available, and §) = g o f, where g(.) : R" — R®
is the classification head. Then by Representer Point Theorem (Scholkopf et al., 2001), any model
prediction at query sample x; can be expressed as a linear combination of representative samples x;,
weighted by their similarity k(x,x;) (Equation 3), where each coefficient cv; depends only on the
representative sample (x;,¥;).

Yx) = Y i k(xi,xe) 3)

(xi,yi)EDrey

In TrainRef, (i) we estimate the optimal embedding function f , and (ii) we collect a clean reference
set with diverse class prototypes, Dye; = {(Xref, yres)}. Then given a sample (x,y), we can curate
the label as Equation 4.

o 1 ; ;
Yy (Xt) =T~ Z Yiref * k(f(xref)a f(xt)) 4
‘Dref ‘
(xrel'vyrel') EDrer
Here, we set a;; = H%T%ff“’ i.e. each clean label directly votes in proportion to its similarity with the

query. We construct the curated dataset D = {(xe, 3 (x0)) [ x: € D} to replace D in the follow-up
training processes, and we hope the 6 learnt from D is closer to 6*.

Practical Challenges. Applying Equation 4 in practice requires overcoming two challenges:
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Figure 2: Overview of TrainRef: given a noisy training dataset D and a small reference dataset D, s
we (1) explore a near-perfect embedding space and (2) augment the reference to learn a function

parameterized by 6* to minimize the empirical risk. The learned embedding space and the curated
dataset are mutually influenced to converge.

* Accurate embedding-space estimation. Even with heuristics like the memorization effect (Liu
et al., 2020) or confidence-based selection (Li et al., 2020; 2023), noisy or over-confident labels in
D can skew the learned embedding space when minimizing the empirical risk (Eq. 1).

* Reference-set diversity. Manually verified clean references are typically few. We therefore need
methods for augmenting and measuring diversity so that our reference pool contains sufficiently
representative prototypes for reliable label voting.

Next, we introduce our solution TrainRef to address the above challenges.

3 APPROACH

Figure 2 illustrates the overall framework of TrainRef, which learns a deep classifier from a dataset D
with both categorical and distributional noise, aided by a small clean reference set D;s. The core idea
is to construct a reliable embedding space S* and an augmented reference set Dy, such that samples

in D} can collectively provide accurate supervision for the rest of the dataset via neighborhood

voting. The training procedure consists of three iterative phases:
Phase I: General Embedding Space Construction. In this stage, we pre-train model fy from the

training dataset D with loss functions independent from the labels. Specifically, we choose MIM
(Masked Image Modelling) (Pathak et al., 2016; Peng et al., 2022) as the pretraining task which aims
to recover a patch in an image sample from its neighboring patches. By this means, we learn an initial
embedding space, allowing us to extract general semantically meaningful features from the samples.

Phase II: Special Embedding Space Construction. In the next stage, we augment the small
reference set D,..y by introducing a subset of clean samples in D. We consider a sample (x,y) in

D as clean if (x,y) is consistent with all the samples in D, ¢ In this work, we introduce influence
function (Koh & Liang, 2017) to measure such consistency (see Section 3.1). As a result, we have

an augmented reference set Dj, , which can be used to further retrain 6 to 0. Comparing to 6, the

embedding space of 6 is more classification-relevant.

Phase III: Embedding Space Refinement. In the final stage, we iteratively update the learned
model 6* and its embedding space and the curated model D. On one hand, we curate the dataset D
to D based on the learned embeddmg space and a set of discriminated reference samples. On the
other hand, the curated dataset D is further used to update the model to 6*. The co-evolution process
terminates once both the refined labels y* and model parameters 0 converge (see Section 3.2).

Given the space limit, readers can refer to the Appendix A for the dictionary of symbols.
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3.1 REFERENCE AUGMENTATION

Our insight lies in that noisy samples are likely to generate strong conflicting training signals with
the ground-truth references, and clean samples can generate aligning or negligible training signals.

Technically, given a pre-trained model fy from masked image modeling, we append a fully connected
classification head g4(.) : R" — R parameterized by ¢, which is fine-tuned on Dy;. The layer is

used to measure the agreement between a target training sample s; = (x;,¥;) € D and any reference
samples Syef = (Xref, Yref) € Drey. In this work, we adopt Traceln (Pruthi et al., 2020), a practical
influence function measuring how likely fitting a training sample s; is helpful or harmful to predict a
reference sample s, ¢.

V¢£TV¢£ref {ﬁz = £(gq§ © f@(xi) S’L)
IF(s;, Spef) = L ,  where ’ 5
(Si-8t) = G Lol TV Lol Lot = £(g5 0 fo (o), ye) ®
1 T
IF(Si7Dref) = T. |M| Z Z IF(SiaSref)7 where M; = {(Xrefa Yref) € Dres ‘ Yiet = 5’1}

t=1 s,re€M;

(6)

As shown in Equation 6, the influence of training sample ¢ is calculated as the gradient alignment
between this sample and all reference samples with the same label as y;. The final influence score
is averaged over 7 training checkpoints. Training samples with positive IF(s;, Dy.s) larger than
threshold 0 are used to construct a larger augmented reference set D}, - o7 is tuned to be 0.8, and
we demonstrate its robustness with different settings in the Appendix F.3. The augmented reference

set is further used to update 6 and ¢, collectively referred to as 6.

3.2 CURATION-TRAINING CO-EVOLUTION

We formalize co-evolution as an alternating optimization scheme closely analogous to the Expecta-
tion—-Maximization (EM) algorithm (Dempster et al., 1977), composed of the following two phases:

* Curation (C-step): Holding the current embedding estimator f fixed, we apply Equation 4 to
compute refined curated labels y*. In this phase, each sample is assigned a “responsibility” weight
over C classes, analogous to the E-step in EM algorithm (Dempster et al., 1977), i.e., posterior
mixture-component assignments.

» Parameter update (P-step): Using the curated labels y* as targets, we update fy by empirical
risk minimization. This update refines the embedding space, which in turn yields more accurate

similarity estimation k(f(x,cf), f(x;)) for the subsequent C-step, analogous to the M-step in EM
algorithm (Dempster et al., 1977), i.e., parameter re-estimation given fixed responsibilities.

By iterating these two phases, the embedding function and the curated labels co-adapt dynamically:
improved embeddings produce more reliable pseudo-labels, and more accurate pseudo-labels guide
sharper embeddings, thereby ensuring progressive convergence despite the presence of label noise.

C-step Curation Principle. We estimate refined labels * for all samples in the noisy dataset D,
based on neighborhood voting from the augmented reference set D};. Given a sample (x,y), the
estimated label distribution y is defined as:

y(x) = T Z Yret - 1 (Xref € D:/kote (X)) ) COSine(f(X)7 f(xfef)) (7N

(xref 3 YIef) S D:éf

where we use cosine similarity as the kernel function, and Z(x) is a normalization constant ensuring
y forms a valid probability distribution: Z(x) = }_; epr. (x)) Cosine(f(x), f (Xrer))-

vote

To mitigate voting noise, we restrict the voting pool using an indicator function 1(Xys € D (X))
that enforces two criteria: (i) semantic relevance to the query sample, defined as
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Dyote(x) = {(Xref; Yret) € Dyer | Cosine(f(x), f(Xeer)) > 7} ®)

, where T is set to the 75th percentile of the cosine-similarity distribution, and (ii) inter-diversity
among selected references. For the latter, we construct a subset of k& samples (k is set to half the pool
size) that covers the distribution of Dyge:

Die(x) = argmax > [If(x;) = f(x;)] ©)

SCDuoie(x),]S|=Fk 55

To sharpen the refined label distribution and emphasize confident predictions, we apply a temperature-
controlled transformation following DivideMix (Li et al., 2020). Given ¢ € (0, 1], the sharpened label
is computed as y* = Sfl/t/ (1Ty1/t), with ¢ = 0.5 in all experiments.

P-step Optimization Objective. Given the current model parameters ¢ and a curated dataset
D = (x;,y;) obtained from the C-step, we update § by minimizing the following objective:

D

.1 ok
0= arger;un ﬁ E [Lce (g © fo(xi), ¥7) + /\H9II§] (10)
) i=1

Here, Lo g(+, -) denotes the cross-entropy loss between the model’s prediction and the curated label,

and | 9||§ is an /5 regularization term that discourages overfitting and promotes smoother parameter.
We provide theoretical proof of convergence on our website (TrainRef, 2025).

4 EXPERIMENT

We evaluate our approach with the following research questions, each addressed with an experiment:

* RQ1 (Predictive Accuracy): How effectively does TrainRef achieve predictive accuracy compared
to state-of-the-art label denoising methods?

* RQ2 (Confidence Reliability): How effectively does TrainRef improve confidence calibration
compared to state-of-the-art calibration methods?

* RQ3 (User study): In practical use, to what extent do humans agree with the confidence estimates
produced by TrainRef?

* RQ4 (Ablation study): What are the contributions of each component to the overall performance?

Implementation details and qualitative analyses are deferred to Appendix C due to space limits.

4.1 RQ1: PREDICTIVE ACCURACY

Synthetic Noisy Datasets. We evaluate TrainRef on CIFAR-100 (Krizhevsky et al., 2009) under three
common noise types: (1) instance-dependent noise (IDN) (Xia et al., 2020), where each instance is
assigned a noise rate from a truncated Gaussian distribution with class-level rates chosen randomly;
(2) symmetric noise (Sym.) (Li et al., 2020), where labels are flipped uniformly at random to any
other class; and (3) asymmetric noise (Asym.), where labels are flipped to semantically similar or
neighboring classes at a fixed rate. Following Li et al. (2023), we set symmetric noise levels to
p € {20%,50%, 80%} and both asymmetric and instance-dependent noise to p = 40%.
Real-World Noisy Datasets. To assess TrainRef in practical settings, we evaluate it on Web-
Visionl.0 (Li et al., 2017) and Animal-10N (Song et al., 2019). WebVisionl.0 contains 2.4M
web-crawled images from Google and Flickr. Animal-10N consists of noisy labels from five pairs of
visually similar animal species. Both are challenging real-world benchmarks.

Results on CIFAR with synthetic noise. Table 1 shows the generalization performance under
various noise levels on the CIFAR-100 dataset. Overall, TrainRef consistently outperforms all
the baselines, serving as a new state-of-the-art. Specifically, under severe noise setting (e.g., 80%
symmetric), TrainRef surpasses L2B-C2D by over 10% and remains robust in challenging cases like
asymmetric (40%) and instance-dependent (40%) noise, outperforming DISC (Li et al., 2023) by
over 3%. Figure 3 provides a training example curated by TrainRef with distributional label in the
instance-dependent 40% noise setting on CIFAR-100. The image belongs to the class “sea” but has
been incorrectly labeled as “plain”. TrainRef assigns a distributional label that balances between
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Table 1: Comparison with SOTA methods on CIFAR-100 datasets with different types and levels of
label noise. Mean + standard deviation is reported over 3 runs. The results are primarily derived from
(Li et al., 2023) or the original papers.

Noise type Sym 20 % Sym 50 % Sym 80 % Asym 40 % Inst 40 %
CE 5517 £0.12 324040.16 7.70 £0.16 40.63 £0.26 43.17 +0.15
Decoupling (Malach & Shalev-Shwartz, 2017) 52.75 £ 0.11 27.59 £0.16 7.38 £0.09  39.12 £ 0.08 -
Co-teaching (Han et al., 2018) 51.24 £023 2507 +0.18 850+ 0.06 38.06+0.15 23.21 +0.57
JointOptim (Tanaka et al., 2018) 58.50 £0.47 53.58 £0.43 24.62+0.50 61.17 £0.39 -
Co-teaching+ (Yu et al., 2019) 51.24 £0.23 2507 £0.18 9.50+0.08 36.58 +0.16 24.454+0.71
GCE (Zhang & Sabuncu, 2018) 76.16 £0.11 72.84 £0.12 28.40+ 0.06 46.08 £0.20 45.69 4+ 0.14
PENCIL (Yi & Wu, 2019) 5517 £0.12 37.12£0.17 9.33+033 40.63 +0.26 -
JoCoR (Wei et al., 2020) 5470 £0.08 26.454+0.13 7.354+0.05 37.09+£0.09 23954044
DivideMix (Li et al., 2020) 76.16 £ 0.11 72.84 £0.12 2840 £0.06 55.56+0.53 76.08 & 0.35
ELR (Liu et al., 2020) 69.93 £0.14 58.10 +0.17 28.40+0.06 46.08 £ 0.20 -
ELR+ (Liu et al., 2020) 76.94 £ 0.18 73.01 £0.14 58.01 £0.17 74.39 +0.17

Co-learning (Wei et al., 2020) 69.93 £0.14 58.104+0.17 41.77+0.32 51.50 £ 0.24 -
DISC (Li et al., 2023) 7875 £0.13 7521 £0.15 57.61 £0.29 76.50 £0.15 78.44 £+ 0.19
L2B-C2D (Zhou et al., 2024) 79.67 £0.14 7823 +0.16 69.66 +0.19 7822+ 0.14 79.43 +0.17
Ours 85.44 +0.21 82.07 £0.17 77.85£0.35 79.67 +0.22 82.33 £ 0.16
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Figure 3: A noisy training sample (in the left) is curated by TrainRef to have a class distribution

where the probability over the class “sea”, “cloud”, “plain”, “mountain”, and etc (in the middle). In
addition, the reference samples voting for such a curation is shown in the right.

“sea” and “cloud”, reflecting the inherent ambiguity in the image. In addition, we show reference
samples voting this label, explaining how TrainRef makes such a curation decision. More examples
are available at our website (TrainRef, 2025).

Results on WebVision and Animal-10N. Tables 2 and Tables 3 present the generalization perfor-
mance of TrainRef with SOTA methods on real-world noisy datasets, WebVision and Animal-10N,
respectively. The results demonstrate that TrainRef improves the predictive accuracy by 2% - 4% on
both benchmarks, highlighting its effectiveness in handling real-world label noise.

4.2 RQ2: CONFIDENCE RELIABILITY

Setup. We evaluate calibration on CIFAR-100 under three noise regimes: noise-free, symmetric
20%, and symmetric 80%. Baseline calibration methods include (i) Raw cross-entropy (CE) loss,
(i1) Focal variants loss (Focal, AdaFocal, DualFocal/AdaDualFocal (Mukhoti et al., 2020a; Ghosh
et al., 2022; Tao et al., 2023)), (iii) Post-hoc calibration such as Temperature Scaling (TS) (Guo
et al., 2017), PTS (Tomani et al., 2022), Spline (Gupta et al., 2020), MnM (Zhang et al., 2020)), (iv)
Denoising methods (DISC, L2B) with and without TS, and TrainRef with and without TS. We report
accuracy, ECE (Nixon et al., 2019), and AdaECE (Mukhoti et al., 2020b). Extended results with
additional metrics (ECEgcbias, ECEqweep (Roelofs et al., 2022)), other CIFAR-100 noise settings, and
two real-world datasets (Animal-10N, WebVision) are provided in the Appendix D.

Results. Table 4 shows that TrainRef consistently achieves the best trade-off between accuracy and
calibration across all noise settings. Focal variants losses amplify noise by up-weighting mislabeled
“hard” samples, while post-hoc methods such as TS only rescale logits pj, = softmax(zx/T') and
cannot fix incorrect confidence rankings, yielding low ECE but poor accuracy. Denoising methods
such as DISC and L2B improve accuracy through filtering or hard relabeling, but discard uncertain
yet informative samples, thereby weakening calibration. By contrast, TrainRef utilizes soft labels
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Table 2: Prediction Accuracy on WebVision. Table 3: Prediction Accuracy on Animal-10N.

Accuracy (%) Top-1 Top-5 Method Accuracy (%)
F-correction (Patrini et al., 2017) 61.12 82.68 CE (Englesson & Azizpour, 2021) 79.4 +0.14
MentorNet (Jiang et al., 2018) 63.00 81.40 GCE (Zhang & Sabuncu, 2018) 81.5 4+ 0.08
Co-teaching (Han et al., 2018) 63.58 85.20 SELFIE (Song et al., 2019) 81.8 + 0.09
ELR (Liu et al., 2020) 76.26  91.26 Mixup (Zhang, 2017) 82.7 +0.03
DivideMix (Li et al., 2020) 7732 91.64 Co-learning (Tan et al., 2021) 83.0
ELR+ (Liu et al., 2020) 77.78 91.68 PLC (Zhang et al., 2021) 83.4 4+ 043
GJS (Englesson & Azizpour, 2021) 77.99 90.62 Nested Co-teaching (Chen et al., 2021b)  84.1 £ 0.10
CC (Zhao et al., 2022) 79.36 93.64 GJS (Englesson & Azizpour, 2021) 84.2 +£0.07
DISC (Li et al., 2023) 80.28 92.28 DISC (Li et al., 2023) 87.1 +0.15
LSL (Kim et al., 2024) 81.40 93.00 LSL (Kim et al., 2024) 89.1
Ours 82.28 95.14 Ours 90.90 + 0.24
Ours (IN1Kk Pretrained) 84.10 96.34 Ours (IN1k Pretrained) 93.72 £+ 0.15

Table 4: Comparison of confidence calibration performance across noise-free, symmetric 20%
(Sym20), and symmetric 80% (Sym80) settings on CIFAR-100. Results report test accuracy (higher
is better) and calibration errors (ECE, AdaECE; lower is better). Grey-shaded rows indicate methods
where temperature scaling (TS) is applied on top of the base method. Bold entries mark the best
results under the same TS setting (either with TS or without TS).

Noise-Free Sym20 Sym80
Method Test Acc (%) ECE (1) AdaECE (])  Test Acc (%) ECE (1) AdaECE (])  Test Acc (%) ECE (1) AdaECE (])
CE (Baseline) 77.87 0.1512 0.1508 5176 0.088 0.0879 16.38 0.0946 0.0946
Runtime Method
Focal Loss (Mukhoti et al., 2020a) 78.31 0.0864 0.0866 52.16 0.1199 0.1198 16.26 0.1055 0.1055
Ada Focal Loss (Ghosh et al., 2022) 78.55 0.0723 0.0717 51.69 0.0923 0.0913 16.68 0.105 0.1049
Dual Focal Loss (Tao et al., 2023) 71.93 0.0925 0.0924 47.32 0.1476 0.1476 16.95 0.1057 0.1055
CE + Posthoc
CE+TS (Guo et al., 2017) 71.87 0.0293 0.0297 51.76 0.0137 0.0138 16.38 0.0136 0.0097
CE+PTS (Tomani et al., 2022) 71.87 0.0254 0.0266 51.76 0.0263 0.028 16.38 0.014 0.0135
CE+Spline (Gupta et al., 2020) 71.87 0.0306 0.0331 51.76 0.0242 0.028 16.38 0.024 0.0286
CE+MnM (Zhang et al., 2020) 77.87 0.0212 0.0201 51.76 0.0177 0.0126 16.38 0.0134 0.0085
Mixture

DISC (Li et al., 2023) 8123 £0.10 0.113£0.013 0.112£0.011 78.75+0.13 0.118 £0.011 0.114£0.016 57.61 £0.29 0.12+£0.013  0.147 £ 0.016
DISC+TS 81.23 £0.10 0.025+0.007 0.027 £0.007 78.75+0.13 0.043+£0.005 0.045+£0.010 57.61 £0.29 0.061£0.007 0.053 £ 0.012
L2B (Zhou et al., 2024) 8231 £0.14 0.124£0.011 0.131 £0.009 79.67 £0.14 0.103£0.013 0.112£0.009 69.66 +0.19 0.133£0.009 0.152 + 0.022
L2B+TS 8231 £0.14 0.027£0.008 0.028 £0.009 79.67 £0.14 0.042+£0.012 0.043 £0.011 69.66 +0.19 0.057£0.015 0.061 +0.017
Ours 85.87 £ 0.15 0.041 +0.008 0.043 - 0.010 85.44 = 0.21 0.048 + 0.009 0.047 & 0.008 77.85+£0.35 0.082 + 0.013 0.086 = 0.011
Ours+TS 85.87 £0.15 0.015+0.007 0.014 & 0.008 85.44 £ 0.21 0.015+0.009 0.016 & 0.006 77.85=+0.35 0.011+0.005 0.014 £ 0.009

and a minimal reference set D,¢ to retain uncertainty and provide reliable supervision, resulting in
stronger calibration and accuracy.

4.3 RQ3: USER STUDY

Setup. We collect confidence scores from the test set after training the models on different noise
levels (i.e., 20%, 50%, and 80%) of CIFAR-100. Specifically, under a noisy rate (e.g., 20%), we learn
TrainRef and the baseline DISC. Then, we select 100 test samples (1) which are predicted to have low
confidence by either TrainRef or DISC; or (2) where TrainRef and DISC have a large disagreement
on their confidence We hire 5 experts as participants, each with over 3 years of experience in model
training and data labeling. Each participant is presented with two anonymous predictions (TrainRef
or the baseline) and asked to choose a predicted confidence to agree with.

Results. Table 5 shows that across all noise settings, participants consistently prefer the predictions
from TrainRef by a significant margin. As the noise rate increases, the preference for TrainRef
becomes even more pronounced. Notably, at an 80% noise rate, in over 75% of cases, participants
consider TrainRef ’s predictions to be more reliable, showing its advantage to produce semantically
meaningful and robust classifications under extreme noise conditions. More examples and results are
available at our website (TrainRef, 2025).

4.4 RQ4: ABLATION STUDY

Effectiveness of Initial Reference Set Size. Table 6 shows the effect of varying the initial reference
set size | D, | on the noise rate of the augmented set D, , and test accuracy. Results are reported on
CIFAR-100 with 80% symmetric noise and on two real-world datasets (Animals-10N and WebVision),
for which only test accuracy is available due to the lack of clean labels. TrainRef consistently
maintains a low noise rate (< 5%) in the augmented reference set and high test accuracy across varying
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Table 5: User Study Evaluation of Prediction Reliability: At each noise rate, the participants choose
to agree with the predicted confidence of the test sample by either TrainRef or DISC.

Sym. Noise Rate TrainRef (%) DISC (%) Total (%)

20% 62% 38% 100%
50% 74% 26% 100%
80% 78% 22% 100%
Table 6: Noise Rate and Sample Counts vs Table 7: Effectiveness of Label Distribution on
Initial Reference Set Size Calibration (CIFAR100 Inst. 40%)
Dataset & Noise Metric k=1 k=5 k=10 k=100 Hard  Soft
Method Relabel Relabel NNL | ECE | Test Acc (%)
CleanNum 6069 6352 6389 6409
CIFAR-100 )
(Sym 80%) Mis 140 110 103 101 Ours 0.710  0.055 81.07
NR(}) 0.0230  0.0173 0.0161 0.0157 Ours-TC 0.707 0.032 _
Test Acc 77.85 7789 7793 7791 Ours v 0.756  0.065 81.77
— Ours-TC v 0.740  0.032 =
‘Web Vision Test Acc 82.21 82.28 82.27 82.36 Ours v v 0.683  0.046 8233
Animals-10N Test Acc 90.75  90.90  90.97  90.88 Ours-TC v v 0.669 0.017 =

reference sizes, remaining effective even with just one reference sample per class (| Dy ¢| = 1). In our
experiments, we use | D,..¢| = 5 to balance accessibility and performance. These results demonstrate
TrainRef’s ability to efficiently identify clean samples under extreme noise and minimal supervision.
Effectiveness of Label Distribution We evaluate TrainRef on CIFAR-100 with 40% instance-
dependent noise, focusing on the effect of label distribution. Specifically, we replace soft labels with
one-hot labels and apply temperature scaling as in RQ2. Lower ECE (Expected Calibration Error) and
NNL (Negative Log-likelihood) indicate better calibration. As shown in Table 7, TrainRef achieves
the lowest ECE with and without temperature scaling, outperforming all ablations. While one-hot
labels (hard relabel) yield similar test accuracy, they degrade calibration by sharpening decision
boundaries and ignoring ambiguous samples.

Additional ablations on Phase III iteration counts (Appendix F.2), the role of influence-based reference
augmentation (Appendix F.1), as well as analyses of computational cost (Appendix B), backbone
fairness (Appendix F.5) and limitations (Appendix H) are provided in the Appendix.

5 RELATED WORK

Learning with Noisy Labels (& Data Curation) Early LNL methods (Hendrycks et al., 2018;
Patrini et al., 2017) assume class-conditional noise modeled by a label transition matrix. However,
theoretical work (Chen et al., 2021a; Xia et al., 2020) shows that real-world noise is largely instance-
dependent, making transition matrix estimation both inaccurate and computationally expensive. To
handle instance-specific noise, prior work proposes re-weighting or filtering noisy samples using
loss, confidence, or multi-view signals (Han et al., 2018; Yu et al., 2019; Li et al., 2020; Zhu et al.,
2021; Kim et al., 2024). Semi-supervised learning (SSL) approaches (Sohn et al., 2020; Li et al.,
2023) assign pseudo-labels to noisy samples, often relying on augmentations (Nishi et al., 2021;
Cubuk et al., 2020). However, these heuristics degrade under high noise, mislabeling ambiguous
samples and harming generalization (Das & Sanghavi, 2023). Meta-learning methods (Wu et al.,
2021; Li et al., 2019) use clean references for guidance but incur high computational cost due to
bi-level optimization.

Confidence Calibration. Confidence calibration aims to align predicted probabilities with true
correctness likelihoods. Classical post-hoc methods include Temperature Scaling (TS) (Guo et al.,
2017), parameterized transformations such as PTS (Tomani et al., 2022), spline-based mappings
(Gupta et al., 2020), and Mix-n-Match (MnM) (Zhang et al., 2020). These methods adjust output
probabilities after training, but they cannot fix mis-ordered confidence rankings learned under noise.
Train-time calibration has also been explored: focal-style losses (Mukhoti et al., 2020a; Ghosh et al.,
2022; Tao et al., 2023) emphasize hard samples but risk amplifying label noise, while denoising
approaches such as DISC (Li et al., 2023) and L2B (Zhou et al., 2024) combine label correction with
calibration. Evaluation metrics like ECE (Nixon et al., 2019), AdaECE (Mukhoti et al., 2020a), and
recent unbiased estimators such as ECEgepias and ECEgycep (Roelofs et al., 2022) provide multiple
perspectives on calibration quality. Our work builds upon these foundations by integrating calibration
with noise-robust training via reference-guided distributional curation.
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6 CONCLUSION

We propose TrainRef, a training-time data curation framework that unifies label denoising and
confidence calibration. Through Curation-Training Co-evolution, TrainRef refines the embedding
space, maintains a diverse reference set, and assigns reliable soft labels. Extensive experiments
show it outperforms state-of-the-art methods, improving accuracy and confidence calibration, with
qualitative studies confirming its reliability for real-world noisy-label scenarios. In the future, we will
deliver a library of TrainRef for the community and generalize the technique on generative models.
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