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Learning with Noisy Labels (LNL) is a challenge
that arises in many scenarios where training data
can contain noisy labels. While various methods,
such as active learning for small language models
(SLMs), have been proposed to re-annotate sam-
ples, they still require human efforts. The prevalent
in-context learning (ICL) of large language models
(LLMs) can perform text annotation tasks, but their
efficiency hinges on the precise selection of clean
versus noisy samples from noisy data. Meanwhile,
this paper observes that existing sample selection
suffers from selection and training bias on class
imbalance noisy datasets, leading to decreased ac-
curacy in sample selection. To bridge it, we pro-
pose a debiased sample selection and an innovative
collaborative learning framework DeCo based on
active learning for LNL. During collaborative learn-
ing, we first conduct debiased sample selection by
designing a robust expert model based on SLMs
and introducing a dynamic class-wise threshold
strategy, then feed selected clean samples to active
annotator LLMs for re-annotating noisy samples us-
ing ICL, with the re-annotation results reinforcing
SLMs’ training for subsequent accurate selection.
Ultimately, we employ distinct loss functions adept
at managing subsets with varying degrees of label
noise. Extensive experimental results on synthetic
and real-world datasets demonstrate the effective-
ness and superiority of our proposed method.

1 Introduction

The core of deep neural networks’ success lies in
data scale and annotation quality. However, obtain-
ing large-scale high-quality datasets is expensive
and time-consuming in practical scenarios. To ob-
tain large-scale data under a limited cost, some
researchers collect data by web-crawling (Li et al.,
2017) or crowd-sourcing (Yan et al., 2014), which
could inevitably incur wrong (noisy) labels. Noisy
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Figure 1: Comparions of our method with current LNL
methods on the imbalanced dataset R8 under 40% asym-
metric noise. Benefiting from debiased sample selection,
our method outperforms others and nearly matches the
performance of training with ground truth labels (GT).

labels will mislead the learning patterns and subse-
quently result in incorrect predictions. To mitigate
the side-effect of label noise, LNL (Zhang et al.,
2018; Ma et al., 2020; Zhang et al., 2021) has at-
tracted huge attention from the community. Among
them, the most straightforward and effective way is
active learning (Zhao et al., 2011; Younesian et al.,
2021), querying experts to provide accurate labels
for the identified noisy samples. These methods
are a prominent solution but still require human
effort to annotate partial samples.

To avoid human costs in the annotation, we re-
sort to LLMs, such as ChatGPT. LLMs have shown
remarkable performance on downstream tasks by
ICL. With only a few task demonstrations, ICL
outperforms zero-shot inference on various tasks
(e.g., classification and generation), making it a
compelling alternative to supervised fine-tuning or
human annotating (Shu et al., 2019; Gilardi et al.,
2023). In particular, the success of ICL heavily re-
lies on the quality of demonstrations selected from
a large set of annotated examples. For them, input-
label mappings solicited from humans or LLMs can
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often be noisy, especially in complex tasks (Kossen
et al., 2023; Gao et al., 2024). This gives rise to the
importance of selecting clean samples to construct
high-quality demonstrations and identifying noisy
samples to active query LLMs.

Existing sample selection methods usually select
clean samples from noisy data by setting a global
fixed threshold for loss value, then regard the sam-
ples with small losses as clean samples. However,
real-world scenarios contain not only noisy labels
but also class imbalances. Most samples belong
to the majority classes (i.e., head classes), while
others (i.e., tail classes) have very few samples. In
such scenarios, samples from tail classes tend to be
overlooked and have large loss values (see Figure
5). This prevents current methods from accurately
selecting clean samples from the tail classes, result-
ing in a highly imbalanced selected set (selection
bias)(see Figure 4). Based on further analysis (see
Appendix A), we observed that each class has dif-
ferent loss distributions, and the loss distributions
dynamically evolve during training. So it is not
ideal to handle all classes equally and set a global
fixed loss threshold. Besides, current methods al-
ways adopt a self-training manner and exist accu-
mulated error (i.e., training bias)(Li et al., 2020),
which makes model memorize itself mistakes and
hard to discern noisy labels by itself (Xiao et al.,
2023). This means that training models on selected
class-imbalanced biased sets will continuously lead
to sub-optimal results (see Figure 1). While current
methods can divide datasets, they struggle to accu-
rately select clean samples in scenarios when label
noisy coexists with class imbalance, thus failing to
construct high-quality demonstrations for LLMs.

To circumvent the above problems, we introduce
DeCo, a novel collaborative learning paradigm that
combines LLMs with SLMs through active learn-
ing, using SLMs to filter noisy data and distilling
knowledge from LLMs. Specifically, we first de-
sign a robust model (MEM) that integrates the SLM
with multiple expert layers to reduce the training
bias. Our motivation is to perform SLM learning
and sample selection on different output layers,
which helps prevent SLM from training on its own
incorrect selections, thereby reducing the accumu-
lated error. Then we propose a dynamic class-wise
threshold strategy based on our observation (each
class has distinct and dynamically evolving loss
distributions, see Figure 12) to mitigate selection
bias. With the output of MEM and the proposed
strategy, we perform debiased sample selection to

select clean and noisy samples for the LLM. To
integrate SLMs and LLMs as a whole, a collabora-
tive learning framework is designed where SLMs
act as filters to divide noisy datasets into different
subsets, and the LLM serves as an active annotator
to correct noisy samples from subsets. During col-
laborative learning, SLMs can learn the knowledge
of LLMs to boost their performance, while LLMs
can also benefit from the divided clean samples to
boost ICL. Overall, our main contributions are:

* Based on the LNL problem under class im-
balance, we innovatively utilize MEM and a
dynamic class-wise threshold strategy, allevi-
ating training bias and selection bias, to select
clean and noisy samples from noisy data.

* We propose a novel collaborative learning
framework called DeCo to employ the SLMs
as filters and the LLMs as active annotators to
learn from class-imbalance noisy datasets.

* We provide extensive experimental results
on synthetic and real-world noisy datasets,
demonstrating the superiority of our frame-
work compared to existing baselines.

2 Related Work

Learning With Noisy Labels. Previous sample
selection methods typically utilize the small-loss
criterion (Han et al., 2018; Shu et al., 2019; Qiao
et al., 2022), applying a global fixed loss threshold
to segregate the noisy training set and considering
samples with smaller losses as clean. However,
these methods usually rely on the class-balanced
hypothesis, rendering them inadequate for address-
ing noisy and imbalanced datasets in real-world
scenarios. Based on our observation that the loss
distributions dynamically evolve during training
and each class has a different loss distribution, we
propose a dynamic class-wise threshold strategy
to improve these methods tackling the concurrent
label noise and class imbalance issues.

Class Imbalance. Real-world scenarios simulta-
neously contain noisy labels and class imbalances,
posing a more challenging problem. Prior works
mainly resort to the sample re-weighting strategy
for addressing class imbalance (Ren et al., 2018;
Jiang et al., 2022; Huang et al., 2022). These meth-
ods usually assign larger weights to tail classes
while smaller weights to head classes. However,
existing approaches are usually vulnerable when
training with noisy and imbalanced data. It should
be noted that noisy and tail class samples exhibit
high losses. Noisy samples require smaller weights,
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while tail class samples require larger weights. In-
stead of following the re-weighting paradigm, we
introduce a class-wise threshold strategy in our
method to ensure that tail classes are sufficiently
learned during training.

3 Background

Given a training data D={(z;, yl)}f\; | with N
samples and K classes, where x is the text, y €
[1, K] is possibly incorrect label. Denote the output
of the final layer in the model for text x; as z(z;) €
RE. The confidence of z; for each class k can be
represented as follows: p(k; z) = % We
follow Li et al. (2023) to quantify SLM’s memoriza-
tion strength through a confidence metric and re-
gard p(k; x) as the value of memorization strength.
For text classification tasks, if a model memorizes
a text, its confidences p(k; x) of k exceed a certain
threshold or reach the maximum.

4 Methodology

In this section, we introduce our proposed frame-
work, DeCo, which aims to address LNL problems
under class imbalance in the LLMs era. While
LLMs can generate new labels for noisy samples,
they still rely on SLMs to effectively distinguish
and separate noisy data. In each training loop, we
alternate the following steps: (1) Training a MEM
and performing debiased sample selection to di-
vide the noisy data into three subsets. (2) Selecting
clean and noisy samples from subsets, active query-
ing LL.Ms correct the noisy samples, and the clean
samples are used to prompt ICL. (3) Learning from
these subsets in different ways. Figure 2 shows the
overall framework of DeCo. In what follows, we
will elaborate on our proposed DeCo framework.

4.1 Debiased Sample Selection

In this step, MEM and a dynamic class-wise
threshold strategy are introduced to address train-
ing and selection biases separately, aiming to
achieve debiased sample selection.

4.1.1 MEM: Multiple Expert Model

The training bias (confirmation bias) of current
sample selection stems from a self-training man-
ner (Tarvainen and Valpola, 2017; Li et al., 2020),
which will maintain or exacerbate the class imbal-
ance rate of selected clean samples in the training
process (see Figure 14). Motivated by the Mixture-
of-experts (Rokach, 2010), we propose a robust

architecture MEM that integrates multiple expert
layers {g1, . .., gm } With size m into the classifier
layer f of SLM, which independently conducts
SLM learning and sample selection on different
layers. Specifically, the sample selection stage
only takes place at different expert layers, avoiding
the involvement of f. This prevents f from being
trained on its own chosen noisy samples, thereby re-
ducing training bias caused by self-training. Mean-
while, different expert layers offer diverse evidence
(confidence) to memorize samples, which can be
emsembled to prompt more robust selection.

4.1.2 Dynamic Class-wise Threshold Strategy

As analyzed in Sec. 1, current sample selection
methods fail to select clean samples from the tail
classes and cause the selected set to be highly class-
imbalanced (selection bias) in the class-imbalanced
noisy dataset (see Figure 4), which further affects
the model’s generalization and results in extremely
low test accuracy on tail classes (see Figure 14).
In this scenario, it is inappropriate to set a global
fixed threshold. Thus, we introduce a novel dy-
namic class-wise threshold strategy to provide both
dynamic and class-wise thresholds.

Dynamic Threshold. For the tail class, we ob-
serve that the loss value of noisy samples decreases
during training (see Appendix A). The observed
phenomena could potentially be attributed to the
memory effect of SLMs, i.e., the memory strength
of the model for given labels towards each sample
is getting stronger with the increase of learning (Li
et al., 2023). That is to say, as training continues,
the noisy samples will be memorized gradually,
and their loss value accordingly decreases. So, we
contend that the testing curriculum for evaluating
SLMs’ memory for given labels should be accord-
ingly enhanced rather than setting a fixed value.

Specifically, we set a threshold 7(¢; ) for each
sample x: 7(t;x) = Ap(t;z) + (1 — N7 (t — 1; x),
7(0) = 0, where p(t; ) = max(p(k;x)), p(t; z)
is the maximum confidence of current epoch ¢, A
is a hyperparameter controlling threshold stabil-
ity. The idea of 7(¢;x) is that the threshold for
determining whether a model memorizes x should
increase accordingly with the increase of historical
confidence. But, the confidence of a single epoch
may be unstable, especially in early training epochs.
So, we use the momentum maximum confidence
of each sample, computed based on all previous
epochs, 7(t; x) as the dynamic threshold.

Class-wise Threshold. Since our empirical find-
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Figure 2: (a) The overview of DeCo. DeCo first employs the MEM to obtain diverse confidence for text classification.
Based on these confidences, a dynamic threshold is introduced by considering whether the sample is simultaneously
remembered, which is used to select certainty set £/ and uncertainty set U from the noisy dataset. Then, a class-wise
threshold is used to finely group these two sets into the clean set C, hard set H, and noisy set O. Meanwhile, the
LLM serves as an active annotator imbuing its knowledge: (1) construct high-quality demonstrations by selecting
clean samples from C'; (2) query noisy samples in O and generate annotation. Finally, we use different loss functions
to learn three subsets. (b) The framework of MEM. MEM consists of SLM and a set of expert layers.

ings (see Appendix A) show that loss distributions
of head and tail classes are different, we argue
that the loss values of samples with different ob-
served labels may not be comparable. So, it would
be more appropriate to select samples class by
class with the same observed labels rather than
setting a global threshold. Specifically, the training
data D is split to K set according to labels, i.e.,
Dy = {(zi,v:) € D|y; = k}. For the k-th set Dy,
we compute the loss £; for each sample of Dy, and
pick top ¢(k) = min([& x R], Ni) small-loss
samples, where R is the filter rate that is identical
for all classes. Compared to the original small-loss
selection, DeCo set the class-wise threshold ¢(k)
and pick ¢(k) samples with the smallest loss from
each class k to constitute a set Dyy). Finally, the
integral set Dy is merged as: Dy = U§:1D¢(k).
The samples in Dy have a high clean probability.
Overall, the proposed threshold strategy can bet-
ter divide the noisy dataset, and select clean sam-
ples from all classes without ignoring tail classes
(see Figure 14), thereby mitigating selection bias.

4.1.3 Selection

DeCo combines dynamic thresholds 7(¢) with
sets Dy, segmented based on class-wise thresholds
¢ (k) to conduct our debiased sample selection.

Based on the diverse confidence of multiple ex-
pert layers in MEM, 7(t) is used to select two sub-
sets from D. Specifically, for a sample x; with
label y;, the confidence from expert layers can be
denoted as {pg, (vi; zi), . . ., Dg,. (yi; ;) }. If these

confidences are all higher than 7(¢; x;), x; is put
into the certainty set F:

E ={(i,9i)|pg, (s xi) > 7, ()} ..

(1)
N (@i, Yi) |Pgym (Yis i) > Tg,, (E24)}

In other words, if a sample can be simultaneously
memorized by multiple experts with high confi-
dence, it should be included in the certainty set E.
Otherwise, if only one or more of the experts’ con-
fidence surpasses 7(t; x;), the sample is grouped
into the uncertainty set U:

U ={(zi, ¥i)Ipg, (yis zi) > 79, (L 2:)} U . ..
U{(i, i) [Pg (Yi5 i) > Tg,, (t;23)} — E.
(@)
However, along with training, models eventually
memorize the noisy label (Li et al., 2023), which
means multiple experts may simultaneously mem-
orize a sample with noisy labels during training.
Hence, it is necessary to further distinguish whether
the sample in the certainty set &/ may be clean or
noisy. To achieve it, another threshold is introduced
to distinguish clean samples from noisy samples.
For any sample in the set E, if its loss value
falls within the lowest quantile of its respective
class, it is then allocated to the clean set C: C' =
{(xi,yi)|xs € EN Dy}, Briefly, a sample that is
concurrently recognized by multiple experts and
has a low loss value is classified as a clean sample.
Similarly, it is valuable to further exploit the
useful information from the uncertainty set. Qiao
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et al. (2022) found that different network archi-
tectures remember noise samples with different
rates. When one expert layer starts to memorize
the noisy samples, its confidence for clean sam-
ples will decrease, but other expert layers may still
maintain high confidence for these clean samples.
Thus, we argue that some samples in the uncer-
tainty set U could be clean and may potentially
augment the generalization capabilities of our ap-
proach. These samples are categorized into the
hard set H: H = {(z4,y;)|x; € U N Dy}. Fol-
lowing the segregation into C' and H, the resid-
ual samples are collated into the noisy set O:
0= {(:El,yl)kbl eD— (CUH)}

4.2 Active Querying by LL.Ms

In this step, the LLMs are leveraged to generate
new labels for noisy samples and the core challenge
lies in constructing the ICL demonstration. Since
the clean set C has a significantly low noisy ratio
(see Table 4) and ICL has certain robustness for low
label noise in demonstrations on classification tasks
(Fei et al., 2023; Cheng et al., 2024), the samples
in C can be selected to construct demonstration.
Meanwhile, the noisy set O has a substantially high
noise ratio that necessitates LLM query correction.

Demonstration Construction. Retrieval-
augmented generation (RAG) that augments LLMs
with the retrieval of relevant information has be-
come increasingly popular (Gao et al., 2023b). In-
spired by it, we first introduce class descriptions
from Wikipedia for each class, which can provide
class knowledge relevant to the task for enhancing
LLMs, especially those tasks that require signifi-
cant domain expertise. Next, for each class k, the w
examples are introduced in prompts, w being the w-
shot setting. Specifically, given a sample z; € N,
we calculate the cosine similarity of the text fea-
ture between x; and other samples x; of each class
(acj € Ck,Ck = {(l'i,yi) S C’y, = k}) Then,
the top-w similar samples are sampled to form w-
shot examples for each class k.

Querying. The proposed LLMs prompt con-
sists of the following three components: (1) Task
description, which describes the task. (2) Demon-
stration, which consists of the class descriptions
of each class and its sample sequence from C'. (3)
Input, which is the sample from O to classify. By
prompting LLMs to generate high-quality labels for
noisy samples, the high noise rate of O is greatly
reduced. The details are provided in Appendix J.

4.3 Training MEM

In this step, the selected three subsets are used to
train MEM. Since the selection procedure depends
on the expert layers’ performance, it is necessary
to update the parameters of the expert layer. Fol-
low Wei et al. (2024), we randomly assign a layer
from the set of {f,g1,...,9m} as the classifier
layer fand the rest are expert layers. After suffi-
cient training, each layer in MEM contains sterling
performance on selection and prediction.

Learning From the Clean Set C. Cross-
entropy loss is directly utilized (I..) on C' for MEM

1 &
Lo = -5 > logps(yi i) 3)
=1

where N¢ denotes the size of the clean set C', N
denotes the size of the entire dataset.

Learning From the Noisy Set O. The number
of noisy samples in O is significantly reduced fol-
lowing the generation of the labels by LLMs for
samples in O. However, LLMs, even the powerful
GPT-4, cannot generate accurate labels for every
sample in O. Our solution comes from rethinking
the way of learning from the O: can we design
an objective such that our model can be optimized
with access to the O with a lower noise ratio? To
this end, we resort to a family of noise-robust loss
functions (Ghosh et al., 2017; Gao et al., 2023a).
In LNL, the demonstration of a loss function’s ro-
bustness (Lopust) 1s achieved by showing that the
estimated loss on datasets with most of the sam-
ples correctly labeled (Dj,0isy) 1s equivalent to the
loss calculated using datasets with total clean labels
(Deean), i.€., the noise-robust loss functions have
the below noise-tolerant property:

arg mein Lrobust (fo, Detean) = arg mein Lrobust (fo, Dnoisy),
“
where 0 is the parameter of fv This property also
applies under our label noise scenarios (proofs in
Appendix H), which inspires us to learn from O by
a noise-tolerant function. Specifically, we consider
the reversed cross-entropy loss for samples in O:

No K

1
Lo =~ D> (pp(kizloga(klz),  (5)
i=1 k=1
where g(k|x) is the ground-truth distribution over

labels, N denotes the size of O.
Remark. The Appendix I provides proof that the
reversed cross-entropy loss is noise tolerant.
Learning From the Hard Set H. Due to
the sample in H cannot be memorized by multi-
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Dataset | Trec | AGNews (IF:1) | AGNews (IF:10)

Method(l]) / Noise(—) ‘ 20%S 40%S 20%A 40%A ‘ 20%S 40%S 20%A 40%A 20%I1 40%I1 ‘ 20%S 40%S 20%A 40%A 20%I1 40%I1
BERT ‘ 94.64 8745 93.60 85.72 ‘ 90.68 84.43 90.27 84.30 88.24 85.72 ‘ 8597 69.81 83.79 65.08 88.78 73.37
Co-Teaching ‘ 95.08 89.30 94.88 87.16 ‘ 92.03 88.41 92.12 89.38 89.53 88.72 ‘ 89.51 86.55 89.34 84.01 88.99 82.89
CL ‘ 95.64 89.72 9552 86.24 ‘ 92.17 88.45 9230 89.13 89.94 87.03 ‘ 90.58 88.04 89.51 83.52 88.76 78.15
CR ‘ 95.15 89.74 94.87 87.77 ‘ 92.11 88.52 91.52 89.60 89.12 88.06 ‘ 89.98 88.07 89.96 79.06 88.40 77.81
NPC ‘ 95.10 88.58 94.48 87.25 ‘ 91.15 87.74 90.87 88.77 88.33 87.07 ‘ 89.49 86.09 89.68 85.21 89.33 77.69
SelfMix ‘ 95.20 89.80 95.16 89.00 ‘ 91.37 89.28 91.21 87.80 88.32 87.45 ‘ 87.56 86.83 87.55 86.56 86.09 77.78
DyGen ‘ 95.88 89.00 94.96 88.56 ‘ 91.61 89.88 91.59 86.62 89.15 87.72 ‘ 87.26 86.19 87.07 85.26 87.64 77.42
Supervised GT (0% Noise) | 97.20 | 94.05 | 91.87

ChatGPT (Zero-shot/10-shot) ‘ 61.60/72.00 ‘ 82.92/84.23 ‘ 82.92/84.23

DeCo (Ours)

[97.08 96.56 97.16 95.32 | 93.98 93.25

93.55 9327 93.60 92.75|91.44 90.94 91.52 90.84 91.51 90.33

Table 1: Performance (accuracy %) comparison of DeCo with other LNL basslines on synthetic noise datasets.
Moreover, we also compare DeCo with the zero-shot/10-shot and supervised counterparts on the test dataset.
Supervised GT refers to BERT trained on ground truth data. Bold means the best score for each dataset.

Method ChemProt TREC SEMEVAL
Noise Ratio 22.88% 38.56% 16.00%
Base 64.84i0,28 67.33i0,83 71.44i0.10
Co—Teaching 65.98i0,63 66.61 i0,35 72.07i0'7(’,
CL 65.95+00s 71162061  73.63%05s
CR 65.534020 6833203  7L.11%; 07
NPC 65.15+051 70444039 72174017
SelfMix 65444055 69.96k015 74242301
DyGen 69.07i0,38 72.39i0,82 73.17i0.29
LAFT! - 72.34 73.56
Ours 70.52:t0_87 78.80i1_25 82.63j:0'27

Table 2: Main results on real-world noise datasets. For
LAFT, we directly report the results of their versions.

ple experts simultaneously, some noisy samples
from tail classes will inevitably be selected as
"clean". To minimize its negative effect, DeCo
uses a confidence-based sample method to enhance
the reliability of selected samples. Specifically, we
randomly choose two samples (x;, y;), (x;,y;) and
assign a larger coefficient for the sample whose pre-
diction confidence is higher and a lower coefficient
for the sample with lower prediction confidence.
For example, if max(p(k;z;) < max(p(k;x;),
the mixed sample (e}, y;) can be defined as e, =
Ne;g + (1 — XNej, v Ny + (1 — Ny,
e; =SLMs(z;), e; =SLMs(z;), A ~ Beta(a, a),
A = max(\,1 — \). By adopting the proposed
confidence-based sample, H is reconstructed as H:
H = {(cl,)l(w1,30) (25,95) & H). For . we
compute the loss: Ly = — Z logpf(yz, e,

where N is the size of H.

Finally, the overall training objective £ can be
calculated by: £ = Lo + Lo + Lp. Like existing
methods, DeCo first warm-up MEM for 2 epochs,

Modules Trec
MEM DSS C N H|[20%S 40%S 20%A 40%A
vV vV vV vV V[97.08 956 97.16 9532
X vV vV vV V]9588 9524 9636 94.48
vV X vV vV V[9440 9032 9520 89.44
vV vV XV V[955 9504 9624 94.00
vV vV vV X V[9572 93.00 9512 92.64
vV vV VvV X|9644 9360 9596 94.16

Table 3: Ablation study on the Trec dataset.

then performs sample selection for rest epochs.

S Experiments

5.1 Datasets and Baselines Setup

Synthetic datasets. To construct the class-
imbalanced versions of AGNews (Gulli, 2005),
MR (Pang and Lee, 2005), and 20ng (Lang, 1995),
we take an exponential function nj, = nou” to re-
duce the number of samples per class, where ny
is the sample number of class k (ng > - -+ > nyg)
and p € (0, 1]. Generally, the class imbalance fac-
tor (IF) is defined as ”0 to measure the imbalance
degree, which is chosen from {1,10, 50} in this
paper. Then, we also select some inherently im-
balanced dataset: Trec (Li and Roth, 2002), R8
(Lewis, 1992). Three different types of synthetic
label noise are injected into these datasets follow-
ing the setups of existing LNL works (Qiao et al.,
2022; Zhu et al., 2022): (1) Symmetric Noise (S)
flips labels uniformly to other classes (van Rooyen
et al., 2015) (2) Asymmetric Noise (A) flips labels
to other similar classes. (Chen et al., 2019; Zhu
et al., 2022) (3) Instance-dependent Noise (I) flips
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label with a probability proportional to the features
of the sample (Algan and Ulusoy, 2020).
Real-world datasets. Further, we conduct exper-
iments on inherently imbalanced datasets with real-
world noise: ChemProt (Krallinger et al., 2017),
SemEval (Zhou et al., 2020), and TREC (Awasthi
et al., 2020). More details are in Appendix B.
Baselines. We compare DeCo to the most pop-
ular baselines for LNL. Specifically, we compare
to: (1) Base that performs fine-tuning with cross-
entropy loss (Devlin et al., 2019); (2) Sample Selec-
tion methods, including Co-Teaching (Han et al.,
2018), CR (Zhou and Chen, 2021), NPC (Bae et al.,
2022), SelfMix (Qiao et al., 2022), LAFT (Wang
et al., 2023), FreeAL (Xiao et al., 2023); (3) Oth-
ers, CL (Northcutt et al., 2021), DyGen (Zhuang
et al., 2023). See Appendix C for more details.
The implementation details are in Appendix E.

5.2 Main Results

Results on Trec (synthetic noisy and inherently
class-imbalanced dataset) and AGNews (synthetic
noisy and synthetic class-imbalanced dataset) are
shown in Table 1. Table 2 shows the results for
real-world datasets. (See Appendix D for more re-
sults). These results illustrate: (1) When the dataset
contains only noisy labels (i.e., the IF is 1), all
methods achieve robust performance. Notably, our
method achieves the best performance. (2) When
the dataset is noisy and class-imbalanced, other
sample selection methods exhibit significant per-
formance degradation as the IF and the noise rate
increase, whereas our method displays robustness
and remains competitive. (3) DeCo outperforms
all rivals by a notable margin on synthetic datasets
and real-world datasets with different settings. (4)
We also provide performances of the base model
on the ground truth data (upper bounds) and Chat-
GPT (zero/10-shot). On simple datasets with fewer
classes, ChatGPT performs better than certain base-
lines, yet DeCo still maintains a certain advantage.
For upper bounds, the results of DeCo are closest
to it compared to others. In short, the above obser-
vations clearly verify the effectiveness of DeCo.

5.3 Ablation Studies

In this section, we study the influence of each
proposed component (see Table 3) of DeCo.

MEM. MEM independently conducts SLM
learning and sample selection, which can alleviate
training bias (accumulated error) caused by self-
training. When MEM is removed, training and

sample selection on BERT only with a classifier
layer f, the performance of our method will de-
crease, which indicates that MEM is indeed crucial
and contributes to mitigating the impact of noise.
Debiased Sample Selection. Based on the
above analysis, the current sample selection tends
to cause selection bias in class-imbalanced noisy
datasets. Our debiased sample selection (DSS) en-
sures that the tail classes are not neglected and se-
lected into a clean set during training. Accordingly,
the selection bias issue is effectively alleviated. If
DSS is removed, the performance degradation is
the most significant, which proves this module con-
tributes the most to performance improvement.
The Divided Subsets. Since directly learning
from noisy data can significantly degrade the per-
formance of the model, we first divide the noisy
data into C, O, and H, then learn from them sepa-
rately. As shown in Table 3, removing each subset
will lead to a decrease in the results. Thus, these
subsets are all important for improving the perfor-
mance of DeCo. More ablations see Appendix F.

5.4 Analysis

Capability of debiased sample selection. For
clean and noisy samples, we visualize their confi-
dence distributions of the base model (Figure 3(a-
b)) and our model (Figure 3(e-f)) on R8 under 40%
asymmetric noise. During training, the confidence
generated by our model is getting more polarized
while the base model has already overfitted the
noisy labels. Although SelfMix can handle label
noise, it tends to fail in class-imbalanced datasets.
For the head class, the loss values of clean samples
are lower, while the loss values of noisy samples
are higher. However, the loss distribution is just the
opposite for the tail class due to under-learning tail
class samples (Figure 3(c-d), Figure 12). This phe-
nomenon avoids SelfMix selecting clean samples
of tail classes (selection bias)(Figure 4). Moreover,
due to training bias, SelfMix cannot improve itself
during training(Figure 14). For DeCo, MEM and
DSS are proposed to mitigate training and selection
bias to perform debiased sample selection. Benefit
from it, DeCo ensures that the tail class is not ne-
glected during training(Figure 4, Figure 14), which
encourages the loss distributions of clean and noisy
samples to gradually become consistent across both
head and tail classes (Figure 3(g-h), Figure 13). In
this case, DeCo can better isolate noisy and clean
samples based on the small-loss criterion, which
can help MEM better perform training on these
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Figure 3: The confidence distributions of Base (a-b) and Ours (e-f) on R8 under 40% asymmetric noise in different
stages. The loss distributions of SelfMix (c-d) and Ours (g-h) on R8 under 40% asymmetric noise in different stages.

Dataset Subsets ‘ epoch3 epoch4 epochS epoch6

Clean set (C) 3524/3540 3530/3546 3577/3591 3587/3599
Noisy set (V) | 264/1108 = 929 /1108 (83.84%) 237/1093 = 1069/1093 (97.80%) 119/979=> 958/979 (97.85%) 108/969=> 965/969 (99.59%)
Hard set (H) 596/704 617/733 688/782 689/804

Trec

Table 4: The data statistical distribution (the number of samples with right labels / the number of all samples) of
different subsets on Trec under 20%A. The left part of = is the original distribution of the noisy set, and the right
part of = is the distribution after querying LLMs. The value (%) represents the ratio of correct labels in the subset.
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Figure 4: The class ratio distribution of clean samples
selected by SelfMix and our method on R8 under 40%A.
During training, SelfMix gradually ignored the samples
in Class 2 and consistently failed to select clean samples
from Class 7 to learn. Our method conducts debiased
sample selection without neglecting any class.

selected debiased clean samples and avoid memo-
rizing (overfitting) noisy samples.

Effect of Collaborative Learning. We present
the statistical distribution of the different subsets
during training. After warming up, we perform
the debiased sample selection. From Table 4, we
observe that the number of correctly labeled sam-
ples in O has significantly increased after querying
LLMs, confirming the effectiveness of using LLMs
for label denoising. During training, we notice the

following trends: (1) For C' and H, the number of
correctly labeled samples in these subsets is gradu-
ally increasing; (2) For O, the ratio of correct labels
provided by LLMs is also steadily rising. These
observations display that collaborative learning en-
ables SLMs and LLMs to mutually enhance their
performance. More analysis see Appendix G.

6 Conclusion

In this paper, we focused on the challenge of
learning with noisy and imbalanced datasets. To
simultaneously address label noise and class im-
balance, we propose a novel and effective frame-
work called DeCo that introduces active learning
to combine the SLM and LLM. Specifically, DeCo
utilizes the SLM to construct a robust multi-expert
model and introduces a dynamic class-wise thresh-
old strategy to select clean and noisy samples for
LLM. Then the LLM employs the clean samples to
construct demonstrations and query noisy samples
for re-annotation, the re-annotation results collabo-
ratively enhancing SLM training for more precise
selection. The effectiveness and superiority of our
proposed method are verified on diverse noise types
and both synthetic and real-world datasets.
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Limitations

Our proposed DeCo is a collaborative framework
that aims to handle label noise on class-imbalanced
datasets for multi-class text classification. Despite
its effectiveness, there is still much potential for
improvement. First, the annotation quality of noisy
samples largely hinges on the strong ability of
LLMs. For some domains that are extremely chal-
lenging or eccentric, the commonly adopted GPT-
3.5-Turbo (even GPT-4-0613) nowadays may fail
to provide a qualified initial annotation, even if we
introduce external knowledge class descriptions in
the demonstrations. Our model is anticipated to
be suitable for these circumstances with the ad-
vancement of more powerful LLMs across diverse
domains.

Ethics Statement

We adhere to the Ethics of Official. This paper
will not pose ethical problems or negative social
consequences. The datasets used in our paper are
all publicly available and are widely adopted by
researchers to evaluate models.
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A Analysis for Current Sample
Selection-Based Method

The traditional sample selection-based method
(Han et al., 2018; Shu et al., 2019; Qiao et al.,
2022) normally follows the memory effect, i.e.,
deep learning models first memorize clean sam-
ples and then gradually fit noisy ones. For ex-
ample, a recent study SelfMix (Qiao et al., 2022)
has illuminated that during SLM training, the loss
distributions of clean and noisy samples typically
adhere to two Gaussian Distributions. Notably,
clean samples tend to have a smaller mean loss
value (the small-loss criterion). Then, they usually
set a global fixed loss threshold to separate noisy
datasets. While these methods, such as SelfMix,
have shown promise in leveraging this insight to
separate noisy datasets, our empirical experiments
indicate that these global-fixed-loss-value-based
methods do not perform well in some scenarios
when noisy labels coexist with class imbalance.

Specifically, we generate the synthetic label
noise (40% asymmetric and 40% symmetric) and
inject it into the inherently imbalanced R8 dataset.
Then, we found that samples from tail classes tend
to be overlooked and have large loss values (see
Figure 5). Therefore, the SelfMix fails to help sep-
arate the clean samples of the tail class from the
noisy ones (Figure 7). We further empirically ana-
lyze why the popular global-fixed-loss-value-based
methods, such as SelfMix, do not perform well in
noisy scenarios when class imbalance exists. For
this experiment, we observe the changes of R8 un-
der 40% asymmetric label noise at a fine-grained
level (Table 6 shows the distribution of classes on
the R8 under 40% asymmetric label noise). Specif-
ically, as shown in Figure 12, we observe that:

* The loss distribution of clean samples and
noisy samples, whether in the head class or tail
class, dynamically evolves during the training
process;

* Both tail class samples and noisy samples ex-
hibit large losses;

* The losses of some clean samples belonging
to the tail are even larger than the losses of
some noisy ones from the head class;

* For the head class, the clean samples tend
to have a smaller loss value and the noisy
samples tend to have a bigger loss value;

* For the tail class, the noisy samples tend to
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Figure 5: The class distribution (left) and the loss dis-
tribution (right) on imbalanced dataset R8 under 40%
asymmetric noise. We can find that the losses of some
clean samples belonging to tail classes are even larger
than the losses of some noisy ones from head classes.
Thus, existing small-loss-based sample selection meth-
ods that set a global fixed loss threshold to separate
clean and noisy samples tend to fail.

have a smaller loss value and the clean sam-
ples tend to have a bigger loss value.

Therefore, we think it is not ideal to handle all
classes equally and set a global fixed loss threshold
to separate noisy data.

Selection bias. Further, we observe that the Self-
Mix, conducted as self-training, will maintain or
exacerbate the imbalanced ratio of selected clean
subsets during the training process. As shown in
Figure 14, the number of the selected samples de-
creases (see Index 2) or maintains (see Index 7) in
the tail class. On the whole, the selected clean sam-
ples are always highly class-imbalanced (selection
bias). Therefore, the model is always trained on
these class-imbalanced biased sets, resulting in
sub-optimal results. The intuitive reason is that
the model’s performance on tail classes hardly im-
proves due to the limited number of available sam-
ples for training, which further degrades the effec-
tiveness of selection criteria (i.e., the small-loss
criterion) on these classes.
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Figure 6: The number of samples belonging to each
class (class index is 0, 1, 2, 3) in AGNews under various
imbalance factor settings.
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B Dataset Details

In this section, we introduce the details of the
datasets used in our experiments. Specifically, we
first select 20ng, AGNews and MR to construct
synthetic imbalanced dataset with different im-
balance factors (i.e., IF is 1, 10 and 50). Figure 6
presents the sample distribution of synthetic AG-
News under different imbalance factors. Among
them, 20ng and AGNews are news topic classifi-
cation datasets, MR is a sentiment classification
datasets. Then, we select two inherently imbal-
anced datasets: Trec and R8. The Trec dataset
is a question classification with 6 classes. The R8
dataset consisted of news documents from the 8
most popular classes of the Reuters-21578 corpus.

Synthetic datasets. For these above 5 datasets,
we manually inject three different types of
noise (Symmetric noise, Asymmetric noise and
Instance-dependent nois) into them for evalua-
tion in our experiments. we explain the details of
synthetic noise generation processes in section B.1.

Real-world datasets. To further verify the
effectiveness of our method in practical scenar-
i0s, we conduct experiment on inherently imbal-
anced datasets with real-world noise: ChemProt,
SemEval, and TREC. Among them, ChemProt
is a chemical-protein interaction dataset with 10
classes, SEMEVAL is a relation extraction dataset
with 9 classes, and TREC is a question classifica-
tion with 6 classes. We follow the work DyGen
(Zhuang et al., 2023) for these datasets to obtain
real-world noise.

Table 5 introduces detailed statistics about all
datasets used in our experiments.

#Dataset \#Class #Training #Validation #Test

Trec 6 4952 500 500
R8 8 6674 500 500
20ng 20 9051 7527 2263
AGNews 4 112400 7600 7600
MR 2 8662 1000 1000
TREC 6 4965 500 500
SemEval 9 1749 692 200
ChemProt 10 12861 1607 1607

Table 5: The detailed statistics of all datasets used in
our experiments.

B.1 Synthetic Noise Generation

In this part, we explain the details of synthetic
noise generation processes.

Asymmetric noise (Asym) Asymmetric noise
attempts to simulate the incorrect classification of

classes. Modeling such noise can be achieved by
flipping the labels of the samples according to a
pre-defined noise level € € [0, 1) (Zhu et al., 2022):

. . l—¢, i1=73
pfzz-p(yzjlyzl)Z{ . Iy

Due to these noise generation processes are feature
independent (i.e. p(-ly = i,z) = p(-ly = 1)), we
describe them by an asymmetric noise transition
matrix, which can be used to generate noisy labels.

Symmetric noise (Sym) Modeling such noise
can be achieved by uniformly flipping the labels
of the samples to other classes according to a pre-
defined noise level € € [0,1) (van Rooyen et al.,
2015):

l—¢, 1=

_&€
K—-1>
where K is the number of classes.

Instance-dependent noise (IDN) We follow the
noise generation process in existing literature (Bae
et al., 2022; Qiao et al., 2022) for IDN generation
in our experiments. The Trec dataset comprises
only 5452 training samples. Consequently, when
considering a high noise ratio, there’s a possibil-
ity that the count of clean samples might be lower
than that of generated noisy samples within the
long-tailed class. This circumstance renders the
classification task meaningless. As a result, we ex-
clusively generate IDN on the 20ng, AGNews, MR,
and RS datasets. The detailed algorithm of IDN
noisy label generation is summarized in Algorithm
1.

C Baselines Details

In this section, we provide the details of the base-
lines used in our experiments.

* Base (Devlin et al., 2019). We train the BERT
(base model) model fine-tuned only with
standard cross-entropy loss without noise-
handling;

* Co-Teaching (Han et al., 2018) makes usage
of the divergence in the learning errors of two
distinct models to remove the influence of la-
bel noises. The two models screen out noisy
samples for each other, combining their ad-
vantages in counteracting noisy labels;

* CL (Northcutt et al., 2021) employ confidence
learning to quantify ontological class overlap
and moderately increase model accuracy by
cleaning data prior to training;
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Algorithm 1 Instance Dependent Noise Generation

Require: Clean samples (x;,y;)7;, y; € [1, K] ; Noisy ratio 7;

1: Train an BiLSTM classifier f;

2: Get output from an BiLSTM classifier f;; € RE foralli=1,...,n;

3: Set Nyoisy = 05
4: while N5y < n x 7 do

5:  Randomly choose a sample z;, argmax(softmaz(fz,)) # yi;
6:  Setits noisy label y; = argmax(softmax(fs,));
7
8

Nnoisy = Nnoisy +1;
. end while
Ensure: Noise samples (z;, ;)i ;

¢ CR (Zhou and Chen, 2021), also trains mul-
tiple models with a regularization strategy
based on a soft target.

* NPC (Bae et al., 2022) utilizes a generative
model to estimate the transition matrix from
noisy predictions to the ground-truth labels of
samples and uses it to correct noisy labels.

* SelfMix (Qiao et al., 2022) separates sam-
ples via GMM and leverages semi-supervised
learning to handle label noise.

* DyGen (Zhuang et al., 2023) uses the varia-
tional auto-encoding framework to infer the
posterior distributions of true labels from
noisy labels to improve noisy label predic-
tions. Although DyGen also considers dy-
namic training, it uses dynamic patterns in
the embedding space, which is different from
ours.

* LAFT (Wang et al., 2023) also segregates all
training samples into different subsets by gen-
erating confidences for each sample of train-
ing datasets, which is a way that introduces
the external guidance from LLMs. Although
the segregation method based on confidence is
similar to ours, LAFT ignores the inaccurate
of LLM-generated confidences. Compared
to LAFT, our methods only utilize the LLM
on one subset, which can reduce the cost of
LLM expenses. Then, we apply the noise-
robust loss functions on LLLM-generated la-
bels, which can avoid the additional biases
introduced by inaccurate results from LLMs.
So our method is more efficient and effective
than LAFT. In our experimental results, we di-
rectly refer to the results reported by its paper.
The comparison results in Table 22.

* FreeAL (Xiao et al., 2023) also integrates ac-

tive learning, alongside an LLM and a small
model. Specifically, FreeAL considers unsu-
pervised classification tasks without human
annotations. For FreeAL, its input is an unla-
beled training dataset and need LLM to anno-
tate all datasets at first. However, our method
consider supervised classification tasks with
noisy human annotations, the input is a la-
beled training dataset with noisy labels. We
need to select the noisy samples from datasets,
then use LLM to annotate these samples. Our
task is more intricate than FreeAL, as it in-
volves a process of noise filtering. Moreover,
we only need LLM to annotate noisy samples
rather than all samples, which greatly reduces
costs. We compare the FreeAL with our meth-
ods in Section D.1.

* ChatGPT. In addition to utilizing ChatGPT’s
zero-shot capabilities, we also evaluated its
few-shot potential (random sampling) in our
experiments. For both ChatGPT and DeCo,
we uniformly configured the setup to a 10-
shot setting in our experiments to ensure a fair
comparison.

For these baselines, we perform their public code
(except LAFT) to implement them.

D More detailed Results

We report the detailed performance (accuracy
with standard deviation %) on Trec (refer to Table
14), AGNews (refer to Table 15), AGNews with IF
10 (refer to Table 16), AGNews with IF 50 (refer
to Table 17), R8 (refer to Table 18), MR (refer to
Table 19), MR with IF 10 (refer to Table 20), MR
with IF 50 (refer to Table 21), 20ng (refer to Table
22), 20ng with IF 10 (refer to Table 23), 20ng with
IF 50 (refer to Table 24).
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D.1 Comparison with FreeAL

To compare with FreeAL, we use LLM to anno-
tate the datasets and treat the annotated datasets (a
labeled training dataset with noisy labels) as the in-
put of our method. By doing so, we can ensure that
the inputs for both methods remain consistent. The
noisy ratio denotes the proportion of incorrect la-
bels among those generated by the LLM. As shown
in table 13, we found that our method consistently
outperforms FreeAL across most datasets, espe-
cially on datasets with multiple categories. While
FreeAL demonstrates commendable performance
on simple binary sentiment classification datasets
(MR), our approach maintains its superiority in
more complex datasets. This consistency in per-
formance across various datasets highlights the ro-
bustness and adaptability of our method, making
it a viable and effective choice for a wide array of
classification tasks.

E Implementation Details

In this section, we introduce the implementation
details for our experiments.

We use BERT as the text encoder of NEM. The
classifier layer and expert layers of NEM are all
implemented as the fully-connected layer and ran-
domly initialized at the beginning, while both the
encoder and the classifier will be updated via gra-
dient descent during fine-tuning.

Follow previous work (Qiao et al., 2022; Zhuang
etal., 2023; Wang et al., 2023; Liu et al., 2024; Wei
et al., 2024), all experiments are evaluated using
accuracy on a clean test set, and the reported test
performance is selected according to the perfor-
mance on a clean development set. This applies
to both DeCo and all baselines. We report the av-
erage performance as well as standard deviations
using 5 random seeds. We implement our frame-
work with Python 3.7, PyTorch 1.13, and Hugging-
Face, and train our framework on Nvidia RTX 3090
and Nvidia A100 GPU. In addition, we use Adam
(Kingma and Ba, 2015) as an optimizer.

LLMs and Prompts We use GPT-3.5-Tubor-
0613 API (e.g., ChatGPT), and run the generation
5 times with a temperature of 0.8 to produce differ-
ent reasoning paths and predictions. Then we use
majority voting to get the final prediction results.

F More Ablation Experiments

F.1 Effect of Dynamic Class-wise Selection

Due to the suboptimal performance of current
sample selection methods when dealing with noisy
learning in imbalanced datasets, we introduce a dy-
namic class-wise sample selection to better perform
LNL in imbalanced datasets. Here, we conduct an
ablation experiment (refer to Table 8) to verify the
effectiveness of the dynamic class-wise selection
by replacing it with current sample selection meth-
ods based on a global-fixed-loss value.

F.2 Effect of Robust Loss Function

We conduct an ablation experiment (refer to Ta-
ble 9) to verify the effectiveness of reversed cross-
entropy loss functions by replacing it with cross-
entropy loss functions.

F.3 Effect of Prompt contents

In Table 10 and Table 11, we ablate the prompt
contents in the default settings by: (a) removing the
Task description (rm. a); (b) removing the Class
description (rm. b); (c) removing the Demonstra-
tion (rm. c); (d) replacing our example sampling
with random example sampling (7:p. d). The results
yield the subsequent observations: First, the task
description is of less importance, indicating that
ChatGPT is capable of understanding the task di-
rectly from the demonstration. Second, the demon-
stration is of critical importance to the performance
of our DeCo. This is because they carry the nec-
essary information for ChatGPT to understand the
classification task. The class description in the
demonstration is a crucial aspect, specifically in
some tasks that require significant domain exper-
tise. As shown in Table 10 for Trec and Table
11 for ChemProt (ChemProt is a chemical-protein
interaction dataset with 10 classes), when we re-
move the class descriptions, the performance of our
method experiences the most significant decline on
the Chemprot dataset. Finally, our sampling strat-
egy is important to the performance of our DeCo,
especially under a high noise ratio.

G More Analysis

G.1 Capability of class-balanced learning.

We visualize the test accuracy in each class to
demonstrate that DeCo achieves relatively balanced
performance on varying categories while fulfilling
greater generalization. We plot comparison results

30518



14 noisy 25 noisy 30 noisy 80 noisy
12 clean clean 25 clean 70 clean
~ 20 - .60
g g g2 0
g8 815 ] ]
-] ] w15 %40
0 2 2 H
10 10 30
4 s 20
2 5 10
0 0 ] 0
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Loss Loss Loss Loss
(a) Epoch 3 (b) Epoch 4 (c) Epoch 5 (d) Epoch 6
30
16 noisy 17.5 noisy noisy 30 noisy
14 clean 15.0 clean 25 clean 25 clean
12
g 10 g 125 § 20 g 20
$s g0 31 215
] T 75 ] ]
€6 € 10 %10
4 5.0
2 25 5 5
o 0.0 0 0
o 04 05 06 0.7 038 09 04 05 06 07 08 09 " 03 04 05 06 07 08 09 1.0 Y 0.4 0.6 0.8 1.0
Loss Loss Loss Loss
(e) Epoch 3 (f) Epoch 4 (g) Epoch 5 (h) Epoch 6

Figure 7: Loss histogram of R8 under 40% asymmetric label noise (a-d), 40% symmetric label noise (e-h). Clean
data and noisy data are marked by green and yellow respectively. We observe that the loss value can not separate the
clean data from the noisy ones. Hence, the existing small-loss-based sample selection methods (such as SelfMix),
which set a global fixed loss value to separate noisy data, are not applicable in our scenario (class-imbalanced noisy

dataset).
Category ‘ earn acq crude trade money-fx interest ship grain
Index 0 1 2 4 5 6 7
Count ‘ 1738 2095 765 258 220 200 141 68
Table 6: The details statistics of R8 dataset under 40% asymmetric label noise.
Hyperparameter Trec MR 20ng AGNews R8 TREC ChemProt SemEval
A 0.94 0.92 0.90 0.90 091 0.96 0.81 0.90
R 0.8 0.8 0.7 0.90 0.85 0.95 0.70
m 2 5 3 3 4 3 2
Batch Size 32 32 32 32 32 32 32
learning rate le-5 le-5 le-5 le-5 le-5 le-5 le-5 le-5
Table 7: Main hyperparameter settings of our models.
Dataset | Trec Dataset | Trec
Loss function(]) / Noise(—) \ 20%S 40%S 20%A 40%A Loss function() / Noise(—) \ 20%S  40%S 20%A  40%A
Current sample selection methods \ 9525 92.00 96.08 91.20 cross-entropy loss \ 96.25 94.00 96.08  93.20
Ours \ 97.08 96.56 97.16 95.32 reversed cross-entropy loss \ 97.08 96.56 97.16 95.32

Table 8: An ablation experiment for dynamic-class-wise
sample selection. Bold means the best score.

in Figure 8. First, compared with GT trained on
clean samples, DeCo achieves almost unbiased pre-
diction results. Second, compared with the exist-
ing method SelfMix, DeCo considers tail classes
better. Therefore, DeCo performs better in these

Table 9: Ablation study for loss functions on purified
set O. Bold means the best score.

categories. The result demonstrates that our pro-
posal has considerable potential for fulfilling class-
balanced learning while tackling label noise.
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Noise ‘ default rm.a rm.b rmc rp.d
20%A ‘ 97.16 96.85 9622  96.05 96.55
40% A ‘ 95.32 95.12 9386 9378 94.02

Table 10: Prompt contents (Accuracy on Trec under
20% and 40% asymmetric label noise). The default
settings include precisely the necessary information for
prompting.

Noise ‘ default rm.a rmb rmc

22.88% | 70.52

rp.d
67.85

68.22  66.10 67.05

Table 11: Prompt contents (Accuracy on ChemProt
under 22.88% real-world noise). The default settings
include precisely the necessary information for prompt-

ing.
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Figure 8: Comparisions of class-level prediction results
on Trec with 20% A and R8 with 40% A.

G.2 Hyper-parameters Selection

There are three main hyper-parameters R, A,
and m in our proposed method. We take R to
control the proportion of selected clean samples
per class, A to control threshold stability, and m to
control the number of expert layers. We conduct
ablation studies to select optimal values for exper-
iments, where R € {0.2,0.4,0.6,0.8,1.0},
A € {0.2,0.4,0.6,0.8,1.0}, m €
{2,3,4,5,6,7,8,9,10}. We provide the model
performance under different R, A\, and m settings
in Figure 10. From these results, we find that
the appropriate hyper-parameters are not entirely
consistent for different datasets. This is because
the data distribution of datasets of different types
is complex and inconsistent. Hence, we should
comprehensively consider various situations and
carefully tune hyper-parameters’ values according
to actual datasets. Based on our experience with
parameter tuning during experiments, we have the
following suggestions:

For R and ). We found that choosing a large

value (not the maximum value) of R and A often
leads to better model performance.

For m. For the number of expert layers m, we
can see that as the value of m increases, the optimal
testing accuracy first increases and then decreases.
For the R8 or Trec dataset, when m =3 orm =5,
the performance reaches the peak and fluctuates as
m increases. This indicates that too large a value
can harm model performance.

Table 7 shows the hyperparameter configurations
for different datasets.

G.3 Effect of In-Context Examples.

We show the effect of different numbers w of in-
context examples during the process of ICL on the
Trec datasets under 20% asymmetric label noise
and R8 datasets under 40% asymmetric label noise.
Moreover, we conduct comparison experiments by
replacing the ICL with much simpler approaches
such as Knn. As shown in Figure 11, our method
far exceeds than Knn over a wide range of w from
1 to 20, this further verifies the robustness of our
method and we can simply adopt w = 10 for fair
comparisons in our experiments.

G.4 Experiments with other LLMs

For datasets containing noise, our method selects
samples with noisy labels to form a subset O, and
then uses an LLM to generate new labels for these
noisy samples to create a new subset O. Through
this method, although the LLLM can significantly
reduce the noise rate in the original subset O, the
LLM itself also has hallucination issues; it cannot
guarantee the generation of correct labels for all
samples. To address this problem, we have theoret-
ically proven that as long as the noise rate in subset
O is below a certain threshold, we can directly use
a robust loss function to learn from subset O, thus
ignoring the influence of the noisy samples. There-
fore, in our method, the noise rate in subset O is
affected by the capabilities of the LLM used. This
leads to the following two scenarios:

(1) When the noise ratio is relatively low (e.g.,
20% or 40%), there aren’t many noisy samples in
subset O. For ChatGPT-3.5, even though its perfor-
mance may not be as good as the more powerful
LLM GPT+4, it can still reduce the noise rate in the
original subset O to below the threshold. For GPT-
4, it might reduce the noise rate in subset P even
further. However, since we are using a robust loss
function, whether ChatGPT-3.5 or GPT-4 is used,
our method can conduct approximately noise-free
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Figure 9: Hyper-parameter sensitivities of A, R and m. Experiments are conducted on the Trec dataset under 20%
asymmetric label noise and the R8 dataset under 40% asymmetric label noise.

training on subset O, and the final performance gap
is not significant.

(2) Under conditions of extreme noise (>50%),
there will be particularly many noisy samples in
subset O. For ChatGPT-3.5, it may be a significant
challenge to reduce the noise rate in the original
subset O to below the threshold. However, for GPT-
4, it can still generate correct labels relatively well
and reduce the noise rate in subset O to below the
threshold. So, in the case of extreme noise, the
performance gap between ChatGPT-3.5 and GPT-4
becomes apparent, and our method achieves better
results when using the more powerful LLM GPT-4.

We further conducted preliminary experiments
on Trec datasets under different noisy ratios. As
shown in Table 12, we found that under circum-
stances of a smaller noise ratio, using ChatGPT-3.5
or a more powerful LLM such as ChatGPT-4 in our
method does not show a significant performance
difference. However, with a higher noise ratio, uti-
lizing ChatGPT-4 in our method results in better
outcomes.

Model | 20%A  40%A  60%A
Ours (ChatGPT-3.5) | 97.16 9532 74.56
Ours (GPT-4) | 9720 9545  77.32

Table 12: Performance (accuracy%) comparison on Trec
datasets under 20% A, under 40% A, under 60% A.

G.5 Case Analyse for Cost Efficiency

In this paper, we incur costs by using ChatGPT.
Thus, we provide a single case to calculate how
many dollars need to be expensed by multiplying
the total number of consumed tokens with the Chat-
GPT model price ($0.003 per thousand tokens).
Specifically, for the R8 dataset with 40% Asym-
metric label noise (40%A), all samples (Task +
Class descriptions+ ICL examples + Inputs) to
query ChatGPT were tokenized into 156523 tokens
(please note, the R8 dataset has 8 categories, under
which we set 10 samples to form ICL examples),
and ChatGPT generated 9122 tokens, resulting in
a total of 165645 tokens. Since we run each case
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Figure 10: Hyper-parameter sensitivities of A, R and m. Experiments are conducted on the Trec dataset under 20%
asymmetric label noise and the R8 dataset under 40% asymmetric label noise.
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Figure 11: Comparisions of DeCo with KNN on Trec
dataset under 20% asymmetric label noise and RS8
dataset under 40% asymmetric label noise.

using 5 random seeds and report the average per-
formance, the final tokens are 165645*%5=828225
tokens, so we need to spend $2.484675.

G.6 Discussion about Human Annotations

In this section, we discuss the cost of human
annotations and LLM annotations. Generally, hu-
man annotation tasks can be conducted by crowd-
workers on platforms such as MTurk and trained

annotators, such as research assistants. How-
ever, LLM annotations are generally more effi-
cient than human annotations when dealing with
large datasets. This is primarily because LLMs
can generate annotations quickly and at scale, with-
out the need for extensive human labor. Moreover,
the per-annotation cost of ChatGPT is less than
$0.003—about twenty times cheaper than MTurk.

H Theoretical Analysis

H.1 Risk Minimization problem for losses

Generally, for a dataset D = {(x;, yl)}f\; | With

data size IV, given any loss function £ and classifier
fo, we define the loss on D:

L(fo,D) = Ep[L(fo(x),y)]

Under the risk minimization problem for losses, our
object is to learn a classifier f, which is a global
minimizer of D depending on the loss function L.
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That is to say, we want to obtain the optimal param-
eters 0* of f with loss function £ over dataset D,
ie, 0 =arg mein Erobust(f@a D)

H.2 Noise Robustness of Loss Functions

Let Dgjean = { (i, y:)} represent the clean train-
ing dataset, and Dy,isy = { (24, y;) } represent the
noisy training dataset with noise rate €, where

A Yi, 1-¢
Yi = others, ¢

Previous work (Ghosh et al., 2017; Zhang and
Sabuncu, 2018; Xu et al., 2019; Gao et al., 2023a)
on noise-robust loss functions has shown that the
loss function satisfying following formula:

K
Z grobust(f@(x)v k) = C, \V/$, fa (N
k=1

is a robust 10ss L,.opust, Which has the below noise-
tolerant property (Gao et al., 2023a):

arg nbin ﬁ'robu.st (f97 Dclean) = arg Ingn £r0bust (f97 Dnoisy)~

(®)

H.3 Proof For Noise-tolerant Property

We include the aforementioned work here to
ensure comprehensiveness. More precisely, we
consider three scenarios of label noise: asymmetric
noise, symmetric noise, and instance-dependent
noise as described in the following.

Symmetric Noise. In a multi-class classifica-
tion task with IC classes, given a loss function
L opust satisfying property 7. Then L, opy, ¢ 1S noise-
tolerant under symmetric label noise if noise rate
e<1l— %, the proof as follows:

[:robust (f97 Dnoisy)
= Ex,g,? [['robust (f@ (1’), ?))]
= E:pEy|xE@|y,x [ﬁrobust (f9 (.’L‘) ) Z))]

= ExEy|m[(1 - 5)£r0bust(f9(x)7 y)_l—
€

K—1 Zﬁrobust(fe(x)aj)]
J7Y

g 3
—ExEy|x[(1 — &+ m - K — 1)
e .
Erobust(fﬁ(x)vy) + K—1 Z*Crobust(fa(x)vj)]
J#Y
g g
B A s R S Y
g .
Erobust(f@(x>v y) + m Z £r0bust(f9(x)7.7)]
J7Y
K—-1-Ke eC
= Em,y[ﬁﬁmbust(fe(x)a y)l + -1
K—1-Ke eC
= ﬁﬁrobust(fﬁa Dclean) + —1
©)

where C' is a constant due to the property 7. Sup-
pose 6™ is the optimal parameter of f over the clean
dataset D jcqn, then for any 6:

'crobust (f@* ) Dnoisy) - *Crobust (f@a Dnoisy)
K—-1-Ke
K-1
(ﬁrobust (f9*7 Dclean)
<0.

- Erobust (f@a Dclean))
(10)

Thus, when ¢ < 1 — %, 0* is also the optimal
parameter of f over the noisy dataset Dy,sy-

Asymmetric Noise. For a loss function £, opys
satisfying property 7. Then L, op,s 1S noise-
tolerant under asymmetric label noise if noise rate
e < % the proof as follows:
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‘Crobust(f% Dnoz’sy)
= Eg;,g [Lrobust(fQ (l‘)v Q)]
=E Ey\szﬂy x[’crobust(fe(l‘)v Q)]
=E Ey\x[( 5)£robust(f9(w)a y)+
€ Z £robust(fH (.’IJ), .7)]
J#y
— E.E,,
Erobust(fG

[(1 —e+te—c¢
+€Z£r0bust f9( ) )]
J#y
:E:Cy[(]-_5+5—€)
£r0bust(f9 +€Z£r0bust fg( ) )]
J7Y
=Eg [(1 - 25)£Tobust(f9($)’y)] +eC

( - 25)Erobust(f97 Dclean) +eC (11)

where C' is a constant due to the property 7. Sup-
pose 6* is the optimal parameter of f over the clean
dataset D jeqn, then for any 6:

Lrobust (f@* ; Dnoisy) - [frobust (f97 Dnoisy)
= (1 —2¢)
(ﬁrobust (f9*7 Dclean) - ['robust (f@: Dclean))
<0. (12)

Thus, when & < %, 0* is also the optimal parameter
of f over the noisy dataset Dj,y;sy.

Instance-dependent Noise. For a loss func-
tion L,opyst satisfying property 7 and 0 <
Lyropust (fo(x),1) < %,W € [K]. Suppose 6*
is the optimal parameter of f over the clean dataset
Deiean and Erobust(fe* ’ Dcl@an) = 0. Then L, opust
is noise-tolerant under instance-dependent noise la-
bel if noise rate £; < 1 — 45, Vj # 4, Vi, j € [K],
€;j represents the probability of class 7 mislabeled
into class j. For instance-dependent noise, we
have:

Erobust(f@a Dnoisy)
= Ez,@ [‘Crobust(fG (l’), @)]
=E Ey|ng|y x[£robust(f9($)> :'3)]
=FE Emm[( 5y)£robust(f0($)a y)+
Z Eyj robust(f@(x)vj)]
J#y
=K Ey|x[( — €y)(c — Zﬁrobust(fe(x)hj)])
J#Y
+ Z Eyj»crobust(f@(x)?j)]
J#y

= Ez,y[(l )(C - Z Erobust(f@(w)aj)])

J#y
+ Z Eyjﬁrobust(fQ(x)7j)]
J#y
=E,;,(C(1—¢y) — (1 —¢y) Z Lrobust (fo(x), J)
J#y
+ Zgyjﬁrobust(fb(x)?j))
J#y
= CE:’C y(l - Ey)

o) 7yz

J#y

— &yj ﬁrobust(f@ (33), j)

(13)

where C is a constant due to the property
7. Suppose 6 is the optimal parameter of
f over the noisy dataset D5, and ot =
arg mgin Lrobust (fo, Pnoisy), then:

- Erobust (f@* ; Dnoisy)
— Eyj (Erobust(fe* (.’IJ) ’ j)

Erobust (feT 3 noisy)

—F ’yz

J#Y
- £robust(f91‘ (13)3.7))
<0. (14)
Since we are given Ly opust(fo+, Detean) = O,

we have L,opust(fo<(z),y) = 0. Considering
the conditions stated before we can get that
Lrobust(for(),1) = K- 1,Vz # y. If we assume
that 1 — gy — y; > 0, in order the Eq. 14 to hold,
we must have L, opyst(foi (2),7) = %,W £,
which implies L,opyst(for(2),y) = 0 due to the
symmetric property of L,op,s¢. Thus, when ¢; <
1—eij, 6 is also the optimal parameter of f over
the clean dataset D_j.qy,.
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I Proof For Reversed Cross-entropy Loss

Theorem. The reversed cross-entropy loss func-
tion satisfies formula 7 and has the noisy-tolerant
property 8.

Proof. For the input = and its label ¥, the pre-
dicted probability of x for each label £ € [1, K] can
be represented as p(k;x) = % q(k|x)
is the ground-truth distribution over labels, and
Zle q(k|z) = 1. If the ground-truth label is y,
then ¢(y|x) = 1 and g(k|x) = O for all k& # v.
Based on it, we can obtain the reversed cross-

entropy loss function L;e:

K
ﬁrce(f@(x)v y) == Zp(]{i; JZ) 10gq(l€|$)
k=1 .
= —p(y; ) log q(ylx) — > _ p(k;x)log q(k|z)
k#y
K
==Y p(k;x)logq(k|z)
k#y
K
=— Zp(k; x)log(0). (15)
k#y

We approximate the log(0) as a constant A, then
1kC:1 Lree(fo(x),y) = —(K — 1) A, which satis-
fies formula 7 and C=—(K — 1) A.

J Prompts Details

J.1 Prompts Structure

Our LLMs prompt consists of the following three
components:

(1) Task description, which describes the task.
For different classification tasks, e.g., question clas-
sification, sentiment classification, topic classifica-
tion, efc, the descriptions are different.

Trec: You are a text classifier and your
task is to classify a given sentence with
the following classes (along with some
examples):

MR: You are a sentiment classifier and
your task is to classify a given text
with the following classes (along with
some examples). Your answer can be either
positive or negative.

R8: You are a text classifier and your
task is to classify a given text with
the following classes (along with some
examples):

TREC: You are a text classifier and your
task is to classify a given sentence with
the following categories (along with some
examples). The true category must be one
of these categories.

Agnews: You are a text classifier and your
task is to classify a given sentence with
the following classes (along with some

examples). Your answer must be exactly
one of [’World’, ’Sports’, ’Business’,
’Science/Technology’].

Chemprot: You are a text classifier

and your task is to classify a given
sentence with the following classes
(along with some examples). Your
answer must be exactly one of [’Part
of’,’Regulator’, ’Upregulator’, ’Downregu-
lator’,’Agonist’,’Antagonist’, ’Modulato-
r’, ’Cofactor’,’Substrate/Product’,’NOT’].
classifier

classify a
following

are a text
task is to
with the

Semeval: You
and your
given sentence
classes (along with some examples).
Your answer must be exactly one
of [’Cause-Effect’,’Component-Whole’,
"Content-Container’,’Entity-Destination’,
"Entity-Origin’,’Instrument-Agency’,’Mem-
ber-Collection’,’Message-Topic’, ’Product-
Producer’].

20ng: You are a text classifier and your
task is to classify a given text with
the following classes (along with some
examples):

(2) Demonstration, which consists of descrip-
tions corresponding to all classes within the
dataset, along with clean samples under each class
(class+class descriptions+clean samples).

class descriptions. Although LLM can produce
reasonably good labels for some tasks, there may
be some tasks, such as those that require signifi-
cant domain expertise, where LLM would perform
poorly and cause our proposed approach may not
work well. To tackle these questions and potential
limitations, we drew inspiration from the recently
popular RAG, introducing label descriptions for
each class from external sources (the label descrip-
tion is either the definitions specified in the corre-
sponding paper or from Wikipedia), enabling the
large model to better comprehend the knowledge
contained within the dataset. We provide the class
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description of all datasets on Table 25, Table 26,
Table 27, Table 28, Table 29, Table 30, Table 31,
Table 32, Table 33.

For the demonstration sampling, we select the
sample most similar to the test input. Specifically,
given a sample z; € N, we can calculate the co-
sine similarity of the text feature between z; and
other samples x; of each class (z; € Cy,C =
{(zi,y:) € Cly; = k}). Then, we sample top-w
similar samples to form w-shot examples for each
class k. Note that text features of datasets are
computed and stored beforehand, allowing efficient
sampling.

Finally, for each class k, we combine the descrip-
tion and w examples in the prompt.

(3) Input, which is the test text to classify.

J.2  Prompts Cases

We present the case (Table 34) of prompts de-
signed for the LLMs.
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Dataset ‘ Trec MR 20ng AGNews R8
Noisy Ratio (%) ‘ 38.4 21.31 30.67 17.08 14.34
FreeAL ‘ 93.50 93.29 80.63 92.69 98.02
Ours ‘ 96.40 92.20 83.62 93.95 98.11
Table 13: The comparison results with FreeAL.

Dataset Trec

Method(/) / Noise(—) 20%S 40%S 20%A 40%A

BERT 94.64+ g1 87.454¢.74 93.60+1 30 85.724¢.97

Co-Teaching 95.08+¢.57 89.3041.50 94.88+0.53 87.16%.36
CL 95.64+0.15 89.724¢.81 95.52+0.24 86.24%4.94
CR 95.15+0.29 89.74=%0.17 94.873.59 87.77%0.33

|
|
|
|
|
|
NPC ‘ 95.10£0.21 88.58+0.22 94.4841.04 87.25+0.86
|
|
|
|
|
|

SelfMix 95.20+0.89 89.80+1 15 95.16=£1 23 89.00+¢ 86
DyGen 95.8840.32 89.00=L¢ g2 94.96+¢ 57 88.56=%1 16
Supervised GT (0% Noise) 97.20=£¢.99

ChatGPT (Zero-shot) 61.60

ChatGPT (10-shot) 72.00

Ours 97.08:&0,30 96.56:&0,17 97.16:i:0.09 95.32:|:0.27

Table 14: The detailed results (accuracy with standard deviation %) on Trec datasets. Bold means the best score.
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Dataset ‘ AGNews

Imbalance Factor | 1

Method(/) / Noise(—) | 20%S 40%S 20%A 40%A 20%1 40%1
BERT 90.68+0.15 84.43+1 35 90.2740.65 84.30+1.90 88244049 85.720.97
Co-Teaching 92.0340.12 88.4140.26 92.1240,09 89.38+1.11 89.5340.56 88.72+0.14
CL 192174011 88.45+0.10 92.30+0.11 89.13%1.97 89.9440.15 87.03%0.31
CR 192114042 88.52+0.85 91.52+0.22 89.60+0,54 89.1240.95 88.06%1 01
NPC 91.1540.29 87.740.07 90.8740.58 88.77=+0.33 88.33%0.47 87.0740.49
SelfMix 91.37+0.50 89.28+0.90 91.2141.96 87.800.40 88.3240.34 87.45%0.74
DyGen 191.6140.20 89.88+0.31 91.59+0.25 86.6240.78 89.1540.24 87.72%495
Supervised GT (0% Noise) ‘ 94.05+¢.14

ChatGPT (Zero-shot) | 82.92

ChatGPT (10-shot) | 84.23

Ours 193.9840.10 93.25+0.09 93.55%0.11 93.27+0.10 93.60+0,05 92.7540,08

Table 15: The detailed results (accuracy with standard deviation %) on AGNews datasets. Bold means the best
score.

Dataset ‘ AGNews

Imbalance Factor | 10

Method() / Noise(—) | 20%S 40%S 20%A 40%A 20%1 40%1
BERT |85.97 40,69 69.81558 83.79%057 65.08-+.24 88.78%+014 73.37+1.15
Co-Teaching 89.5140.77 86.55+0.83 89.344064 84.01+151 88.99+0.25 82.894102
CL 190.58+0.55 88.04+0.60 89.51+0.23 83.5240.92 88.7640.21 78.15+1 .04
CR 89.98+0.43 88.07+0.58 89.96%053 79.064150 88.40+0.24 77.8140.51
NPC 89.4940.32 86.09+0.44 89.68%061 85.21%0.81 89.33+0.15 77.69%0.41
SelfMix |87.5640.50 86.83+0.96 87.55 +1.77 86.56=1.65 86.09%0.78 77.78%4.56
DyGen |87.2640.49 86.19+1.12 87.074063 85.2640.22 87.64+034 77.4241 07
Supervised GT (0% Noise) | 91.874017

ChatGPT (Zero-shot) | 82.92

ChatGPT (10-shot) | 84.23

Ours 91,44+ 35 90.94+0.10 91524014 90.84=+0.11 91514006 90.33%0.10

Table 16: The detailed results (accuracy with standard deviation %) on AGNews datasets with IF 10. Bold means
the best score.
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Dataset ‘ AGNews

Imbalance Factor ‘ 50

Method(]) / Noise(—) | 20%S  40%S  20%A  40%A 20%1 40%1
BERT | 78.510.83 69.1141.35 77.15%1.49 61.114390 86.25+059 65.15%2.63
Co-Teaching |84.04£1 45 80.38%1.57 84.6441 76 78.224959 87.214¢93 65.86L1.35
CL |85.51+1.76 82.9941.09 83244095 74.58+3.20 87.53+064 69.7242.44
CR |83.710.12 82.1249.01 82.9341 58 73.75+0.44 86.98+0.74 66.74%1 .30
NPC 82.96£1.11 80.1840.12 83.1141.61 78.91%1 47 87.89+0.47 69.1445 57
SelfMix |80.800.62 78.8741.85 80.07+0.06 78.18+0.74 85.43+0.88 69.414561
DyGen |84.201.12 79.7142.34 83.95%0.69 78.53%+0.01 86.310.70 69.58%5.25
Supervised GT (0% Noise) | 88.96+0.27

ChatGPT (Zero-shot) | 82.92

ChatGPT (10-shot) | 84.23

Ours |87.46£0.17 87.0540.20 87.80%06s 87.24+0.45 88.79+021 87.80%0.15

Table 17: The detailed results (accuracy with standard deviation %) on AGNews datasets with IF 50. Bold means
the best score.

Dataset | RS

Method(]) / Noise(—) ‘ 20%S 40%S 20%A 40%A 20%1 40%I1
BERT ‘91.19j:3_02 81.5941 04 94.39+¢57 80.16+45 17 88.774g.82 71.65+1 22
Co-Teaching ‘97.25j:0,51 93.8241.34 97.20+(.50 94.63+5.25 90.86+71 34 80.00+ 55
CL ‘95.85j:1,82 82.224¢73 96.91+¢. 44 82.95+349 91.494( 30 71.88%E¢ 56
CR \97.52i0,25 84.12+586 97.01+£0.31 91.65+1 44 89.64+1 17 71.59+1 50
NPC ‘97.85j:0.24 93.1941 16 97.0940.15 93.06+061 90.831(.93 72.86%1.74
SelfMix ‘97.57j:0_28 94.6241 66 96.40+2.009 92.17+2,00 82.07£2.92 77.3241 43
DyGen ‘92.93j:0,66 91.024g.81 94.77+0p.69 88.52+9205 92.6941 15 87.894 57
Supervised GT (0% Noise) ‘ 98.39+¢.16

ChatGPT (Zero-shot) | 85.66

ChatGPT (10-shot) 88.78

Ours 98.29+( 04 97.65+003 98.05+( 09 97.68+009 96.37+( 37 93.28+( 15

Table 18: The detailed results (accuracy with standard deviation %) on R8 datasets. Bold means the best score.
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Dataset ‘ MR

Imbalance Factor ‘ 1

Method(]) / Noise(—) \ 20%S 40%S 20%A 40%A 20%I1 40%I1
BERT ‘78.72i1,35 64.74+1 58 79.13%1.092 63.97%201 83.41£914 76.73%0385
Co-Teaching \85.1110_24 81.95+0.86 85.17%¢52 81.59+0 44 85.931( 78 78.61%1 55
CL ‘84.9Oi0_59 78.25+0.94 85.64%048 77.2941 82 85.52+0.35 78.894.69
CR ‘84.6110,63 73.73+9.05 84.324+0.81 73.2041.78 84.12+1 62 79.154( 43
NPC ‘84.00i0,82 72.914£1.11 84.51%0.46 71.294¢.47 84.93+0.91 78.79%0.92
SelfMix ‘83.76i0,70 77.69%0.93 84.36+7 11 78.3641 44 83.54+451 76.05%1 78
DyGen ‘84.69i1_30 75.27+3.70 84.44%040 73.37%1.74 83.89+1 03 78.76%3.33
Supervised GT (0% Noise) ‘ 87.3340 45

ChatGPT (Zero-shot) | 78.69

ChatGPT (10-shot) | 80.25

Ours ‘86.54i0,20 82. 74+ 09 87.10+( 15 82.944( 22 91.35+03; 90.68+ 36

Table 19: The detailed results (accuracy with standard deviation %) on MR datasets. Bold means the best score.

Dataset ‘ MR

Imbalance Factor | 10

Method(]) / Noise(—) ‘ 20%S 40%S 20%A 40%A 20%I1 40%I
BERT ‘74.20j:2.45 61.50+585 77.00£2.77 59.48+437 82.09+0 54 69.011 57
Co-Teaching ‘76.21i1_73 64.00+361 78.38+17¢ 60.014709 73.23+9.19 67.18+2.31
CL \80.70i2,08 70.63+9.41 79.96+574 66.07+1 88 74.35+1 96 66.55+¢ .57
CR \79.2714,06 67.51+479 77.0543583 64.05+2.90 70.63%1 94 66.09+0.71
NPC ‘75.81i2,40 63.924399 75.53%71.86 62.191+971 71.40£9.14 65.844 40
SelfMix ‘76.68i1,30 72.3241 49 74.79%1.34 71.6911 98 75.77+0.81 69.1311 96
DyGen \77.42j:1_05 74.63+1.18 77.03+191 75.014103 76.57+1 75 70.634¢.51
Supervised GT (0% Noise) ‘ 85.8941 g9

ChatGPT (Zero-shot) ‘ 78.69

ChatGPT (10-shot) | 80.25

Ours ‘84.47:&0,35 81.89+( 56 84.57+036 82.87+(62 85.01+( 93 83.311 26

Table 20: The detailed results (accuracy with standard deviation %) on MR datasets. Bold means the best score.
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Dataset ‘ MR

Imbalance Factor ‘ 50

Method(]) / Noise(—) | 20%S  40%S  20%A  40%A  20%I 40%1
BERT 67.08+1.07 57.20+1.99 59.9141 88 55.7141.39 61.51%1 .92 60.07+1.07
Co-Teaching 65.45+5.79 60.73+1.06 60.9141 14 64.00+1 84 66.42+377 64.92+9 37
CL 66.01E5.01 57.98+1.43 54.55+178 59.144537 69.214501 62.510.72
CR |67.7042.04 59.0145.18 55354208 58.68=1.07 68.00+1 43 59.1640.03
NPC 61.34t1 61 57.361.04 5546019 57.24+1 35 68.93+086 60.07+1 06
SelfMix |72.97+1.28 67.5140.05 71.2140.29 68.88+159 70.04+1 55 58.73+0.48
DyGen |73.410.29 71.45+0.47 73.25+0.02 71.3240.28 72.53+116 70.59+0.26
Supervised GT (0% Noise) | 80.19+1 59

ChatGPT (Zero-shot) | 78.69

ChatGPT (10-shot) | 80.25

Ours 80.01-£( 25 78.95+(.19 80.08t) 05 78.62t(.67 79.98+1 50 77.610.39

Table 21: The detailed results (accuracy with standard deviation %) on MR datasets. Bold means the best score.

Dataset ‘ 20ng

Imbalance Factor ‘ 1

Method(|) / Noise(—) | 20%S 40%S 20%A 40%A 20%1 40%1
BERT |78.7942.51 66.55+5.02 75.28+2.10 60.15+351 76.0740.96 66.3241.24
Co-Teaching |76.7641.43 68.42+1 79 77.04%0,85 58.95+453 77.64%0.67 66.43£1 .67
CL |80.48+0.85 77.04=0.90 80.5040.75 66.98+3.93 79354081 72.41+1.44
CR 80.6040.42 70.61+0.23 81.0040.11 68.33+0.38 81.83%0.42 71.74=0.47
NPC |79.88+0.29 68.74+0.13 79.08-+0.46 66.80%0.24 80.8940.39 70.45+0.95
SelfMix 80.46+1 28 72.50+3.32 80.15+1.95 72.50+2.32 78.3640.41 74.40%1 24
DyGen' |83.8240.04 79.56+0.93 83.6340.23 81.98+0.50 84.0740.17 81.54=0.44
LAFT! 82.0440.11 76.93+063  83.70 81.97 83.61 80.49
ChatGPT (Zero-shot) | 69.33

ChatGPT (10-shot) | 70.03

Supervised GT (0% Noise) | 85.02+0.41

Ours |84.01+0,02 82.69+0.05 84.6940 .04 82.53+0.10 84.30+0,09 82.6740,05

Table 22: The detailed results (accuracy %) on 20ng datasets. DyGen and LAFT also perform experiments on
the 20ng dataset, so we directly report the results T of their versions. Since LAFT doesn’t public their codes and
report accuracy with standard deviation only under 20% Symmetric and 40% Symmetric, we can only report their
incomplete results in our paper. Bold means the best score.
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Dataset ‘ 20ng

Imbalance Factor | 10

Method(]) / Noise(—) ‘ 20%S 40%S 20%A 40%A 20%I1 40%I1
BERT ‘77.24j:0.49 71.87%0.67 71.43%118 58.37%1.73 74.961+0.30 67.50%(¢.94
Co-Teaching ‘77.17i0_57 72.86£1.01 70.621069 49.0641 84 72.34+087 61.4641 79
CL ‘72.57i1,08 66.80+1.98 72.16%1 03 57.574202 71.39+0.93 64.324( 38
CR ‘72.3210,72 69.8010.59 69.31£1.80 51.71%1.95 70.69£0 58 63.0710.43
NPC ‘75.98j:0.35 71.63£1.06 73.04%1.16 59.83%054 72.66E0.86 65.7440.60
SelfMix ‘71.74j:1.96 67.59£1 44 69.55%935 61.374590 64.45+1 98 57.3041 03
DyGen ‘77.51j:0_33 74.32+0.37 76.28%+046 71.5540.80 77.06+0 43 73.664( 52
Supervised GT (0% Noise) ‘ 80.17=+¢ 57

ChatGPT (Zero-shot) ‘ 69.33

ChatGPT (10-shot) | 70.03

Ours ‘78.67:&0.11 75.3340.95 79.37+0.14 75.50%¢. 10 78.27+0.06 74.5810.03

Table 23: The detailed results (accuracy with standard deviation %) on 20ng datasets with IF 10. Bold means the
best score.

Dataset ‘ 20ng

Imbalance Factor | 50

Method(]) / Noise(—) | 20%S  40%S  20%A  40%A  20%I 40%1
BERT |68.84£1 08 59.24+5 95 64.10+1 97 45.77+309 64.63+1.12 56.861.43
Co-Teaching |67.180.05 61.345.08 59.67+0.89 43.060.95 63.17+1.73 55.88%1.53
CL 61,901,035 57.441 .15 62.02+1 15 53.72+1 87 63.960.57 60.48+1.04
CR 62.98£0.70 57.22+1.95 59.5140.51 44.29+351 63.28+1.19 57.60£2.99
NPC |66.130.64 60.340.95 61.931.08 52.14%) 57 64.32+1 67 58.9440.67
SelfMix 50.96:£5.06 46.46E.34 53.19+3.46 45.80+383 53.16365 48.67+364
DyGen |63.82+£0.75 61.541 95 62.860.83 57.59+0.63 64.340.05 60.90%2.60
Supervised GT (0% Noise) | 68.07+0.61

ChatGPT (Zero-shot) | 69.33

ChatGPT (10-shot) | 70.03

Ours |72.01£0.15 70.650.15 73.040.44 71.50-0.30 72.88=0.92 70.2740.91

Table 24: The detailed results (accuracy with standard deviation %) on 20ng datasets with IF 50. Bold means the
best score.
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Figure 12: The loss distributions of SelfMix on R8 under 40% asymmetric label noise (a-d), 40% asymmetric
label noise on tail class (e-h), 40% asymmetric label noise on head class (i-1). The solid line represents the loss
distributions, and the dashed line points out the mean value of loss distributions. We observe that: (1) the loss
distribution of clean samples and noisy samples, whether in the head class or tail class, dynamically evolves during
the training process; (2) both tail class samples and noisy samples exhibit large losses; (3) the losses of some clean
samples belonging to the tail are even larger than the losses of some noisy ones from the head class; (4) For the
head class, the clean samples tend to have a smaller loss value and the noisy samples tend to have a bigger loss
value; (5) For the tail class, the noisy samples tend to have a smaller loss value and the clean samples tend to have a
bigger loss value. Since existing small-loss-based sample selection methods always set a global fixed loss value to
separate noisy data, they tend to fail when distinguishing clean and noisy samples on imbalanced datasets.
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Figure 13: The loss distributions of our methods on R8 under 40% asymmetric label noise (a-d), 40% asymmetric
label noise on tail class (e-h), 40% asymmetric label noise on head class (i-1). The solid line represents the loss
distributions, and the dashed line points out the mean value of loss distributions. For the tail class, the loss values
of the clean samples decrease from high to low during the training process. At the same time, the loss values of
the noisy samples increase from low to high during training. Ultimately, the loss distribution of the clean and
noisy samples becomes consistent across both head and tail classes. This phenomenon proves that our method can
effectively learn from the clean samples of the tail classes while avoiding overfitting noisy samples.
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Figure 14: The class distribution of clean samples selected by SelfMix on the imbalanced dataset R8 under 40%
asymmetric noise (a-d) in different training stages. The class distribution of clean samples selected by our method
on the imbalanced dataset R8 under 40% asymmetric noise (c-h) in different training stages. Due to self-training,
SelfMix gradually ignored the samples in Class 2 and consistently failed to select clean samples from Class 7
to learn, which maintains or exacerbates the imbalanced ratio of selected clean samples. However, our method
progressively selects clean samples from Class 7 without neglecting any class, resulting in an debiased sample
selection. This debiased sample selection prompts our method better learn from each class and obtain greater
performance in these categories (i-1).
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Datasets Label

Description

Part of

Regulator

Upregulator

Downregulator

Agonist

Chemprot

Antagonist

Modulator

Cofactor

CEM that are structurally related to a GPRO, e.g., specific amino acid
residues of a protein.

CEM that clearly regulates a GPRO, but for which there is no further
information on whether the regulation is direct or indirect.

CEM that increments a GPRO signal, without any insight on the mech-
anism. Despite this class is named “Upregulator”, it comprises positive
regulation (increments): direct protein activation by binding or indirect
up-regulation of GPRO expression/protein levels or post translational mod-
ification).

CEM that decreases a GPRO signal, without any insight on the mecha-
nism. Despite this class is named “Downregulator”, it comprises negative
regulation (decrements): direct protein inhibition by binding or indirect
downregulation of GPRO expression/protein levels or post translational
modification).

CEM that binds to a receptor and alters the receptor state resulting in
a biological response. Conventional agonists increase receptor activity,
whereas inverse agonists reduce it. If no information is provided on
whether the CEM activates or reduces GPRO activity, this general class
should be assigned.

CEM that reduces the action of another CEM, generally an agonist. Many
antagonists act at the same receptor macromolecule as the agonist.

CEM that acts as allosteric modulator, compound that increases or de-
creases the action of an (primary or orthosteric) agonist or antagonist by
combining with a distinct (allosteric or allotropic) site on the receptor
macromolecule. If no information is available on whether the CEM acti-
vates or reduces GPRO activity, this general subclass should be assigned.

CEM that is required for a protein’s biological activity to happen.

Substrate/Product CEM that is both, substrate and product of enzymatic reaction. Specifically,

Not

“Substrate” indicates the CEM upon which a GPRO (typically protein)
acts, and it should be understood as the substrate of a reaction carried out
by a protein (“reactant”) or as transporter substrate. “Product” indicates
that CEM is a product of enzymatic reaction or a transporter.

This class should be used to define the NEGATIVE occurrence of a
chemical-protein interaction, without providing any further information
on the specific negative CHEMPROT class or class.

Table 25: Label Descriptions used in main experiments, where “CEM” represents the Chemical Entities Mention,
and “GPRO” represents the Gene and Protein Related Object (Krallinger et al., 2017).
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Datasets Label Description
description any type of communication that aims to make vivid a place, object, person,
group, or other physical entity.
entity something that exists as itself. It does not need to be of material existence.

Trec human the most common and widespread species of primate, and the last surviving

species of the genus Homo.

numeric a mathematical object used to count, measure, and label.

location it is likely to have a well-defined name but a boundary that is not well
defined varies by context

abbreviation a shortened form of a word or phrase, by any method.

negative is a personality variable that involves the experience of negative emotions
and poor self-concept.

MR positive is a human characteristic that describes how much people experience
positive affects (sensations, emotions, sentiments); and as a consequence
how they interact with others and with their surroundings.

Table 26: Label Descriptions used in main experiments, which are drawn from Wikipedia.
Datasets Label Description
Cause-Effect An event or object yields an effect. Example: those cancers were caused
by radiation exposures.
Component- An object is a component of a larger whole. Example: my apartment has
Whole a large kitchen.
Content- An object is physically stored in a delineated area of space. Example: a
Container bottle full of honey was weighed.
Entity- An entity is moving towards a destination. Eg. the boy went to bed.
Destination
SEMEVAL

Entity-Origin

Instrument-
Agency

Member-
Collection

Message-Topic

Product-
Producer

An entity is coming or is derived from an origin (e.g., position or material).
Example: letters from foreign countries.

An agent uses an instrument. Example: phone operator.

A member forms a nonfunctional part of a collection. Example: there are
many trees in the forest.

An act of communication, written or spoken, is about a topic. Example:
the lecture was about semantics

A producer causes a product to exist. Example: a factory manufactures
suits.

Table 27: Label Descriptions used in main experiments, which are drawn from the Semeval dataset (Hendrickx

et al., 2010)
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Datasets Label

Description

alt.atheism

comp.graphics

comp.sys.ibm.pc.hardware

20ng

comp.sys.mac.hardware

comp.windows.x

misc.forsale

rec.autos

A theism is, in the broadest sense, an absence of belief in the
existence of deities. Less broadly, atheism is a rejection of the
belief that any deities exist.

Computer graphics is the discipline of generating images with
the aid of computers. Today, computer graphics is a core tech-
nology in digital photography, film, video games, cell phone and
computer displays, and many specialized applications. A great
deal of specialized hardware and software has been developed,
with the displays of most devices being driven by computer
graphics hardware. It is a vast and recently developed area of
computer science. The phrase was coined in 1960 by computer
graphics researchers Verne Hudson and William Fetter of Boe-
ing. It is often abbreviated as CG, or typically in the context of
film as CGI.

A personal computer (PC) is a multi-purpose computer whose
size, capabilities, and price make it feasible for individual use.
Personal computers are intended to be operated directly by
an end user, rather than by a computer expert or technician.
Unlike large costly minicomputer and mainframes, time-sharing
by many people at the same time is not used with personal
computers.

The Macintosh (branded simply as Mac since 1998) is a family
of personal computers designed, manufactured and sold by
Apple Inc. since January 1984.

Windows XP is a personal computer operating system produced
by Microsoft as part of the Windows NT family of operating
systems. It was released to manufacturing on August 24, 2001,
and broadly released for retail sale on October 25, 2001.

Online shopping is a form of electronic commerce which al-
lows consumers to directly buy goods or services from a seller
over the Internet using a web browser. Consumers find a prod-
uct of interest by visiting the website of the retailer directly
or by searching among alternative vendors using a shopping
search engine, which displays the same products availability
and pricing at different eretailers. As of 2016, customers can
shop online using a range of different computers and devices,
including desktop computers, laptops, tablet computers and
smartphones.

A car (or automobile) is a wheeled motor vehicle used for trans-
portation. Most definitions of cars say that they run primarily
on roads, seat one to eight people, have four tires, and mainly
transport people rather than goods.

Table 28: Label Descriptions used in main experiments, which are drawn from Wikipedia for the 20ng dataset (Chai

et al., 2020).
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Datasets Label

Description

rec.motorcycles

rec.sport.baseball

20ng

rec.sport.hockey

sci.crypt

sci.electronics

A motorcycle, often called a bike, motorbike, or cycle, is a
two- or three-wheeled motor vehicle. Motorcycle design varies
greatly to suit a range of different purposes: long distance travel,
commuting, cruising, sport including racing, and off-road riding.
Motorcycling is riding a motorcycle and related social activity
such as joining a motorcycle club and attending motorcycle
rallies.

Baseball is a bat-and-ball game played between two opposing
teams who take turns batting and fielding. The game proceeds
when a player on the fielding team, called the pitcher, throws
a ball which a player on the batting team tries to hit with a bat.
The objective of the offensive team (batting team) is to hit the
ball into the field of play, allowing its players to run the bases,
having them advance counter-clockwise around four bases to
score what are called “runs”. The objective of the defensive
team (fielding team) is to prevent batters from becoming runners,
and to prevent runners advance around the bases. A run is scored
when a runner legally advances around the bases in order and
touches home plate (the place where the player started as a
batter). The team that scores the most runs by the end of the
game is the winner.

Hockey is a sport in which two teams play against each other
by trying to manoeuvre a ball or a puck into the opponents goal
using a hockey stick. There are many types of hockey such as
bandy, field hockey, ice hockey and rink hockey.

In cryptography, encryption is the process of encoding a mes-
sage or information in such a way that only authorized parties
can access it and those who are not authorized cannot. Encryp-
tion does not itself prevent interference, but denies the intelligi-
ble content to a would-be interceptor. In an encryption scheme,
the intended information or message, referred to as plaintext,
is encrypted using an encryption algorithm cipher generating
ciphertext that can be read only if decrypted. For technical
reasons, an encryption scheme usually uses a pseudo-random
encryption key generated by an algorithm. It is in principle
possible to decrypt the message without possessing the key, but,
for a welldesigned encryption scheme, considerable computa-
tional resources and skills are required. An authorized recipient
can easily decrypt the message with the key provided by the
originator to recipients but not to unauthorized users.

Electronics comprises the physics, engineering, technology and
applications that deal with the emission, flow and control of
electrons in vacuum and matter.

Table 29: Label Descriptions used in main experiments, which are drawn from Wikipedia for the 20ng dataset (Chai

et al., 2020).
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Datasets Label

Description

sci.med

sci.space

soc.religion.christian

20ng

talk.politics.guns

talk.politics.mideast

talk.politics.misc

talk.religion.misc

Medicine is the science and practice of establishing the diagno-
sis, prognosis, treatment, and prevention of disease. Medicine
encompasses a variety of health care practices evolved to main-
tain and restore health by the prevention and treatment of illness.
Contemporary medicine applies biomedical sciences, biomed-
ical research, genetics, and medical technology to diagnose,
treat, and prevent injury and disease, typically through phar-
maceuticals or surgery, but also through therapies as diverse as
psychotherapy, external splints and traction, medical devices,
biologics, and ionizing radiation, amongst others.

Outer space, or simply space, is the expanse that exists beyond
the Earth and between celestial bodies. Outer space is not
completely empty it is a hard vacuum containing a low density
of particles, predominantly a plasma of hydrogen and helium,
as well as electromagnetic radiation, magnetic fields, neutrinos,
dust, and cosmic rays.

Christians are people who follow or adhere to Christianity, a
monotheistic Abrahamic religion based on the life and teachings
of Jesus Christ. The words Christ and Christian derive from the
Koine Greek title Christ, a translation of the Biblical Hebrew
term mashiach.

A gun is a ranged weapon typically designed to pneumatically
discharge solid projectiles but can also be liquid (as in water
guns/cannons and projected water disruptors) or even charged
particles (as in a plasma gun) and may be free-flying (as with
bullets and artillery shells) or tethered (as with Taser guns,
spearguns and harpoon guns).

The Middle East is a transcontinental region which includes
Western Asia (although generally excluding the Caucasus), and
all of Turkey (including its European part) and Egypt (which is
mostly in North Africa). The term has come into wider usage
as a replacement of the term Near East (as opposed to the Far
East) beginning in the early 20th century. The broader concept
of the Greater Middle East (orMiddle East and North Africa)
also adds the Maghreb, Sudan, Djibouti, Somalia, Afghanistan,
Pakistan, and sometimes even Central Asia and Transcaucasia
into the region. The term Middle East has led to some confusion
over its changing definitions.

Politics is a set of activities associated with the governance of
a country, state or an area. It involves making decisions that
apply to groups of members.

Religion is a social-cultural system of designated behaviors and
practices, morals, worldviews, texts, sanctified places, prophe-
cies, ethics, or organizations, that relates humanity to supernat-
ural, transcendental, or spiritual elements. However, there is no
scholarly consensus over what precisely constitutes a religion.

Table 30: Label Descriptions used in main experiments, which are drawn from Wikipedia for the 20ng dataset (Chai

et al., 2020).
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Datasets Label

Description

comp.os.ms-
windows.misc

20ng

Microsoft Windows is a product line of proprietary graphical
operating systems developed and marketed by Microsoft. It is
grouped into families and sub-families that cater to particular
sectors of the computing industry — Windows (unqualified) for a
consumer or corporate workstation, Windows Server for a server
and Windows IoT for an embedded system. Defunct families
include Windows 9x, Windows Mobile, Windows Phone, and
Windows Embedded Compact.

Table 31: Label Descriptions used in main experiments, which are drawn from Wikipedia for the 20news dataset

(Chai et al., 2020).

Description

Datasets Label
World
Sports
AGNews
Business
Sci/Tech

It’s a news article about international affairs, geopolitics, global events, or
any topic that has a worldwide or international scope. Examples may in-
clude news on international diplomacy, major global events like the United
Nations General Assembly, international conflicts or wars, significant
elections or political events in different countries, global environmental
issues, and more.

Articles related to various sporting events, news, and updates. the Sports
category could encompass a wide range of topics such as game results,
player transfers, injuries, interviews with athletes, coverage of interna-
tional sporting events like the Olympics, football (soccer) world cup,
tennis grand slams, and more.

The Business category typically cover topics related to commerce, eco-
nomics, and finance on a local, national, or international scale. It may
include news about company mergers, financial reports, stock market
updates, changes in economic policies, interviews with business leaders,
innovation in business models, trends in various industry sectors, and so
on.

The Science/Technology category is designed to encompass articles related
to science and technology. It might include news about scientific discover-
ies or research breakthroughs, technology product launches, technology
company updates, coverage of scientific and technology conferences, in-
terviews with scientists or tech leaders, articles on new theories or models
in various scientific disciplines, advancements in medical technology, and
many more.

Table 32: Label Descriptions used in main experiments, which are drawn from Wikipedia for the AGNews dataset

(Luo et al., 2024).
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Datasets Label Description

RS

earn Income and money related topics

acq Corporate acquisitions related topics

crude Crude oil related topics

trade Domestic and foreign trade related topics

money-fx Money foreign exchange related topics

interest Interest rate related topics

ship Global shipping and transport commerce related topics
grain The grain’s trade, price, security and related topics

Table 33: Label Descriptions used in main experiments, which are obtained from (Cai et al., 2014).

Trec

Task description:

You are a text classifier and your task is to classifiy a given sentence with the following
classes (along with some examples):

Demonstration:

Class descriptions:
1.description, which is any type of communication that aims to make vivid a place,
object, person, group, or other physical entity.
-what does the name shawn mean

2.entity, which is something that exists as itself. It does not need to be of material
existence.

-what s the common name for acetylsalicylic acid

3.human, which are the most common and widespread species of primate, and the last
surviving species of the genus Homo.

-what is the viking prince s first name
4. .numeric, which is a mathematical object used to count, measure, and label.
-what is columbia tristar s phone number

5.location, which is likely to have a well-defined name but a boundary that is not well
defined varies by context.

-what s the most common street name in America
6.abbreviation, which is a shortened form of a word or phrase, by any method.
-what does bud stand for

Based on the descriptions of the categories provided, along with the respective ex-
amples under each category, please classify the test sentence into one of the
previously described classes. Don’t explain other things. Your answer must be one
of description, entity, human, numeric, location, abbreviation.

Inputs:

: Consider the following test sentence:
Query Text: what is smokey the bear s middle name

Table 34: The prompt instruction (1-shot) for ChatGPT on Trec.
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