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Abstract

There is a rising interest in further exploring
learning with noisy labels on textual data. Ex-
isting solutions often assume the ground truth
classes of the training data are balanced, over-
looking the long-tailed distribution prevalently
encountered in real-world data, which can sig-
nificantly harm the effect of denoising strate-
gies. Meanwhile, misidentifying clean samples
further compromises the model’s learning of
long-tailed data. To tackle this issue, we pro-
pose a novel knowledge distillation framework
for learning with noisy labels under long-tailed
distribution (LNL-LT). Specifically, we first in-
troduce a divide-and-conquer sample selection
strategy to perform head-tail class division and
better separate clean samples from noisy sam-
ples within these classes, especially for the tail
classes. Then, we employ LLM knowledge dis-
tillation to generate pseudo-labels and new sam-
ples for tail classes, enhancing pseudo-label
quality while mitigating the effects of sample
scarcity caused by the long-tailed distribution.
Experimental results on both synthetic and real-
world datasets demonstrate that our method
surpasses current state-of-the-art methods.

1 Introduction

The core of deep learning success lies in high-
quality annotated datasets. However, datasets in
real-world applications often exhibit two issues: (1)
class-imbalanced, where a long-tailed class distri-
bution exhibits. In this case, the model tends to
learn head classes and ignore tail classes (Wang
et al., 2024c¢). (2) noisy labels, where a part of sam-
ples is wrongly labeled due to mistakes of annota-
tors, which impair the generalization performance
of models (Qiao et al., 2022).

While many prior studies have tackled issues of
long-tailed data and noisy labels individually, they
struggle to achieve strong performance when both
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Figure 1: R8 dataset with 40%A: (a) The observed class
distribution reflects distribution imbalance and label
noise. Black boxes represent clean samples under this
class, while no boxes represent noisy samples. (b) Loss
distributions of clean and noisy samples in the tail class.

challenges coexist. Concretely, the methods for
learning with noisy labels (Wang et al., 2023; Kim
et al., 2024) always distinguish clean samples from
noisy ones under the assumption that distributions
are balanced and may fail when applied to long-
tailed data. Moreover, the methods for learning
with long-tailed data (Huang et al., 2022; Zhang
et al., 2023) often assume that labels in a dataset are
clean, whereas applying these methods directly to
a long-tailed data with noisy labels will adversely
affect model training by accumulating label error.

To this end, several works have explored Learn-
ing with Noisy Labels on Long-Tailed data (LNL-
LT). Among them, the most popular methods (Wei
et al., 2022; Zhang et al., 2023; Li et al., 2024b)
have considered the distance between input fea-
tures and class centroids to select clean samples.
However, a recent study (Baik et al., 2024) pro-
poses that these methods do not actively seek to
enhance class feature representation quality, which
limits their effectiveness for tail classes, where ob-
taining high-quality feature representations is more
critical than for head classes.

Recently, LLMs have exhibited strong advance-
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ments in generating synthetic data or pseudo labels
tailored to specific tasks (Li et al., 2023; Wang
et al., 2024b). Inspired by this, we aim to leverage
LLMs to generate extended data for tail classes,
helping the model learn richer feature representa-
tions of tail classes. Additionally, we also intend to
leverage LLMs to generate pseudo-labels for noisy
samples in the tail classes to ensure that valuable
feature information in the original non-synthetic
training data is not wasted. Nevertheless, effec-
tively leveraging LLMs for enhancing feature rep-
resentations of tail classes is not trivial: (1) Tail
invisibility. It is more difficult to directly recognize
tail classes because the observed and true distribu-
tions are likely inconsistent due to noisy labels. As
shown in Fig.1(a), class 2 is essentially a tail class
but is occupied by noisy data, making it no longer
a tail class by observation. (2) Tail indivisibility.
Even if the tail class is identified, it is more difficult
to distinguish between clean and noisy samples in
the tail class because the samples in the tail class
tend to be ignored during model training, which
makes their values of the separation metric highly
similar (e.g., training losses, see Fig.1(b)). So, our
solution comes from thinking: To leverage LLMs
effectively, how can we distinguish between head
and tail classes and further accurately select clean
samples and noisy samples from tail classes?
Unfortunately, previous selection methods (Shu
et al., 2019; Qiao et al., 2022; Wei et al., 2022)
before the era of LLMs focused solely on selecting
clean and noisy samples in a unified way, neglect-
ing the recognition and refined utilization of long-
tail classes. In this paper, we revamp the selection
process from a more fundamental perspective and
propose a Divide-and-Conquer sample Selection
strategy (DCS) to revolutionize the previous meth-
ods. Specifically, we first use unsupervised con-
trastive learning to generate robust representations
for all training samples. Since this process is unaf-
fected by corrupted labels, the resulting represen-
tations naturally maintain high robustness. Based
on these representations, we apply a clustering al-
gorithm to categorize the dataset into head and tail
classes. Subsequently, distinct separation metrics
are applied separately to head and tail classes to se-
lect clean and noisy samples. Moreover, DCS can
also provide tail class information for LLMs to en-
hance feature representation of tail classes. To in-
tegrate DCS and LLMs as a whole for LNL-LT, we
propose a novel knowledge distillation framework
where the small language model (SLM) operates as

the student model performing DCS during training
to obtain the information on tail classes for actively
querying LLMs, and the LLM acts as the teacher
model generating synthetic data and pseudo-labels
to expand tail classes and correct their noisy sam-
ples. Benefiting from LLMs, the SLM can perform
robust training on the more balanced and less noisy
subset. We call this framework Loki (Learning
with noisy labels on long-tailed data via DCS and
LLM Knowledge distillation based on tail data),
which effectively solves the LNL-LT problem on
textual data. Overall, our main contributions are:

* We propose an innovative divide-and-conquer
sample selection strategy, which can distin-
guish between long and tail classes and select
clean and noisy samples within them.

* To the best of our knowledge, we are pioneers
in leveraging LLM knowledge distillation to
address the LNL-LT problem by enhancing
class feature representations of tail data.

* We conduct extensive experiments on both
simulated and real-world datasets. The re-
sults demonstrate our method Loki’s superior-
ity over existing state-of-the-art methods.

2 Related Work

Learning with Noisy Labels (LNL). Real-
world datasets inevitably contain noisy labels. To
mitigate the influence of noisy labels in text classifi-
cation, Qiao et al. (2022) uses the Gaussian Mixture
Model to separate samples and leverages semisu-
pervised learning, Zhuang et al. (2023) utilizes the
dynamics of features with generative models to
learn the transition matrix for noisy labels, and
Wang et al. (2023) tackles noisy labels in classi-
fication tasks with supplemental guidance from
LLMs (e.g., ChatGPT). Recently, Kim et al. (2024)
proposes a routing-based parameter-efficient fine-
tuning method for LNL, and Yuan et al. (2024)
introduces a co-prediction network consisting of
BERT and BiLSTM to split the noisy dataset.
These existing LNL methods all assume the classes
of the training data are balanced. However, many
text datasets are imbalanced (Li et al., 2024a), and
the mechanism of sample selection is sensitive to
data imbalance, which may harm the model perfor-
mance. To bridge this gap, we explore the LNL-LT
problem in classification tasks.

Learning with Long-Tailed data. Previous
methods specific to the long-tailed distribution
problem are mainly divided into two categories:
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re-sampling (Song et al., 2022) and re-weighting
(Menon et al., 2021). Recently, Li et al. (2024a)
leverages the supervised contrastive learning and
prototypes of each class to solve imbalanced text
classification tasks, Wang et al. (2024a) transfers
the statistics from relevant head classes to infer the
distribution of tail classes. However, these meth-
ods mentioned above rely on real class sample sizes
to recognize head class and tail class, which are
unavailable when label noise exists.

3 Methodology

3.1 Preliminaries

Problem Setup. Given a training dataset
D={(z4,y;)};—, with n samples and K classes,
where g € [1, K] is the observed label of the sam-
ple x, and g is possibly an incorrect label. The
predictions obtained from the model f are denoted
as pi = fo(z:) = [p},...,pK], where ¢ is the
model’s parameters and p? is the d-th dimension
of vector p;. Meanwhile, the training data D also
follows a long-tailed distribution with an imbalance
ratio of p, where p = maxy(ng)/ming(ng), ng is
the number of training data belonging to k-th class.
This paper aims to robustly train a model by using
this imbalanced and noisily labeled training dataset
(LNL-LT). To solve this task, we introduce a novel
framework Loki, which explores the opportunity to
enhance tail class feature representation via LLM
knowledge distillation in the LLM era.

Observation. In the task of LNL-LT, the train-
ing data is predominantly composed of head class
samples. During the early training stages, the
model primarily learns patterns associated with
these head classes. As shown in Fig.2 (a), relying
solely on cross-entropy loss—a common approach
in previous sample selection methods—to identify
noisy samples struggles to effectively differentiate
between mislabeled samples and those from tail
classes. This difficulty arises due to the significant
overlap in loss values for these two types of sam-
ples. In contrast, for samples with noisy labels and
those belonging to head classes, the cross-entropy
loss still seems to have the potential to distinguish
them (refer to Fig.2 (b)).

Algorithm Overview. In the following, we dis-
cuss the proposed framework Loki step by step.
Generally, Loki consists of three stages: (1) Di-
viding the training dataset into different subsets
by a divide-and-conquer sample selection strategy,
which can obtain clean samples and noisy samples

7 noisy samples 8 noisy samples
6 clean samples of tail class 7 clean samples of head class
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Figure 2: The loss values are calculated on the imbal-
anced dataset R8 under 40% asymmetric noise.

in tail classes. (2) Improving the quality of tail data
by leveraging LLMs to generate new samples and
pseudo-labels, which can be performed using clean
samples of tail classes to construct proper LLM
prompts. (3) Training a robust model by learning
from different subsets. The procedure of Loki is
illustrated in Fig.3. We provide more technical
details as follows. The algorithm flow of Loki is
provided in Algorithm 1.

3.2 Divide-and-Conquer Sample Selection

In the complex situation of noisy labels with
long-tail distribution, previous sample selection
methods focused only on separating clean samples
from noisy ones. They mainly do not focus on
tail class information. On the other hand, in our
preliminary observation (see Fig.2), we found that
the cross-entropy loss, commonly used in previous
sample selection methods, fails to simultaneously
distinguish clean samples from noisy samples in
both head and tail classes. The above two aspects
motivate us to propose a Divide-and-Conquer sam-
ple Selection strategy (DCS) to partition the dataset
through two steps: (1) head-tail class division, then
separately (2) selection of clean and noisy samples.

3.2.1 Dividing: Head-tail Class Division

Since the observed class distribution may be
inconsistent with the true class distribution (see
Fig.1(a)), it is infeasible to directly recognize head
classes and tail classes based on the class number
size when label noise exists. Given this, let us re-
visit the core issue in this step: Can we use the text
information to divide head and tail classes with-
out considering observed labels? This inspires us
to resort to text clustering, which can divide head
classes and tail classes based on the number of
samples in each cluster. A typical method for text
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Figure 3: The overview of the Loki framework.

clustering is to apply clustering algorithms based
on pre-trained embeddings. However, the quality
of these embeddings directly impacts the final clus-
tering results, potentially affecting their accuracy
and robustness. To improve the robustness of text
embeddings, we exploit unsupervised contrastive
learning. Intuitively, as the text embeddings in un-
supervised contrastive learning do not access the
labels of training data, the achieved embeddings
will not be influenced by incorrect labels. Besides,
prior work (Liu et al., 2022) shows that contrastive
learning can improve the network’s tolerance to
long-tailed data. Thus, text embeddings achieved
with contrastive learning help text clustering to bet-
ter tackle noisy labels in long-tailed cases.
Specifically, we apply unsupervised contrastive
learning via SimCSE (Gao et al., 2021) to get
the text embeddings of samples, and then apply
standard clustering algorithms, such as K-means
(Huang and He, 2024), to obtain the final cluster
results. Note that the number of clusters is equal to
the number of classes, which eliminates the need
to select clustering hyperparameters. Clusters with
a larger number of samples are more likely to be
head classes. This enables the partitioning of head
and tail classes based on the number of samples
(|Dciuster; |) within each cluster (Dgjyseer;). That
is, we rank the sample number of all clusters and
select clusters with top-S smallest values as tail
classes, while the rest are considered head classes:

’Ctail = argTOpSHDclusterl |7 sy |DclusteTK Ha

(D
,Chead:{17"‘7K}_lCt(lil7 (2)

where Cj,eqq and Ky are the cluster indices cor-
responding to head classes and tail classes, respec-
tively. Thus, we can obtain samples of the head

class Dhead = {xilzi € U Depuster,, ; and tail
head

c kEU Dclusterk}

ta,zl

class Dygi = {xi|zi

3.2.2 Conquering: Selection of Clean and
Noisy Samples

In the previous step, we reduce the separation
granularity to alleviate the interference from the
head class to the tail class. Next, we adopt different
separation metrics to separately select clean and
noisy samples from head and tail classes.

Estimating clean probability for samples in
head classes. To derive the clean probability for
each sample, existing methods (Qiao et al., 2022;
Kim et al., 2024) for learning with noisy labels
always leverage the small-loss phenomena: clean
samples tend to have a smaller cross-entropy loss
than noisy samples in the early training stage.
These methods generally assume that the class dis-
tribution of the training data is balanced and may
not be directly applicable to LNL-LT. However,
we have preliminarily divided the long-tailed noisy
data into head and tail classes in the previous step,
the sample sizes of all categories in the head class
group are relatively balanced. This enables the se-
lection of clean samples in the head classes based
on loss deviation. Moreover, our preliminary obser-
vations (see Fig.2 (b)) also confirm that small-loss
phenomena are still helpful in selection. Taking ad-
vantage of such phenomena, we adopt the Gaussian
Mixture Model (GMM) (Li et al., 2020) to estimate
the probability of samples in head classes being
clean by the per-sample cross-entropy loss.

Specifically, for a sample x in head classes, we
compute the clean probability ((z) using the pos-
terior probability p(g|lce(x)), where l..(x) is the
cross-entropy (CE) loss, and g is the Gaussian com-
ponent with a smaller mean value (smaller loss).
Then, we set a threshold & for ((x) to distinguish
whether x belongs to clean or noisy.

Estimating clean probability for samples in
tail classes. Different from head classes, the noisy
and clean samples in a tail class & tend to obtain
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similar prediction confidence in the observed class
k, because their predictions are both towards head
classes. In this scenario, using CE as a separation
metric fails to distinguish them effectively. This
limitation is explained by Theorem 1, which pro-
vides the upper limit for the absolute difference in
CE values between two samples.

Theorem 1 (Upper limit of CE difference). Let
x; and xj be two samples from a tail class k, with
pf and pg’? representing the k-th dimension of their
prediction confidences P; and Pj, respectively.
The upper limit of the absolute difference between
their CE values is given by:

|CE(x;) — CE(z;)| < [pF — p¥|/pF. (3

Theorem 1 demonstrates that the difference in
CE values is solely determined by the prediction
confidence of the observed class, denoted as pf and
p?. The proof of Theorem 1 is given in Appendix
A.1. Furthermore, as |p¥ — pﬂ decreases for a fixed
value p¥, the difference |CE(x;) — CE(x;)| also
diminishes. This implies that when two samples be-
long to the same class k with close values p’f, their
CE values are also close (see Fig.1(b)), making it
challenging to distinguish between them.

To overcome the dilemmas of overly concen-
trated loss distribution in tail-class samples, we
propose a new separation metric, weighted cross-
entropy (WCE), to distinguish two samples even
if their values pf are close. WCE incorporates
an additional weighting factor into the CE to bet-
ter distinguish samples by analyzing their predic-
tion confidence across classes other than the ob-
served class (i.e., pi", m # k). Specifically, we
first consider the maximum prediction confidence
max(p;), as it may indicate the ground-truth class
for a noisy sample y;. Next, we compute the ratio
of the maximum prediction confidence to the con-
fidence of the observed class max(p;)/pF. This
weighting factor W (x) = maz(p;)/py exceeds
one only when the class with the maximum pre-
diction confidence differs from the observed class.
The larger gap between maz(p;) and pf results in
a higher weight. Finally, WCE can be calculated
by: WCE(x;) = W(x;) x CE(x;).

Remark. In contrast to CE, which relies solely
on the prediction confidence of the observed class,
incorporating the maximum prediction confidence
in WCE provides a more effective means for tail
classes to separate clean samples from noisy ones.

After setting the new separation metric WCE
for tail classes, we also use GMM to estimate the

probability of clean samples in tail classes. For a
sample x in tail classes, lyce(z) is its WCE loss
and v(x) = p(g|lywee(x)) represents its clean prob-
ability. Then, we define a threshold ¢ for v(z) to
determine whether x belongs to clean or noisy.
Selection. Once the clean probability is esti-
mated, we combine £ and ¢ to perform selection.
For head class Dp,eqq, We apply £ to distinguish the
clean samples from noisy samples. Specifically,
for a sample in Djqq, if its clean probability is
higher than £, we put it into the head clean set
HC: HC = {(l‘l,ﬂl)K(mZ) > f} N Dpeqd. Simi-
larly, for a sample in Dy, if its clean probability
exceeds ¢, it is placed in the tail clean set T'C"
TC = {(zi,9i)|v(zi) > ¢} N Dygqi. To capture
more features of tail classes, we also select noisy
samples from tail classes to form the tail noisy set
TN : TN = {(xi,9i)|v(x;) < ¢} N Dygir, Which
can be used for LLM correction and later learning.

3.3 Knowledge Distillation Based on Tail Data

In this part, given the strong performance of
LLMs in handling NLP tasks, our proposed Loki
uses LLMs as the teacher model to perform knowl-
edge distillation on the filtered tail data to generate
new samples and pseudo-labels, which can enhance
the feature representation of tail classes to facilitate
student model (i.e., SLMs) learning better. Specif-
ically, we subdivided the generation process into
two sub-steps: (1) New Samples Generation. To
obtain more features of tail classes, we select a
few examples from the 7°C' to construct the prompt
(see Appendix F.1), and query LLM to create new
training samples for tail classes. For these gener-
ated new samples, we put them in the extended set
E. (2) Pseudo-labels Generation. To ensure that
the original non-synthetic textual features of the
tail classes are not wasted, LLM is also prompted
to regenerate pseudo-labels yjl-LLM for noisy sam-
ples in tail classes (see Appendix F.1). Then, we
place these corrected samples in the corrected set
O:0= {(xz,gfLM)](mz,gl) S TN}.

In this knowledge distillation (KD) process, Loki
allows the student model to directly communicate
its needs to the teacher model, helping the teacher
model identify targeted optimization directions.
For instance, the query on the tail class will signal
the teacher model to generate more relevant data
samples for that class; this makes the KD process
tail data aware and allows the teacher model to
directly optimize the performance of the student
model on the tail class.
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Dataset | RS | AGNews (p:10) | AGNews (p:50)

Noise ‘ 20%S 40%S 20%A 40%A 20%I 40%I1 ‘ 20%S 40%S 20%A 40%A 20%1 40%I1 ‘ 20%S 40%S 20%A 40%A 20%1 40%I1
GT 98.39 91.87 88.96

LLM-base 85.66 82.92 82.92

BERT-base 91.19 81.59 94.39 80.16 88.77 71.65|85.97 69.81 83.79 65.08 88.78 73.37|78.51 69.11 77.15 61.11 86.25 65.15
SelfMix 97.57 94.62 9640 92.17 82.07 77.32|87.56 86.83 87.55 86.56 86.09 77.78 | 80.80 78.87 80.07 78.18 85.43 69.41
DyGen 9293 91.02 94.77 88.52 92.69 87.89|87.26 86.19 87.07 85.26 87.64 77.42|84.20 79.71 8395 78.53 86.31 69.58
LAFT 92.34 8522 96.18 8194 91.26 77.73 | 88.18 87.27 88.45 87.39 87.95 80.77 | 84.65 80.18 80.99 77.54 87.75 75.44
NoiseAL 97.16 95.01 96.51 94.29 93.08 90.12 {90.10 88.06 90.52 88.18 89.15 85.71|85.39 81.35 86.66 80.03 87.95 80.06
LADC 92.75 83.24 96.34 81.47 89.44 73.56|86.64 7142 84.59 67.01 89.45 74.16|80.12 69.79 78.44 62.45 87.58 66.05
LWS 92.05 82.28 95.60 81.81 89.65 73.48 |87.46 71.09 8542 66.62 90.33 75.32|79.71 69.88 79.12 62.96 87.57 65.76
BSCE 9291 82.68 9491 8135 90.72 7241|8770 71.52 85.17 6598 90.49 74.32|79.47 70.53 78.08 62.05 87.20 65.83
SharpReCL | 92.63 83.15 95.73 82.00 89.39 73.36|86.93 70.39 85.08 6626 89.88 74.81|79.46 69.85 78.83 62.23 87.49 65.80
Ours ‘ 98.31 97.26 98.27 97.58 97.18 95.02 ‘ 91.76 91.12 91.71 90.99 91.60 90.42 ‘ 87.55 87.10 88.14 87.47 88.83 87.85

Table 1: Performance (average accuracy %) of Loki and other baselines on synthetic datasets with varying label
noise and imbalance ratios. All experiments are repeated 5 times. The best and second results are highlighted
in Bold and underlined, respectively. GT refers to the base model trained on ground truth data (0% noise), and

LLM-base refers to directly using LLMs (ChatGPT).

3.4 Robustly Training

Learning from head clean set HC. For the
HC, we utilize the cross-entropy loss Log to
learn from it: Lo = Z‘Hq Lop(f(xi), 0i),
where |HC|| denotes the size of HC'.

Learning from tail clean set T'C'. For the T'C,
we also utilize Log to learn from T'C: Ly
—1 ‘ifl Loe(f(x;),7;), where |T'C| denotes
the size of T'C, n is the size of the entire dataset.

Learning from corrected set O. After gener-
ating the pseudo-labels by LLMs for samples in
TN to construct the corrected set O, the number
of noise samples in O is significantly less than that
in T'N. However, even the powerful LLM, cannot
assure that all samples in O have the correct labels.
To this end, we introduce symmetric cross entropy
(SCE) (Wang et al., 2019), which can simultane-
ously address both the under learning and overfit-
ting problems of CE in the presence of noisy labels.
This robust property lets us optimize the model
given a dataset with a lower noise ratio. Specifi-

cally, we utlhze SCE loss for sample (z;, y; LLMY i
O: ﬁo = Z L‘SCE( ( ) yZLLM) where

|O| denotes the size of 0.

Learning from extended set £. With gen-
erated tailed samples, the final problem is how
to learn these generated samples in E efficiently.
Due to the distribution gap between the gener-
ated data and the original tail data (Chen et al.,
2024), we propose a BlendMix method to handle
this challenge. To be specific, BlendMix first con-
catenates HC and T'C' to obtain the clean data
C containing original samples. Then it balance-
samples (Buda et al., 2018) a sample z. from C'

and chooses a sample x, from E. Meanwhile, it
mixes the sample z. and z. and their correspond-
ing labels, denoted as @’ = A\pxe + (1 — A\ e,
Ui = Am¥Ye + (1 — A)Yes A = maz(X, 1 — A),
where A in Beta (0,1) distribution. Next, we com-
pute the loss: Lp = —1 3" Lop(f(z}), ),
where n, = min(|C|,|E|),|C| = |HC| + |TC|,
|E| and |C| is the size of E and C, respectively.
Finally, our overall training objective £ can be
calculated by: £ = Lyc + Lrc + Lo + LE.

4 Experiments

4.1 Baselines and Dataset Configurations

Baselines. For comprehensive evaluations, we
employ comparison methods as follows: (1) Meth-
ods designed for LNL include SelfMix (Qiao et al.,
2022), LAFT (Wang et al., 2023), DyGen (Zhuang
etal., 2023), NoiseAL (Yuan et al., 2024); (2) Meth-
ods designed for learning long-tail data include
SharpReCL (Yi et al., 2022), LADC (Wang et al.,
2024a), LWS (Kang et al., 2020), BSCE (Ren et al.,
2020). See Appendix B for details.

Real-world datasets. we conduct experiments
on imbalanced datasets with real-world noise:
ChemProt (Krallinger et al., 2017), SemEval
(Zhou et al., 2020), TREC (Awasthi et al., 2020).

Synthetic datasets. To construct the class-
imbalanced versions of AGNews (Gulli, 2005), and
20ng (Lang, 1995), we take an exponential func-
tion nj, = nou” to reduce the number of samples
per class, where ny is the sample number of class
k(ng > --+ > ng) and p € (0, 1]. Generally, the
imbalance ratio p is defined as ZO to measure the
imbalance degree, which is chosen from {10,50}
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Method ChemProt TREC SEMEVAL
Noise Ratio 22.88% 38.56% 16.00%
BERT-base 64.84:‘:0.28 67.33:‘:()‘83 71 ~44i0,10
SelfMix 65.44:‘:055 69.96:‘:216 7424:|:501
DyGen' 69.074038 72394082  73.17%0.29
LAFT! - 72.34 73.56
NOiSCAL]L 70.98i0_46 78.84:*:1‘82 81 ~47i0.62
LADC 68.192055 70.04t040 74212040
LWS 67.86x045 70.43%036  74.16%0.41
BSCE 67.524+033 70.30%t043 74.71%p.25
SharpReCL 68.79i0,23 70,49i0,51 75.05i0'36
Ours 72.23:|:().17 79.07:‘:0.50 82.91:|:0'09

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

in this paper. Then, we also select some known
imbalanced dataset: Trec (Li and Roth, 2002), RS
(Lewis, 1992). After obtaining the long-tailed dis-
tribution, three types of synthetic label noise are
injected into datasets following the work (Zhuang
et al., 2023): (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. (Zhu et al., 2022) (3) Instance-
dependent Noise (I) flips label with a probability
proportional to the features of the sample (Algan
and Ulusoy, 2020). See Appendix C for details.

4.2 TImplementation Details

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

For the student model, we choose the BERT.
For the teacher model, we select the ChatGPT
(e.g., GPT-3.5-Turbo-0613 API). Following pre-
vious work, 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 Loki and all baselines. The warmup epochs
are set to 2, Loki first warms up student models for
2 epochs, then performs DCS and LLM knowledge
distillation for the rest of the epochs. We report the
average performance as well as standard deviations
using 5 random seeds. We train our framework
on Nvidia RTX 3090. In addition, we use Adam
(Kingma and Ba, 2015) as an optimizer.

Moreover, Table 6 shows the detailed hyperpa-
rameter configuration. From these results, we find
that the appropriate values of hyperparameters are
not entirely consistent for different datasets. This
is because the data distribution of datasets of differ-

ent types is complex and inconsistent. Hence, we
should comprehensively consider various situations
and carefully tune the value of hyperparameters ac-
cording to actual datasets.

The pseudo-code of our proposed framework,
Loki, is presented in Algorithm 1.

4.3 Main Results

Table 1 reports the performance of different
methods for synthetic datasets (see Appendix D
for more datasets’ results). Our key observations
are as follows: (1) As shown in Table 1, our method
consistently outperforms all baselines with varying
noise types and ratios. (2) For real-world datasets,
they often contain a more intricate mix of noises
and are more difficult to separate than synthetic
noise (Zhuang et al., 2023). However, as shown
in Table 2, our method still performs well, which
again confirms its effectiveness. (3) We also pro-
vide the base model’s performance on the ground
truth data (GT) and the performance of the LLM-
base (ChatGPT with zero-shot). In some cases,
Loki’s results even surpass GT. This is because
Loki can generate additional correct samples for
tail classes.

4.4 Ablation Studies and Discussions

In the following experiments, we analyze each
component of the proposed Loki on R8 to verify
its effectiveness (refer to Table 3).

Modules ‘ R8

Noise Setup | 20%S  40%S 20%A 40%A
Loki | 9831 9726 9827 9758
Loki wio DCS | 95.10  90.19 9406  89.68
Loki wo LKD | 9630 9449  96.13 9544
Lokiw/o Lyc | 8095 7098  80.99  70.50
Lokiw/o Lr¢ | 9701 9570 9622 9572
Lokiw/o Lo | 9694  96.00 9626  95.50
Lokiw/o Lp | 9652 9497 9636 9544

Table 3: Ablation study on the R8 dataset.

Effectiveness of Divide-and-Conquer sample
Selection strategy (DCS). DCS provides different
separation metrics for head and tail classes, which
can solve the problem of Tail indivisibility during
training. Meanwhile, DCS also provides tail infor-
mation for subsequent knowledge distillation. If we
remove DCS and use the small-loss strategy on all
classes for sample selection in a unified way with-
out head-tail class division, Loki’s performance
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Figure 4: The loss distributions of base (a-b) and ours (c-
f) on R8 under 40% asymmetric noise during training.

will decrease by a large margin, which proves DCS
contributes significantly to performance improve-
ment.

Effectiveness of LLM knowledge distillation
based on tail data (LKD). Loki leverages LKD
to generate new samples and pseudo-labels for tail
classes, which can help student models learn more
high-quality features of tail classes. The perfor-
mance of Loki will decrease greatly when we re-
move the LKD. These results indicate that enhanc-
ing the tail class feature representation is crucial,
particularly in scenarios with long-tail distribution.

Effectiveness of different learning objects. To
validate the effectiveness of the different learning
objects, we report the test accuracy by removing
each object (Lo, Lo, Lo, LE) respectively. As
can be seen, failure to employ them leads to a de-
cline in the results. From the overall results, the
HC contributes the most to performance improve-
ment.

The ability to select clean samples and noisy
samples. To validate the advantage of the proposed
method Loki, we visualize clean and noisy samples’
loss distributions of the base model and Loki on
R8 under 40% asymmetric noise (refer to Fig. 4).

For the base model, it can be observed that the CE
values of noise and clean samples highly overlap
during training (refer to Fig. 4 (a-b)), which leads
to failure sample separation. For Loki, the loss
values of the head and tail classes are becoming in-
creasingly polarized. As shown in Fig.4 (c-f), most
clean samples of head classes and tail classes are
concentrated in the interval of [0.8, 1], which is eas-
ily clustered by GMM. In this case, Loki can better
isolate noisy and clean samples from head classes
and tail classes, which can help student models bet-
ter perform training on these selected clean samples
and avoid overfitting noisy samples. Furthermore,
we present a more direct demonstration of Loki’s
ability to sample selection. Specifically, we report
the number of clean samples in each subset during
training. From Table 4, we observe the following:
(1) The number of clean samples in HC gradually
increases; (2) Clean samples in 7'C' are completely
identified by Loki, validating the effectiveness of
our proposed splitting metric, WCE; (3) After us-
ing LLMs to regenerate pseudo-labels for samples
in T'N, the number of clean samples in O signifi-
cantly increases, which verifies the effectiveness of
querying LLMs for label denoising.

5 Conclusion

This paper handles a realistic while challenging
text classification problem: learning with noisy la-
bels on long-tailed data. We propose a novel knowl-
edge distillation framework named Loki that lever-
ages the teacher LLM to generate new samples and
pseudo-labels of tail classes, which can help the
student model learn more high-quality tail class fea-
tures for learning with noisy labels on long-tailed
textual data. During the distillation process, the
major challenge is that it is hard to recognize tail
classes and distinguish clean samples from noisy
samples on tail classes. Accordingly, we introduce
a Divide-and-Conquer sample Selection strategy
that performs head-tail class division and uses dis-
tinct separation metrics for head and tail classes
to address the problem of sample selection in tail
classes. Extensive experiments demonstrate our
methods can help improve the robustness against
noisy labels and long-tailed data simultaneously.

Limitations

Our proposed Loki is a knowledge distillation
framework that aims to handle label noise on class-
imbalanced datasets for multi-class text classifica-
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epoch4

epoch5 epoch6

head clean set (HC')| 4074/4115 (99.00%) 4091/4132 (99.00%) 4126/4168 (99.00%) 4181/4222 (99.03%)

Dataset Subsets | epoch3
Trec tail clean set (T'C') 48/50 (96.00%)
tail noisy set (I'N) 30/202 (14.85%)

54/55 (98.18%)
26/215 (12.09%)

58/58 (1.0%)
25/213 (11.74%)

62/62 (1.0%)
25/213 (11.74%)

— corrected set (O) |+— 176/202 (87.12%) — 188/215 (87.44%) — 201/213 (94.37%) > 208/213 (97.65%)

Table 4: The data statistical distribution (the number of samples with right labels / the number of all samples) of
different subsets on the Trec dataset under 20%A. The value (%) represents the ratio of correct labels in the subset.

tion. Despite its effectiveness, there is still much
potential for improvement: (1) Computational
cost during training: Although Loki results in
a more efficient student model for inference, the
training process itself can be computationally ex-
pensive due to the iterative generation of samples
from the LLM. This may limit the scalability of
the approach for vast datasets or frequent model
updates. (2) Exploration of Different Task: Our
efforts have been focused on the text classification
task, aligning with previous studies (Qiao et al.,
2022; Wang et al., 2023; Zhuang et al., 2023; Yuan
et al., 2024). Therefore, Loki’s applicability to dif-
ferent tasks remains under-explored in this work.
We believe that Loki is expected to work well
within other tasks, especially in generation tasks.
We leave the exploration of this direction as promis-
ing future work.
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A Theoretical Analysis
A.1 Proof for upper limit of CE difference

Proof. Let x; and x; be two samples from
a tail class k, with p? and pé? representing the
k-th dimension of their prediction confidences
P; = [p},...,pK] and P; = [p},...,ij], re-
spectively. Their commonly observed class label
¥ = [}, ...,7X] is in the one-hot form where only
the value of the k-th dimension is 1 (¥ = 1), and
the values on other dimensions are all 0 (y;* = 0
for all m # k). Cross entropy (CE) for a sample z;
is defined as:

K—
CB(x;) =~ ) i logp]
d=1

== i logpf — i log pf

d#k
= —log pf )
Then
|CE(z;) — CE(x;)| = | - log p} — (~log p})]

4)
Now, for u € (0, 1), let

f(u) = —logu (6)
The first-order derivative and second-order deriva-
tive of f(u) can be obtained by:

f(u) = =1/u @
f(u) =1/u? 8)
It can be observed that f'(u) < 0 and f"(u) >
0 that makes f (u) monotonically increase and
| ' ()| monotonically decrease. By the Lagrange
mean value theorem, if function f(u) is continuous
and differentiable on the interval (0, 1), then there
is at least one point € between two real numbers
a,be (0,1):

[f(a) = fO) =1f' () *la—0bl. (9

As e > a and | f'(u)| monotonically decrease, we
have:
[f' (&) *|a—bl < [f(a)] * |a —D]
=|—1/al*|a -0
=la—10|/a (10)

By replacing f(u) with CE(x), a with p} and b
with pé?, we have:

|CE(x;) — CE(x))| < [pf — pfl/pf  (11)

A.2 Proof for benefits of enhancing tail data

We give a theoretical analysis to show the ben-
efit of enhancing tail data. We begin by formally
presenting some model assumptions of the tuples
{(f(x:),9i,yi)};', where f(x;) is the feature rep-
resentation of x;, y; is the true label, and y; is
the possibly incorrect label. Note that y; is unob-
served. For theoretical simplicity, we assume that
Nng = Nyqq for each k € Dyyyr and ny = npeqq for
each k € Dyeqd-

Assumption A.2. (1) In this paper, we assume
that the feature representations of training data in
each class conform to a multivariate Gaussian dis-
tribution. The assumption is mild and has been
verified by existing works (Xian et al., 2018; Yang
et al., 2021; Zhang et al., 2022). That is, for K
classes, we define K multivariate Gaussian distri-
butions. The distribution belonging to the k-th class
is denoted by N (f ()| gy, i) with p;, € R™ and
Y, € R™*™ where m denotes the dimension
of the feature representations. For simplicity, we
assume that all classes have the same covariance
matrix 3. Then, the f(z) € R™ and the corre-
sponding true label y satisfies P(y = k) = ni/n
and f(z)|ly = k ~ N(uy, X). For the Gaussian
model, the Bayes optimal classifier on top of f(z;)
is well-known to be Fisher’s linear discriminant,
which is defined as

he(f(z)) = arg e {log (%) L ()

1 _
5#32 Ypg. (12

In practice, the true mean p is unknown and needs

to be estimated from data, whose estimation error
directly affects the corresponding classification er-
ror. Therefore, the following Theorem A.2 gives
the upper limit of the difference between the vanilla
empirical mean & and the true mean p.

(2) There is a constant p/ > 0 such that given
the true label yy; = k, the possibly incorrect label y;
satisfies P(y; = jly = k) = p! x nj/n, forj # k.
Actually, the p is the noise rate, which measures
the degree of label noise. The label mislabeling
probability is assumed to be proportional to the
sample size, based on the intuition that labels are
more likely to be misclassified into classes with a
larger sample size.

Theorem A.2. Under Assumption A.2, there
exists a constant C such that:

El|f, — pgl > < C x [p +m/ngeq)  (13)
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The term p/ is caused by the label noise in the
training data and is inevitable. The last terms are
variance terms caused by the finite sample issue.
Since the sample sizes of tail classes are relatively
small, the variance term is dominated by m /n.
and could be very large. That is to say, for long-
tailed noisy tasks, increasing the sample sizes of
tail classes helps to obtain better feature represen-
tations.

Proof. In the following, we provide a proof of
Theorem A.2.

For P(y; = jly = k), which can be calculated
by:

- P(yi = j)P(y = klgi = J)
Plyi=jly=Fk) = :
== Py =)
(14)
Further, we can also infer that P(y; = jly = k) =

P(y = j|g; = k). Therefore,

K
Ej, =E[f(z:) |G =k =) Ply=jlj=ku,
j=1
ng n;p/
=(1— ot —l — .
(1—pr + nﬂ)u;ﬁj; L=

15)

Elli — mill? = Ell e — Ef||” + | Efey, — g ||

n;pl mo?
<> JT(IJJJ' - wo)lP + -
J#k
<C (p/2 + T) :
n
(16)
This finishes the proof.

B Baseline Details

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

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

* 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
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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 inaccu-
racy of LLM-generated confidences. Com-
pared 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 LLM-generated
labels, which can avoid the additional biases
introduced by inaccurate results from LLMs.
So our method is more efficient and effective
than LAFT.

NoiseAL (Yuan et al., 2024) focuses on solv-
ing the problem of text classification with
noisy labels. It introduces active learning
to combine the non-pretrained model, PLMs,
and ChatGPT for learning from noisy labels.

SharpReCL (Yi et al., 2022) is the first to
focus on imbalanced text classification tasks
with supervised contrastive learning (SCL),
which employs simple sampling and hard-
mixup techniques to generate a balanced sam-
ple set for SCL to mitigate the class imbalance
problem.

LADC (Wang et al., 2024a) has exploited the
transferable knowledge from head classes to
tail classes for calibrating the distribution of
tail classes.

LWS (Kang et al., 2020), decouples the learn-
ing procedure into representation learning and
classification, then systematically explores
how different balancing strategies affect them
for long-tailed recognition.

BSCE (Ren et al., 2020) applies a comple-
mentary meta sampler to estimate the optimal
class sample rate and further improve long-
tailed learning.

ChatGPT. In addition to utilizing ChatGPT’s
zero-shot capabilities, we also evaluated its
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Figure 5: The class distribution of AGNews under dif-
ferent imbalance factors p.

few-shot potential (random sampling) in our
experiments. For both ChatGPT and Loki,
we uniformly configured the setup to a 5-shot
setting in our experiments to ensure a fair com-
parison.

C Dataset Details

In this section, we introduce the details of the
datasets used in our experiments. Specifically, we
first select 20ng and AGNews to construct the syn-
thetic imbalanced datasets with different imbal-
ance factors p (i.e., 10 and 50). Figure 5 presents
the sample distribution of synthetic AGNews under
different imbalance factors. Among them, 20ng
and AGNews are news topic classification datasets.
Then, we select two known imbalanced datasets:
Trec and R8. The Trec dataset is a question classi-
fication 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 4 datasets,
we follow the existing work (Zhuang et al.,
2023) to manually inject three different types of
noise (Symmetric noise, Asymmetric noise and
Instance-dependent noise) into them for evalua-
tion in our experiments. The noise rate is chosen
in {0.2,0.4}.

Real-world datasets. To further verify the
effectiveness of our method in practical scenar-
ios, we conduct experiments on known 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 previous 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
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.

For these baselines, we perform their public code
or corresponding algorithms reported in the paper
to implement them.

D More detailed Results

In Table 7, we also report the detailed perfor-
mance (average accuracy) on Trec, 20ng with
p =10, and 20ng with p =50.

E More Analysis
E.1 Computational Cost Analysis

We compute the relative training cost of each
method compared to the baseline on Trec, as pre-
sented in the Table 8. By comparison, it is evident
that the training cost of the proposed method is
indeed higher but falls within an acceptable range.
Despite this higher cost, the proposed method of-
fers remarkable performance gains in return. Al-
though our method may require more time to train
the model, the trained model does not incur addi-
tional costs during the inference process.

E.2 Hyperparameters Selection

Sensitivity to clustering parameters. In our
methods, S is a main hyperparameter to divide the
tail classes. We select S from [0, 1, ..., K], where
K is the number of categories in the corresponding
dataset. To see how S affects the final performance
of Loki. The experimental results of adjusting the
value of parameter S are shown in Figure 6. The re-
sults show that performance first improves and then
degrades as S increases, with the best performance
achieved at S=1. This trend is consistent with the
underlying data distribution: tail classes constitute
a minority, and treating all classes as tail classes
leads to suboptimal performance. This suggests
that a moderate head—tail division is important.
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Hyperparameter Trec 20ng (p:10/p:50) AGNews (p:10/p:50) R8 TREC ChemProt SemEval

S 1 3/5 1/2 2 1 2 3

%) 0.1 0.2/0.3 0.1/0.2 0.2 0.2 0.3 0.1

3 0.1 03/02 0.1/0.2 0.2 0.1 0.1 0.1

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
Table 6: Main hyperparameter settings of our models.

Dataset | Trec | 20ng (p:10) | 20ng (p:50)
Noise | 20%S 40%S 20%A 40%A | 20%S 40%S 20%A 40%A 20%1 40%I | 20%S 40%S 20%A 40%A  20%I 40%I
GT 97.40 83.07 70.12
LLM-base 61.60 69.33 69.33
BERT-base 94.64 8745 93.60 8572 | 7724 71.87 7143 5837 7496 67.50 | 68.84 5924 64.10 4577 64.63 56.86
SelfMix 9520 89.80 9516 89.00 | 7174 6759 6955 6137 6445 57.30 | 50.96 4646 53.19 4580 53.16 48.67
DyGen 95.88 89.00 9496 88.56 | 77.51 7432 7628 7155 77.06 73.66 | 63.82 61.54 62.86 5759 6434 60.90
LAFT 95.00 88.68 9428 87.52 | 77.17 72.86 70.62 59.06 7234 6416 | 67.28 5941 5977 43.66 6325 55.61
NoiseAL 97.16 9640 96.80 95.80 | 78.76 7529 74.15 70.01 7872 74.81 | 65.00 5256 65.15 59.24 65.08 56.32
LADC 9537 8844 9421 8739 | 7862 7358 72.10 59.18 76.53 68.44 | 7040 59.82 6498 4599 6543 58.29
LWS 9620 8828 9391 87.54 | 79.02 72.14 7208 5854 7544 6874 | 69.58 6047 64.68 4773 6539 58.11
BSCE 9631 89.05 9481 8734 | 7806 73.41 7149 60.13 7507 68.17 | 68.86 60.74 6599 4697 6574 57.95
SharpReCL | 96.47 89.28 9473  86.66 | 78.68 7221 7230 59.08 7573 68.69 | 6897 6028 6473 4720 6526 58.67
Ours | 97.33 9696 97.36 97.02 | 82.85 79.75 82.63 77.83 82.66 7931 | 69.66 6590 69.41 6501 69.63 6511

Table 7: Performance (average accuracy %) of Loki and other baselines on synthetic datasets with varying label
noise and imbalance ratios. All experiments are repeated 5 times. The best results and second-best results are
highlighted in Bold and underlined, respectively. GT refers to the base model trained on ground truth data (0%

noise), and LLM-base refers to directly using LLMs (ChatGPT).

Method SelfMix DyGen LAFT NoiseAL LADC LWS BSCE  SharpReCL Ours
Relative Cost %x3.70 %x3.26 x4.22 x3.88 x2.55 x3.10 %x2.85 x2.82 x3.95
Table 8: Relative training cost compared to the baseline.
Trec Generated Tail samples \ Accuracy (%)
97 A, A At 20%A 8 92.82
St e 16 94.10
L ‘a° ‘s 24 96.35
26 4 32 97.36
. . 40 97.33
95ra . 48 97.35
“‘ 56 97.36
5 64 97.36

Performance
(-]
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Figure 6: Performance of our Loki on the Trec dataset
under 20% asymmetric label noise when § is ranging
from O to 1.

Sensitivity to the number of generated tail-
class samples. We further conduct additional ab-

Table 9: Sensitivity to the number of generated tail-class
samples, based on the experiments on the Trec dataset
under 20%A.

lation experiments by varying the number of gen-
erated tail-class samples. As shown in Figure 9,
the results show that increasing the number of gen-
erated samples initially improves performance by
alleviating data imbalance, while the gains gradu-
ally saturate beyond a certain point. Importantly,
the performance remains stable under moderate
variations, indicating that our method is not overly
sensitive to the exact number of generated samples.
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F Prompt Details

F.1 Prompts Structure

This section reports the prompts used for tail
classes in this work:

(1) Prompts for teacher models to generate new
samples. The teacher prompt template is shown in
Figure 7.

(2) Prompts for teacher models to generate
pseudo labels. The teacher prompt template is
shown in Figure 8 and consists of the following
three components:

a. System prompt, which describes the specific
task.

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

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

your
with
some

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
with the following
classes (along with some examples).
Your answer must be exactly one
of [’Cause-Effect’,’Component-Whole’,
’Content-Container’,’Entity-Destination’,

are a text
task 1is to

Semeval: You
and  your
given sentence

"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):

b. Examples, which consist of clean samples
under each tail class demonstrating the task. The
format is as follows: "tail class: clean samples of
tail class".

c. Input, which is the test text from the tail noisy
set T'N to classify.

In our experiments, we adopt 3-shot examples in
all prompts to perform in-context learning for fair
comparisons.
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Prompt for Generating New Samples
User:

You are a teacher model for a student language model to perform text classification on
the following class:

{Dataset Class Taxonomy}

The student model needs more additional samples of tail classes to learn. Here are a few
labeled examples that show the correct label for tail classes:

{Few-Shot Labeled Samples from Tail Clean Set TC}

Based on these examples, generate additional samples that are diverse, high-quality,
and consistent with the provided format and class characteristics. Ensure the generated
samples maintain the same style, structure, and context as the examples while introducing
variability to enrich the dataset.

Please generate {Loki Batch Size} new samples for each tail class.

ChatGPT:

Figure 7: The prompt instruction to generate new samples for tail classes.

Prompt for Generating Pseudo-Labels

User:

{System prompt : Task Descriptions}

{Examples : Few-Shot Labeled Samples from Tail Clean Set TC }
Text-to-classify:

{Input: Few-Shot Samples from Tail Noisy Set TN }

ChatGPT:

Figure 8: The prompt instruction to generate pseudo-labels for tail classes.
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Algorithm 1 The training process of the proposed framework Loki

Require: D={(z;, gi)}iN:l, gi € [1,K], student model (SLM), teacher model (LLM), warmup epochs

—_ = = =
bl S T =

15:
16:
17:
18:
19:
20:
21:
22:
23:

24
25:

R A A S ey

T, max epochs T, the pre-training epochs T, for unsupervised contrastive learning, prompt
Fort=1,...,T, do
Pre-train the encoder of SLM via unsupervised SimCSE (Gao et al., 2021)
end for;
Extract deep representations (embeddings) of samples
Apply the clustering algorithm (K-means) to embeddings of all samples
Set epoch = 1; Initialize the SLM fy trained on D
// Step 1: Warm up
while epoch < T, do
Warmup SLM fy;
epoch = epoch + 1;

: end while
: while epoch < T do

// Step 2: Divide-and-Conquer Sample Selection
Rank all clusters [|Deustery |s - - - » | Petustery |] and obtain head class Dpeqq and tail class Dygqy; by
Eq.(1) and Eq.(2);
Calculate the CE for all samples in Dpeqq;
Apply GMM with CE and ¢ to divide the Djoq into HC and HN;
Calculate the WCE for all samples in Dy,
Apply GMM with WCE and ¢ to divide the D;,;; into T'C and T'N;
/I Step 3: Knowledge Distillation Based on Tail Data
Obtain corrected sets O by leveraging LLM to generate pseudo-labels: O <— LLM (I'N, prompt)
Obtain extended sets E by leveraging LLM to generate new samples: F < LLM (T'C, prompt)
/I Step 4: Robustly training
Update the SLM fy by robustly training with different loss functions based on the different subsets
(HC,TC,E,0)
epoch = epoch + 1
end while
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