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Abstract

The value of text classification’s future research
has encountered challenges and uncertainties,
due to the extraordinary efficacy demonstrated
by large language models (LLMs) across nu-
merous downstream NLP tasks. In this era
of open-ended language modeling, where task
boundaries are gradually fading, an urgent
question emerges: have we made significant
progress in text classification with the full ben-
efit of LLMs? To answer this question, we pro-
pose RGPT, an adaptive boosting framework
tailored to produce a specialized text classifica-
tion LLM by recurrently ensembling a pool of
strong base learners. The base learners are con-
structed by adaptively adjusting the distribution
of training samples and iteratively fine-tuning
LLMs with them. Such base learners are then
ensembled to be a specialized text classifica-
tion LLM, by recurrently incorporating the his-
torical predictions from the previous learners.
Through a comprehensive empirical compari-
son, we show that RGPT significantly outper-
forms 8 SOTA PLMs and 7 SOTA LLMs on
four benchmarks by 1.36% on average. Further
evaluation experiments reveal a clear superior-
ity of RGPT over average human classification

performance’.

1 Introduction

Text classification aims to assign pre-defined cat-
egories to a given informative text, including sen-
timent analysis, topic labeling, news classifica-
tion, etc. It has always been an active task across
the eras of knowledge engineering and feature
engineering (Cunha et al., 2023; Minaee et al.,
2021). Recently, remarkable advances in LLMs,
e.g., ChatGPT?, GPT-4 (OpenAl et al., 2023),
ChatGLM 2 (Zeng et al., 2023), LLaMA 2 (Tou-
vron et al., 2023), etc., have demonstrated their
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outstanding performance across downstream NLP
tasks. Through instruction fine-tuning and in-
context learning, LL.Ms have possessed marvelous
language understanding, generation and reasoning
abilities.

Sustained efforts and investments from both
academia and industry have been primarily ded-
icated to two directions: (1) general LLLMs capable
of providing encyclopaedic domain knowledge and
performing well across a range of tasks, such as
Mistral (Jiang et al., 2023), LLaMA series, etc.;
(2) specialized LLMs tailored for vertical domains
such as healthcare (Chen et al., 2023; Singhal et al.,
2023), law (Cui et al., 2023), finance (Wu et al.,
2023), education (Milano et al., 2023), etc., via
task-specific architectures and knowledge. Ad-
ditionally, arming LL.Ms with strategies such as
mixture-of-experts (MoE) (Shen et al., 2023), tool
learning (Qin et al., 2023) or modularization (Ye
et al., 2023) have also garnered considerable atten-
tion. Strong LLMs intertwined with sophisticated
optimization approaches are propelling LLM re-
search to new heights.

Despite the spotlight shining brighter on compli-
cated tasks and exquisite domains, text classifica-
tion languishes in the shadows with limited atten-
tion. Hence, an urgent research question emerges:

RQ: have we made significant progress in text
classification with the full benefit of LLMs?

To answer this question, it is important to in-
vestigate whether specialized text classification
LLM can create substantial value over the exist-
ing approaches. We thus present RGPT, an adap-
tive boosting framework designed to investigate
the limit of LLMs’ classification ability. The
main distinction from the recent text classifica-
tion approaches, e.g., CARP (Xiaofei et al., 2023),
QLFR (Wu et al., 2024) and PromptBoosting (Hou
etal., 2023) is that RGPT does not directly optimize
the prompt space but instead builds a specialized
LLM by adjusting sample distribution and recur-



rently ensembling strong base learners, thus demon-
strating less sensitivity to prompts and stronger
stability across various tasks (see Sec. 4.1 and 4.2).

In particular, the base learners are constructed
by iteratively fine-tuning LLMs with training sam-
ples. The distribution of training samples will be
adaptively adjusted based on the error rates of the
base learners. The misclassified samples will be
given more weight, where the weights of correctly
classified samples will be decreased. Such base
learners are then ensembled to be a specialized
LLM, by taking the prediction and error rate of
the previous learner as the contexts to prompt the
current learner. This chain-like nature ensures that
subsequent learners can improve and complement
upon the existing knowledge.

We offer a comprehensive evaluation of the pro-
posed RGPT model across four benchmark datasets
and compare the results against 8 SOTA PLMs
(e.g., DeBERTa, ERNIE, T5, etc.) and 7 SOTA
LLMs (e.g., ChatGLM 2, LLaMA 2, GPT-4, etc.).
The experimental results show the effectiveness of
RGPT with the margin of 0.88%, 1.21%, 1.47%
and 1.88% for four datasets. The study reveals
that RGPT with only 7 iterations achieves the state-
of-the-art results with performance continuing to
grow as the number of iterations increases. Further
human evaluation experiments demonstrate a clear
surpassing of RGPT over average human classi-
fication. A series of sub-experiments also prove
that RGPT can universally boost varies base model
structures. Hence, our study comes to a clear con-
clusion: our approach has pushed the limit of LLM
capacity for text classification. The main contribu-
tions are concluded as follows:

* We make the first attempt to explore the ongo-
ing research value of text classification in the
era of LLMs.

* We propose RGPT, an adaptive boosting
framework to push the limit of LLMs’ classi-
fication ability.

e Comprehensive experiments over four
datasets demonstrate the effectiveness of
RGPT in zero-shot text classification.

2 Preliminaries

2.1 Problem Definition

Text classification is transformed as a conditional
generative task, where the ouput ) will be the

labels. Given a set of input documents X =
{1, x9,...,zN} where each document z; is aug-
mented with a designed prompt Prompt,; € P that
provides contextual guidance, i.e., Prompt; =
INS; & z;, where INS; represents the task in-
struction, P represents the prompt set. Our
task is to learn a text classification LLM M(6)
which maps an input document to its target label:
M(X,P,0) — Y, where Y = {y1,v2,..., YN}
denotes the label sequence generated by the LLM
M(6) based on its comprehension of the docu-
ments and the provided prompts and y; € RS,
where c is the class of ;. We formulate the classi-
fication problem as:

M(8) = arg max [], Prob (y; = c|lz;, Prompt;,6) (1)

2.2 Algorithm Overview

The recent LLM based approaches focus on elab-
orating prompts to improve classification perfor-
mance. However, the performance gains from
prompt engineering are limited, and the potential of
classification performance for LLMs has not been
fully investigated.

In contrast, RGPT is able to quickly generate a
large pool of strong base learners through adjusting
the distribution of training samples and fine-tuning
LLMs, and proposes a recurrent ensembling ap-
proach to harnesses their complementarity, leading
to improved effectiveness and generalization (see
Sec. 4.2). As shown in Fig. 1, RGPT consists of
the following key steps.

Step 1: Initialization. Assign each training sam-
ple the same weight: %, and select a general LLM
as initial base learner LM>.

Step 2: Constructing K base learners LM .
The k*" base learner, LM}, is optimized under
its respective loss function, which is essentially
a weighted loss over training samples with larger
weights on those that are misclassified by the pre-
vious learner LM ._1.

Step 3: Integrating K base learners using a re-
current ensembling approach. More details will be
provided in Sec. 3 and Algorithm 1 in App.B.

3 The Proposed Framework: RGPT

3.1 Initialization and Base Learner Selection

To lay the groundwork for subsequent base learner
construction and ensembling, we commence with

31t has been proven that boosting can also effectively com-
bine strong base learners (Wyner et al., 2017).



Step 3: Recurrent Ensemble

(a) Equal Weig| TFi i [Fi [ i [input Tinput [input
| Base Learner 1 | | Base Learner 2 | I Base Learner K I | Base Learner 1 |—-| Base Learner 2 |-—| Base Learner K |
Baze Lanouage .->. ] 1 i ._u IPredicti [Predicti lPredi::tionE
00 Meta HEEN /5 ¢ Vx * * * HE _ _ PSR AR
LLaMA H * * T * * -3 7 e, T k|
&= x N * « 1 * - BN I N
I S *| | Kk * Ky * g S T hoy Ko k|
el HE * \ - s
(o) BaseModel | i (X * ® ® Prediction1 — Prediction2 ----— [Final Result|
HE — * MWeight Prompt Prompt
* *
| % N

Figure 1: Overview of RGPT.

initialization. Let D(©) be the initial training set
including NV samples. Each sample (xgo),ygo)) €
DO), where x@(o) € X is an input document and
yi(o) € Y its corresponding label.

(1) Weight initialization. Suppose W) =

0 0 0
(@ uD, .00

}, where W represents the
weight distribution of the initial training samples.
Each sample will be initialized as the same weight,
ie., wEO) = %, where WO ~ U (%, %, . %)
These weights will later be updated based on the
error rate of the base learner.

(2) Initial base learner selection. In boosting,
base learner can not only be a simple model (e.g.,
decision tree), but also be a strong learner that has
yet considerable room to achieve optimal perfor-
mance, such as DCNN (Moghimi et al., 2016).

We prove that our model works almost equally
well on different base learners such as PLMs (i.e.,
RoBERTa) and LLMs (i.e., Alpaca4, LLaMA 2,
ChatGLM 2). LLaMA 2 is selected as an ini-
tial base learner LM, in view that it empirically

yields the best result (see Sec. 4.5).

3.2 Constructing Base Learners

The construction of K base learners involves (1)
prompt construction; (2) fine-tuning LLMs with
training samples; and (3) iteratively updating the
weight distribution of training samples.

We follow the zero-shot prompting paradigm for
text classification tasks. At each iteration k, the
zero-shot prompt template Prompt; consists of
two components: task instruction I N S; and input
document xl(k). Task instruction I N.S; provides
specifications for a text classification target and
states the output constraint, e.g., “Classify the SEN-

*https://crfm.stanford.edu/2023/03/13/alpaca.html.

TIMENT of the INPUT, and assign an accuracy
label from [ ‘Positive’, ‘Negative’]. ”

The k' base learner LM, involves fine-
tuning a general LLM using the training sam-

ples with the weight distribution, W) =

k k k
L, w0

}, effectively adjusting the
model’s focus on challenging samples. The objec-
tive is achieved by minimizing the weighted loss
function:

LMy = axg min o wi - L, f(:60) (2)
where 0(%) represents the parameters, £ is the loss
function, f (-) is a general LLM (e.g., LLaMA 2).

Then, we compute its error rate ¢(¥) and weight
coefficient o(¥), and thus update the distribution of
training samples to guide the next iteration’s focus
towards misclassified samples:

) = Pripm [0 (o) # 41"

1 — k)
W _, 1= -
o) = log—g— +Iog e~ 1) 3)
iy WO e i emy (2F) =4
w :7k>< ok . *) )
€ if LMy ;) # vy,

where ¢ denotes the number of class, Z}, represents
the normalizing factor. Eq. 3 will assign higher
weights to samples with higher errors, and ensure
that subsequent learners address the weaknesses
of the current learner. After K iterations, we con-
struct ' complementary and strong base learners
{LMy, LMo, ..., LM} (More explanations are
provided in App. A).

3.3 Recurrently Ensembling the Base
Learners

We propose a recurrent ensembling approach,
which selectively leverages the historical outputs



(4) DeBERTa (He et al., 2020), (5) ERNIE (Sun
et al., 2021) and (6) T5 (Raffel et al., 2020) are
six strong PLMs for text classification via masked
language modeling and pretrained representations.
(7) E2SC-IS (Cunha et al., 2023) selects the most
representative documents for training classification
model. (8) ContGCN (Yao et al., 2018) focuses
on the misclassifed training samples as the target
for explainable text classification. (9) BBTv2 (Sun
et al., 2022), (10) PromptBoosting (Hou et al.,
2023) and (11) CARP (Xiaofei et al., 2023) are
three SOTA prompt based approaches that focus on
how to find the best prompts given a specific clas-

sification task. (12) ChatGLM 2, (13) LLaMA 2

k — 1 Prompt kth Prompt
Instruction: Given the INPUT, it is known Instruction: Given the INPUT, it is known
that the prediction result of the previous that the prediction result of the previous
model is “Positive”, BUT its error rate is model is “Negative”, BUT its error rate is
21%. So there's a 21% chance that this 17%. So there’'s a 17% chance that this
result is wrong. result is wrong.
Based on this, classify the SENTIMENT > Based on this, classify the SENTIMENT —>
of the INPUT, and assign an accuracy of the INPUT, and assign an accuracy
label from [Positive’, 'Negative']. label from [Positive’, 'Negative'].
INPUT: Contains no wit, only labored INPUT: Contains no wit, only labored
gags. gags.
SENTIMENT: SENTIMENT:
Input Input
Base Learner k-1 Base Learner k
SENTIMENT: Negative SENTIMENT: Negative
Error rate: 17% Error rate: 13%
Figure 2: Recurrent ensembling K base learners.
Dataset Task Class Avg. Length  #Train  #Test
SST-2 Sentiment 2 17 6,920 1821
MR Sentiment 2 20 8,662 2,000
AG News News 4 47 120,000 7,600
Ohsumed Topic 23 136 3,357 4,043

and (14) GPT-4 are three SOTA LLMs that have
broad domain knowledge and outstanding perfor-
mance across various NLP tasks. (15) QLFR (Wu

Table 1: Dataset statistics.

generated by the previous learners. More specif-
ically, the prediction result g)f_l of the previous
learner LM, along with its error rate e(*~1) will
be incorporated into the input prompt for the cur-
rent learner £ M., which can be written as:

Prompt, = INS; ® xf S3) {Z)f_17 E(kfl)} “)

where gjf ~1 is considered the supplementary knowl-
edge for LM),. The error rate ¢(*~1) acts as a
trustworthiness metric, determining whether to rely
on and adopt the prediction result of LM_1, as
shown in Fig. 2.

This chain-like nature ensures that each subse-
quent learner can improve and complement upon
the existing knowledge and producing a knowledge
accumulation effect. Finally, a strong, specialized
LLM M(0) is constructed.

4 Experiments

4.1 Experiment Setups

Datasets. Four benchmarking datasets are selected
as the experimental beds, viz. SST-2 (Socher et al.,
2013), MR (Pang et al., 2002), AG News (Zhang
et al., 2015), Ohsumed’. The statistics for each
dataset are shown in Table 1.

Baselines. A wide range of SOTA baselines
are included for comparison. They are: (1)
RoBERTa (Liu et al., 2019), (2) XLNet (Yang
etal., 2019), (3) ROBERTa-GCN (Lin et al., 2021),

Shttp://davis.wpi.edu/xmdv/datasets/ohsumed.html

et al., 2024) decomposes the text classification task
into four distinct reasoning steps and presents a
fine-tuned LLaMA 2-13B model.
Implementation. Training a base learner will
cost about 1 hours on 8§ x A100-SXM4-40GB
GPUs. The micro batch size, batch size, the num-
ber of epoch and learning rate are set to be 8, 128,
10 and 3e-4 respectively. In the process of updating
sample weights, we control the weights of samples
by increasing or decreasing the number of sam-
ples. For a misclassified sample xf, whose weight
should increase to wf“ (see Eq.3), we proportion-
ally augment its quantity. To improve generaliza-
tion and avoid overfitting, we utilize ChatGPT to
generate additional samples similar to :Ef

4.2 Main Results

We report both Accuracy and Macro-F1 results
for RGPT and baselines in a zero-shot setting in Ta-
ble 2. The mean and variance over 5 runs are calcu-
lated. We observe that RGPT consistently achieves
state-of-the-art performance on four datasets, i.e.,
0.88%7, 1.21%1, 1.47%1, 1.88%1 respectively. It
outperforms PLMs based, prompt based and stan-
dard fine-tuning approaches. Despite that LLMs
(i.e., ChatGLM 2, LLaMA 2, GPT-4) have shown
extraordinary efficacy across general-domain tasks,
their weak adaptation into text classification is also
proved, in view of their worst classification perfor-
mance. Among them, GPT-4 performs better than
another two. By fine-tuning LLaMA 2-13B or opti-
mizing in prompt space, QLFR, BBTv2, Prompt-
Boosting and CARP gain significant improvements
over general LLMs. QLFR, BBTv2 and Prompt-
Boosting have been trading victories on different



Method SST-2 AG Ohsumed MR Avg. of Acc.
Acc Ma-F1 Acc. Ma-F1 Acc. Ma-F1 Acc. Ma-F1 ~ No Ohsumed All

RoBERTa 96.40 96.23 94.69 94.35 72.80 72.57 89.42 - 93.50 88.32
XLNet 96.80 96.67 95.51 95.18 70.70 70.41 87.20 - 93.17 87.55
RoBERTa-GCN 95.80 - 95.68 - 72.94 - 89.70 - 93.73 87.53
DeBERTa 94.75 94.15 95.32 - 75.94 - 90.21 90.70 93.43 89.01
ERNIE 97.80 - - - 73.33 - 89.53 - - -
T5-11B 97.50 97.18 92.21 - 51.72 44.10 91.15 - 93.62 83.15
E2SC-IS - 93.10 - 86.30 - 76.10 - 88.60 89.33 86.02
ContGCN - - - - 73.40 - 91.30 - - -
BBTv2 90.33 - 85.28 - - - 83.70 - 86.44 -
PromptBoosting 87.60 - 85.20 - - - 84.70 - 85.83 -
CARP 97.39 97.14 96.40 - - - 92.39 - 95.39 -
ChatGLM 2 81.36 80.11 83.67 83.67 54.33 41.84 74.39 74.27 79.57 74.01
LLaMA 2 60.50 61.08 79.40 80.67 48.08 40.21 71.49 71.03 62.69 64.89
QLFR - - 89.14 89.28 61.10 51.85 81.70 81.72 - -
GPT-4 82.52 81.17 84.62 84.50 55.20 51.26 77.90 77.63 81.68 75.06
RGPT 98.68102> 98.67 97.61. 03 9752 774110 73.68 942705 94.15 96.85 91.99
Gain A 0.88% 1.49% 1.21% 234% 1.47% 0.76% 1.88% 3.45% 1.46% 2.98%

Table 2: Performance on four datasets. Bold and blue indicate the best and second-best results for each dataset.
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IS 'd <
RGPT 98.68  97.61 T4l 9427 £ o L o s | /
g ' g /
. . . 5 92 -/ 571 &
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benchmarks, but they are inferior to other methods
using PLMs, e.g., RoBERTa, DeBERTa, T5, etc.
CARP achieves the best performance on AG News
and MR datasets among all the baselines, and ob-
tain comparable results against ERNIE on SST-2
dataset. This suggests that prompt learning indeed
elicits LLMs to outperform traditional PLMs based
approaches, but the design of prompts is critically
important.

4.3 Ablation Study

Table 3 shows the result of ablation studies on four
datasets. For w/o Boosting, we choose to directly
fine-tune LLaMA 2-7B with initial training sam-
ples, removing the boosting strategy. For w/o LLM,
we substitute LLaMA 2-7B with small language
model (namely RoBERTa) to be the backbone lan-
guage model. For w/o Recurrent ensemble, we
perform a weighted combination of K strong base
learners according their coefficients o(¥). From
the experiment results above, we highlight the fol-
lowing conclusions: (a) boosting LLM making the
greatest contribution in improving the classifica-
tion performance; (b) LLMs demonstrating greater
advancedness over PLMs for text classification; (c)

88
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Figure 3: Performance of RGPT with increasing number
of learners.

the effectiveness of our proposed recurrent ensem-
bling approach. In a summary, each module in our
method contributes to the final performance.

4.4 Effect of K

In our main experiments, we adopt K = 7 due to
its significant SOTA performance. Intuitively, a
large learners pool increases the diversity of base
learners which could improve the performance. We
empirically present the relationship between the
number of learners and the model performance in
Fig. 3. As we have discussed in Table 3, an indi-
vidual fine-tuned LLM performs very poorly (i.e.,
83.89% accuracy on average). However, by using
our recurrent boosting framework, the performance
can be boosted to 90.67% when 6 base learners are
provided, which slightly overcomes all the base-
lines. Further, when K = 7, the performance can
be boosted to 91.99%, which significantly outper-



Method SST-2 AG News Ohsumed MR
RoBERTa 96.40 94.69 72.80 89.42
RGPT roBERTA 97.47 95.84 74.70 93.28
Alpaca 57.81 71.23 46.55 53.78
RGPT 4 aipaca 97.81 96.45 75.26 93.55
ChatGLM 2 81.36 83.67 54.33 74.39
RGPT chatcrm 2 98.10 96.77 75.16 93.02
LLaMA 2 60.50 79.40 48.08 71.49
RGPT Lranma 2 98.68 97.61 77.41 94.27

Table 4: The impact of different base learners.

forms others with performance continuing to grow
as the number of iterations increase (e.g., K = 8).
But the performance increase plateaus as the num-
ber of base learners rises from 7 to 8, suggesting
that 7 base learners makes a good balance between
performance and training cost.

4.5 How RGPT Varies With Different Base
Learners

We select LLaMA 2-7B to the initial base model by
default. In order to evaluate the effect of different
base learners, we have also tried another two SOTA
LLMs and one strong PLM, i.e., Alpaca, ChatGLM
2 and RoBERTa, as shown in Table 4. We notice
that RGPT+RoBERTa performs the worst on four
tasks, but still significantly outperforms the stan-
dard RoBERTa with the margin of 2.26% on aver-
age. Additionally, RGPT+Alpaca obtains slightly
improvements over RGPT+RoBERTa, but is infe-
rior to ChatGLM 2 and LLaMA 2. The reason is
that latter models have adopted more advanced ar-
chitectures and training methodologies. In addition,
three standard SOTA LLMs perform very poorly
without boosting, which implies that general LLMs
are still insufficient to directly cope with various
text classification tasks. But their performance sig-
nificantly improves using RGPT, with an increase
of over 21.0%71. Different base models can achieve
comparable results using RGPT. We demonstrate
that RGPT universally boosts varies base model
structures.

4.6 Zero-shot v/s Few-shot Prompting

We perform zero-shot and few-shot experiments to
evaluate whether RGPT can perform better when
a limited number of contextual examples are avail-
able. The results are shown in Table 5. We design
four k-shot settings: zero-shot, one-shot, five-shot,
ten-shot. For each setting, we randomly sample
k ={0,1,5,10} examples from the training set.
The impact of adding shots varies with the num-

ber of shots. The change from zero-shot to one-shot
results in a slight improvement in classification per-
formance. With the gradual increase in the number
of shots, the performance drops down. This po-
tentially arises from RGPT learning redundant in-
formation when handling too long contextual data.
This implies that crudely increasing the number of
extra shots does not necessarily result in a stable
performance improvement.

Prompt \ SST-2 AG News Ohsumed MR
0-shot 98.68 97.61 77.41 94.27
1-shot 98.97 98.01 77.83 94.65
3-shot 98.31 97.57 77.32 94.11
10-shot | 97.95 96.60 76.85 93.52

Table 5: Few shot performance testing.

4.7 Human v/s Machine

We create a new test set including 200 sam-
ples randomly sampled from three datasets, e.g.,
IMDB (Maas et al., 2011), R8° and DBPedia (Auer
et al., 2007), where their proportion is 4:3:3. Then,
we recruit three volunteers’ to evaluate the senti-
ment, news and topic labels. We ask the first two an-
notators to proceed at their standard speeds, where
the third annotator should annotate meticulously
and conduct a double-check. Their classification
scores and time costs will be compared with RGPT
in Table 6. It can be seen that RGPT consistently
outperforms two humans in terms of accuracy and
efficiency. Despite that RGPT underperforms the
third annotator, its time cost is % of that of the third
annotator. It is foreseeable that with the continuous
improvement of future LLMs, their classification
capabilities will further enhance. RGPT also sur-
passes the average performance of three annotators,
proving that we have made much progress in text
classification over the existing approaches.

4.8 Opverfitting Study

To confirm that our model doesn’t overfit when
consistently adjusting the sample distribution, we
adopt three strategies: (1) early stopping approach
is used; (2) we present the learning curves to show
how the training loss changes, as shown in Fig. 4.
This visual representation helps us understand if

®https://www.cs.umb.edu/ smimarog/textmining/datasets/

"They all signed on the consent form before the study and
were paid an equal $5.0/hour. Prior to annotation, they re-
ceived professional guidance covering the criteria for labeling,
positive and negative examples, etc.



Method Accuracy Efficiency (minutes)
Human 1 89.21 53.3
Human 2 90.05 56.9
Human 3 96.59 80.6
Avg. 91.95 63.6
RGPT 92.54 10.9

Table 6: The human classification results against RGPT.
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Figure 4: The training loss of RGPT.

the model’s performance improves consistently on
both new and seen data during training; (3) in ad-
dition, we do not directly increase (e.g., replicate)
the number of those misclassified samples. Instead,
we choose to increase similar style samples gen-
erated by ChatGPT. This strategy can improve the
diversity of samples to avoid overfitting.

4.9 Data Visualization

We present a visual comparison chart between the
distribution of testing set and the distribution of
training set after K = 7 iterations, as shown in
Fig. 5. We notice that the distribution of the train-
ing set at K = 0 differs significantly from the test
set distribution, while at X' = 7, the distribution of
the training set becomes more aligned with the dis-
tribution of the testing set. This indicates that our
RGPT method effectively adjusts the distribution

of the training set to be more similar to the true dis-
tribution, thereby enhancing the classification per-
formance of the model. In addition, the distribution
of the training set, evolving through iterative adjust-
ments in boosting, exhibits concentration around
previously misclassified samples, indicating the
algorithm’s focus on challenging cases. The visual-
ization provides a nuanced understanding of how
the model adjusts the training data. This analysis
aids in assessing the model’s potential overfitting
tendencies, and its ability to generalize effectively
to new instances.

4.10 Error Analysis

The detailed error analysis is also conducted via
the confusion matrices that are shown in Figure 6.
Each cell (i, j) represents the percentage of class
1 is classified to be class j. Upon reviewing the
classification results produced by RGPT on four
datasets, we discover that imbalanced categories
and the similarity across different categories are
the key factors contributing to misclassification.

By examining the diagonal elements of the matri-
ces, RGPT demonstrates effective true-positive cat-
egorization for most fine-grained categories across
four datasets. However, it exhibits a tendency to
misclassify the “negative” utterances to be “posi-
tive”, particularly on the SST-2 and MR datasets.
In addition, RGPT tends to misclassify “Bussi-
ness” to be “World” and “Technology” on AGNews
dataset. RGPT has high error rate on Ohsumed
dataset. There are two possible reasons: (1) the
highly unbalanced samples leads to the model’s
misclassification, e.g., C18, C20, etc.; (2) the simi-
larity across several categories, e.g., C4, C11, C12,
C13, etc., may pose a challenge for the model to
accurately distinguish them.

5 Related Work

In recent years, significant advancements in NLP
have been attributed to the emergence of LLMs.
OpenAl has achieved significant milestones with
the creation of two groundbreaking models: Chat-
GPT and GPT-4. However, due to their proprietary
nature, There has been numerous LLM variants fea-
turing tens or even hundreds of billions of parame-
ters (Zhao et al., 2023). We categorize these LLMs
into two groups based on their specialization: gen-
eral LLMs and specialized LLMs. General LL.Ms
are designed for versatility across a wide spectrum
of NLP tasks. Prominent examples of these models



SST2 test set distribution

K=0 training set distribution

K=7 training set distribution

- e . .‘=' .==a.-..

$owmon ;. See
Sony . °
, © °

MR test set distribution

K=7 training set distribution

Figure 5: Distribution of training samples and initial test samples during K iterations.

Confusion Matrix on AGNews

Confusion Matrix on SST2

0.995 0.001 0.003 0.001

Truth label

0.022

Neglive{

0.979 0.001 0.0

Confusion Matrix on MR

_ Positive 0.031 0.943
2
Negtive{ 0.098 0.902 0.01 0.0 0.987
Poitive Negtive World Sports  Bussiness Technology

100
o100l
00 ap
' 08
5
0
5
03 0.0 04 00 0O o)
00 00 00 004001 40 005 00 00 0.6
5 €10 o003 an 00 nora 01601 D0 00 09 004 DO 052 0SA0I 00 DO O
S c11 Huozen oo o n o o0 [ERO02 00 00 00 004 B0 054005 00 00 0O A0
—.—1 Cl2 <004 00 00 00 00 00 00 00 00 00 00 EENRGE 0.0 00 00 00 00 00 00 00 00 0D
S 13 fornoiasi 00 aoi as 001 o0 as2 0a oo asiJEl 00 as 005 60 08 001aN 0o Kol 05
B €14 084000 a0 a0 004 46 00 60 40 00 oo astoo[JEE 00 01 00 8 60 60 00 00 b - 0.4
Cis 4 IR 0.1 o0 0o 00 00 0o 0o 0o
Cl6 oo I oo 00201002 0o 0o oo
c17 7
C1% 4001 00 00
C19 4006 00 00 00 DO 06 00 00 GBI 00 00 002001001 00 F0.2
€20 102000 06001 D0 08 0.0 00 00 K01 00 GBI B0 00 001
€21 00 0o 0o 0o 0o g0 00 00 a0 0o 0o ams B 00 0o
C22) 002001 00 00 00l 00l 00 00 sl 00 00 08 00 002 00
€23 {00 005 00 00 004 00 00 00 00 00 00 00 00 00 00 00300 0o w0 o0 0o oo TN
T T T T T T T T T T T T — 0.0

T T
o g B b D b a0 D T D D e
FEFF T TN

Predict label

Figure 6: The normalized confusion matrices for RGPT
across four datasets. The columns represent the truth
label, where the rows represent the predicted labels.

are GPT-4, ChatGLM, LLaMA 2, PanGu-X (Ren
et al., 2023), Falcon (Penedo et al., 2023), etc. In
contrast, specialized LLMs are fine-tuned for spe-
cific tasks via task-specific architectures and knowl-
edge, allowing them to achieve higher performance.
An increasing number of studies are raging over
medical, law, finance and education domains, e.g.,
HuaTuo (Zhang et al., 2023), FinGPT (Yang et al.,
2023), ChatLaw (Cui et al., 2023), etc.

Different from the above-mentioned studies, we
pioneer a specialized LLM by iteratively refining
and integrating base LLMs, unlocking its untapped
potential on text classification tasks.

6 Conclusions

In this work, we propose RGPT, an adaptive boost-
ing framework tailored to produce a specialized text
classification LLM. we efficiently train a pool of
strong base learners by adjusting the distribution of
training samples and iteratively fine-tuning LLMs
with them. Such base learners are then recurrently
ensembled to be a specialized LLM. We offer a
comprehensive evaluation and our model achieves
the state-of-the-art results. This proves that boost-
ing LLMs will yield significant improvements over
other PLM and prompt based approaches. Human
evaluation experiments proves that RGPT can out-
perform average human performance.



7 Limitations.

The proposed RGPT model also has several limita-
tions: (1) High computational cost. The iterative
nature of its boosting-based mechanism, which in-
volves multiple rounds of fine-tuning LLMs, leads
to a significant computational cost. (2) Limited
testing sets. RGPT has shown significant per-
formance improvements across four benchmark
datasets. However, the study does not thoroughly
examine how well the model may work on a wider
range of text classification tasks. (3) Monotony
of base learners. Base learner should not only be
homogeneous, but also can be heterogeneous. Lim-
iting the RGPT framework’s base learners solely
to LLaMA 2 may hinder the method’s innovation
and its potential for improvement. Ensembling
different LLMs may enhance the adaptability and
versatility of the approach when facing new chal-
lenges.

Potential Risks. Even though RGPT addresses
overfitting by increasing similar samples instead
of the misclassified samples themselves, there re-
mains a risk of overfitting during the repeated fine-
tuning of large language models. This risk becomes
more prominent in situations with a small training
set.
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A Explanations of The Complementary
and Robustness Across Base Learners

The complementarity among multiple base learn-
ers, as observed in ensemble learning frameworks
like boosting, refers to the ability of different foun-
dational models to recognize and process distinct
features or patterns within the data. For RGPT,
which employs LLMs as base learners, this com-
plementarity is manifested in several aspects:

(1) Feature space coverage. Each fine-tuned
LLM may exhibit varying degrees of understanding
and capturing capabilities for different semantic,
syntactic structures, or contextual information in
the input text. For instance, one LLM may excel at
handling long-distance dependency relationships,
while another may demonstrate greater accuracy in
understanding domain-specific terms.

(2) Error distribution. As the sample weights
are adjusted based on the prediction errors of the
preceding weak learners during each iteration, sub-
sequent learners focus more on the previously mis-
classified samples. Consequently, even if the foun-
dational architectures of all LLMs are similar, they
address and correct different subsets of data, creat-
ing complementarity.

(3) Randomness and robustness. Despite fine-
tuning for the same task, different initialization
states and random factors during the training pro-
cess (such as the stochastic nature of gradient de-
scent) may lead LLMs to produce distinct decision
boundaries. These boundaries may intersect or mis-
align in complex data distributions, enhancing the
overall robustness and generalization performance
of the ensemble model.

(4) Model capacity. While LLMs possess high
capacity, a single model may not fully leverage
all its parameters to adapt to complex tasks, espe-
cially with limited training data. Through multiple
rounds of fine-tuning and ensemble combination,
the model potential can be better explored, allow-
ing each learner to focus on specific aspects of the
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task, resulting in overall optimization.

B Recurrent Ensembling The Base
Learners: Algorithm and Illustration

Here, we present further details of RGPT in Algo-
rithm 1 and the overall architecture of ensembling
in Fig. 2

Algorithm 1 Recurrent ensemble Learning of
RGPT
Require:
1: Input:
2: DO, Original training dataset with N samples
@@ O
L My: LLaMA 2 as initial base learner
K: Number of base learners

3:
4:
Ensure:

5: Output:

6: Mensembie: Recursively ensembled model
7: Training:

8 Initialize data weights W(© = {w§0>, o wﬁ)}

where wEO) =%,VieN

9: fork=1,2,...,Kdo
10: Construct prompt Promptgk) =INS; ® :rgk)
11: Fine-tune £ M, with weighted training samples:
LMy = argminge) Z w™ - Ly® (2P 0))
D(k)
12: Compute error rate %) of LM,
13: Calculate weight coefficient a® = log lzf,:)k) +
log(c —1)
14: Update data weights for k 4+ 1" iteration:
w® —_a®) k k
k1) _ ) f LM (M) =y
W= b (k) (k)
e LM) #
15: Normalize weights by Zj, to ensure Zf\’: 1 wz(k“) =
1
16: Inference:
17: fork=1,2,..., K do
18: Forward the prompt through k%" base learner LM,
19: Obtain the classification result g§’“>
20: Update prompt for next iteration:
Prompt!* ™) = Prompt™ @ {g*, *}
21: return Meysempie = F(LMa, LMo, ..., LMk)
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