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Police robots are used to assist police officers in performing tasks in complex environments, so as to
improve the efficiency of law enforcement, ensure the safety of police officers and maintain social
stability. With the rapid development of science and technology, police robots are widely used in the
field of public security, such as alarm reception, patrol, explosive disposal, reconnaissance and so on.
However, police robots still have the problem of analysis deviation in the process of receiving the
alarm, which leads to the low efficiency of police dispatch. This study aims to enhance the police
alarm automatic analysis ability of the police robots to assist in the dispatch of police. In this paper,
we propose a novel method (FSTC-LLM) for sample augmentation based on large language model and
noise reduction. The experimental evaluations are carried out on the alarm data set and the THUC
News data set. The results show that the proposed FSTC-LLM has excellent performance in few shot
text augmentation tasks, and can assist police robots to complete the task of automatic analysis of
alarm with high quality, which is of great significance to enhance public security.
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1. Introduction

In recent years, with the vigorous development of police robot
technology, various kinds of robots have emerged, such as the
intelligence robot to automatically receive and analyze the alarm,
the traffic robot to guide the traffic, and the explosive disposal
robot [1] to find and dismantle explosives. In the process of
automatically receiving and dispatching police, the intelligence
robot needs to realize the human-computer interaction function,
alarm analysis and task dispatch. However, due to the difficulty
of obtaining a large number of high-quality data in the field
of police to meet the training of the model, the trained model
has weak generalization ability and the phenomenon of over-
fitting. As a result, the intelligence robot still has the problem of
alarm analysis deviation in the process of automatically receiving
and dispatching police. It greatly limits the application of police
robots.

In order to improve the ability of automatic alarm analysis,
police robots need to use limited sample data to train models to
complete the task of accurate alarm classification. To solve the
problem of insufficient training data, researchers have proposed
various methods. Zhou et al. [2] proposed a data augmenta-
tion method, FlipDA, to improve the effect of small sample text
classification tasks. Lei et al. [3] proposed the Task-Adaptive Ref-
erence Transformation (TART) network to enhance generalization
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by transforming class prototypes into per-class fixed reference
points in the task-adaptive metric spaces. At present, few-shot
learning is mainly divided into three types: based on data aug-
mentation, based on model fine-tuning and based on transfer
learning [4]. The known methods have good performance in the
field of few-shot learning, but there are still many shortcomings.
Firstly, under the specific background of automatic alarm analysis,
there are many kinds of alarm text data with sparse semantics,
and it is difficult to extract data features. In addition, some data
augmentation methods generate a lot of noise while generating
new data, which pollutes the training data and leads to low
training accuracy.

In order to solve the above problems, we propose a new
method FSTC-LLM (Few Shot Text Classification Frame Assisted
by Large Language Model) for automatic alarm analysis robot em-
bedded with large language model (LLM), which designs various
prompts according to the task of alarm analysis. Fine-tuning the
LLM using LoRA generates the required enhanced sample data.
In the training process, in order to suppress the interference of
the LLM generation sample hallucination, a confidence learning
module is designed to reduce the noise of the generated alarm
sample data. The FSTC-LLM proposed in this paper only needs
a small number of supervised samples to complete the task of
automatic identification of alarm with high quality, which solves
the problems of difficult acquisition of supervised samples and
high cost of manual labeling. The main contributions of this paper
are:
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(1) We propose a police robot technology of automatic alarm
analysis embedded with large language model, which im-
proves the effect of few shot text classification task and
enhances the ability of automatic alarm analysis of police
robot.

(2) With the help of the LLMs, the enhanced alarm sample
data set is generated. The effect comparison tests of sev-
eral existing LLMs fine-tuning methods on the task of text
classification are completed, and a scheme of instruction
fine-tuning of LLMs based on feedback test is proposed.

(3) In the training process, the idea of confidence learning
is introduced to denoise the pseudo-label samples, which
solves the problem of output hallucination of the LLMs.

(4) Two experimental schemes are designed to verify the pro-
posed alarm analysis robot technology. Verify the advance-
ment of the model on the public data set THUC News and
the effectiveness of the model on the alarm data set.

2. Related works
2.1. Policing text classification method

Alarm classification is an indispensable component of modern
policing. As a crucial element of contemporary policing technolo-
gies, police robots can integrate deep learning algorithms with
advanced robotic technologies, such as multimodal strain sensing
system [5], legged odometry [6], and comprehensive locomotion
control in humanoid robots [7]. These robots can not only en-
hance the efficiency of police operations, but also alleviate the
work burden of police officers to some extent. The application
of alarm classification in police robots is mainly to help police
robots make reasonable judgments and decisions through fast
and accurate classification of alarm data, so as to achieve efficient
and accurate automatic police dispatch function.

Text classification refers to the process by which a computer
maps a text containing information to one or several categories
of topics. Early text classification techniques used traditional
machine learning methods. With the continuous development
of internet technology and the explosion of text data volume,
deep learning methods have garnered wide attention from both
academia and industry, including Convolutional Neural Networks
(CNN) [8], Recurrent Neural Networks (RNN), and Long Short-
Term Memory (LSTM) Networks [9]. Guo et al. [10] proposed a
legal case classification model RnnTd based on LSTM and tensor
decomposition layer. On the basis of TextCNN, Wang et al. [11]
introduced an attention mechanism at the input layer and em-
ployed a word filtering algorithm to establish the ATextCNN
model, specifically designed for multi-class alarm classification
tasks. Zhou et al. [12] combined BiLSTM, BiGRU and a convo-
lutional multi-head attention mechanism to identify fraudulent
phone text. To further enhance the flexibility and generalization
capabilities of the model, researchers proposed the concept of
pre-trained language models. For example, Yuan et al. [13] in-
troduced a BERT-RCNN hybrid approach to classify imbalanced
Chinese traffic accident texts. After that, a series of LLMs, such as
ChatGPT, Alpaca, and ChatGLM have gradually come into people’s
vision and been applied to police tasks.

2.2. Large language models method

LLMs are computational models capable of understanding and
generating human language. These models are typically pre-
trained on extensive unlabeled datasets to acquire vast amounts
of linguistic knowledge. Subsequent techniques such as instruc-
tion fine-tuning, reward modeling, and reinforcement learning
are employed to enhance their adaptability to downstream tasks.
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LLMs have been widely applied in the field of human-computer
interaction [ 14]. For example, Chung et al. [ 15] proposed a method
for data generation by integrating LLMs with human interven-
tion. Ding et al. [16] evaluated the performance, time, and cost-
effectiveness of three different data annotation approaches based
on GPT-3. Chen et al. [17] trained models with counterfactually
augmented data to capture representations of causal structures
within tasks. In the policing domain, Xing et al. [18] leveraged
LLMs to extract key entities from police reports.

Although LLMs provide efficient methods for text classification
tasks, they still face some difficulties: Firstly, the ability of the
professional field is insufficient. Compared with traditional deep
learning models, LLMs have stronger adaptability and general-
ization ability. However, because LLMs are trained on general
large-scale data sets, they only perform well in the tasks of
the general field, but in some specific professional fields, the
prediction accuracy of the model is low due to the lack of relevant
training corpus.

Secondly, LLMs are prone to generating hallucinations. With
the continuous development of artificial intelligence, various
LLMs have emerged, demonstrating exceptional performance in
tests and exhibiting near-human semantic understanding capa-
bilities, but they cannot avoid output results that deviate from
the facts. Since LLMs are trained on large-scale general-purpose
data, they have broad prior knowledge base many domains,
which sometimes leads to the generation of seemingly correct
but unfounded information. In text classification tasks, unlike
traditional deep learning models, which finally output definitive
class labels through a softmax layer, LLMs may generate content
outside the predefined label set, thereby interfering with the text
classification task.

2.3. Few-shot learning method

Few-shot learning is a method that trains the machine learn-
ing model with limited supervised information [19]. Its main goal
is to learn a classifier for new categories using only a very small
number of training samples.

With the development of artificial intelligence technology,
deep learning models have been widely applied to NLP tasks,
but training deep learning models relies heavily on large-scale
supervised datasets. In some specific fields, it is difficult to ob-
tain abundant high-quality supervised data, which restricts the
deep learning models. Therefore, few-shot learning has gradually
attracted the attention of researchers. Wang et al. [20] proposed
a data augmentation method based on prompt, which trains a
small-scale soft prompt in the pre-training language model to
ensure the quality of the generated data. The data augmentation
method solves the problems of weak generalization ability and
overfitting of the model caused by insufficient sample sizes in
the field of NLP. Northcutt et al. [21] following a data-centric
approach, proposed the confident learning framework to find out
the error samples by evaluating the joint distribution of the true
label and the pseudo-label.

3. Prompt-based data augmentation few shot text classifica-
tion method

In order to solve the problems such as the difficulty of ob-
taining labeled data in specific fields, the weak generalization
ability of few shot text classification model, and the noise of
data after using sample augmentation technology, this paper
constructs different prompts for specific text classification tasks,
uses different prompts to fine-tune the LLM, and obtains the op-
timal fine-tuned LLM under the optimal prompt. And, this paper
constructs a framework of few shot text classification assisted
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Example: "You are a telecom fraud alarm classification expert, please judge the
following texts belong to ['loans and credit cards', 'click farming', ‘false shopping
and services',' false investment and financial management', 'impersonating public
security laws and other identities','game products false transactions'] in the kind of
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Fig. 1. Large Language Model Assisted Few Shot Text Classification Framework (FSTC-LLM). Since it is difficult to obtain labeled datasets in specialized fields, few
shot labeled samples are used as inputs to fine-tune the LLM. Then, the best-performing fine-tuning model is used as a pseudo-label generator to label large-scale

unlabeled data.

by large language model (FSTC-LLM), which combines the fine-
tuning technology related to LLMs and uses the auxiliary means
such as confidence learning to generate augmentation samples
so as to achieve the task of few shot text classification. The
framework is shown in Fig. 1.

As shown in Fig. 1, the FSTC-LLM framework proposed in this
paper can be divided into three parts, namely, Augmented sample
generation based on large language model, Confidence learning
sample noise reduction and Deep learning training. Augmented
sample generation based on large language model: Firstly, clean
the labeled few shot data and unlabeled large-scale data. What
is more, use different prompts to fine-tune the LLM on the few
shot data, test the performance of different fine-tuning methods,
and select the fine-tuning weight file of the LLM with the best
performance. And finally, mount the trained model fine-tuning

weight file on the basic LLM and mark large-scale sample data
to obtain a large-scale pseudo-label sample. Confidence learning
noise reduction: The idea of confidence learning [21] is used to
evaluate the joint distribution of real labels and pseudo-labels,
and the Albert model is used to train the five-fold cross model
to calculate the confidence of large-scale pseudo-label data, so as
to screen the data scientifically. Deep learning training: Input the
data with high confidence into the deep learning framework for
training, and get the final text classification results, which verifies
the advancement and effectiveness of the method proposed in
this paper.

3.1. Augmented sample generation based on large language model

Fine-tuning techniques for LLMs can be divided into two
types: full fine-tuning and parameter efficient fine-tuning. In
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Fig. 2. Augmented Sample Generation Based on Large Language Model.

earlier studies, most researchers focused on full fine-tuning, but
training costs increased markedly as model size and task com-
plexity increased. Since then, parameter efficient fine-tuning has
gradually become a hot topic in the research of LLMs. Fixing
most of the parameters of the LLM and adjusting only a small
number of parameters to train the LLM to adapt to downstream
tasks not only greatly reduces the training cost, but also effec-
tively improves the model performance. Next, we will detail two
mainstream methods for parameter efficient fine-tuning.

3.1.1. P-Tuning v2

Prefix-Tuning [22] guides downstream task execution by freez-
ing most of the model’s parameters and training only a prefix por-
tion. The fine-tuning method used in P-Tuning [23] maps discrete
natural language into continuous word embeddings. However,
it inserts these continuous prompts only into the first layer.
Subsequent transformer layers rely entirely on the outputs of
the previous layer for input. This design limits the effective
propagation of continuous prompts to higher layers, constraining
its performance on smaller-scale models.

P-Tuning v2 [24] adopts the idea of deep prompt tuning on the
basis of the previous fine-tuning methods. It introduces prompts
at every layer of the model and no longer relies on reparameter-
ized encoders used in Prefix-Tuning and P-Tuning.

3.1.2. LoRA

Based on the idea of low-rank decomposition, Low-Rank Adap-
tation (LoRA) [25] decomposes a large parameter matrix into two
smaller matrices during training to improve training efficiency.
For pre-trained model parameters Wy, the process of low-rank
decomposition can be expressed as:

Wo + AW = W, + BA (1)

Where W is the initial parameter of the pretrained model, and
AW is the parameter that need to be updated. Traditional full
fine-tuning requires updating the entire parameter set Wy. Using
LoRA fine-tuning, only the matrices A and B, which compose AW,
need to be updated.

3.1.3. Fine-tuning strategy

In this study, we select two general parameter efficient fine-
tuning methods, P-Tuning v2 and LoRA. Compared with other
parameter efficient fine-tuning methods, P-Tuning v2 has less
interference to the model, keeps the original model weights
unchanged during training, and performs well in the task of a
small number of samples. LoRA has high parameter efficiency [26]
and can not only observably reduce the number of training
parameters but also provide finer-grained control over model
weights. Based on these advantages, LoRA is more ideal for
complex tasks. The Augmented sample generation based on large
language model layer is shown in Fig. 2.

First, we preprocess the original text data and design the
appropriate prompts according to the specific downstream task.
These prompts aim to take full advantage of the semantic un-
derstanding capabilities of the LLM during fine-tuning, while

standardizing its outputs to reduce the probability of generating
hallucinations.

Next, we feed the preprocessed data into the LLM, which
is then trained using parameter efficient fine-tuning method to
generate a model for the downstream tasks.

Finally, according to the experimental results, we select the
fine-tuned model with the best performance as a large-scale
pseudo-label generator. It annotates a large number of unsuper-
vised samples to generate a high-quality pseudo-labeled dataset,
further supporting the training of downstream tasks.

During the process of fine tuning the LLM, it may be difficult
to control the fine tuning results because of the low interpretabil-
ity of using parametric efficient fine tuning methods and the
limited scale of fine tuning datasets. To address this issue, we
combine fine-tuning techniques with prompt templates to ensure
the quality of the generated text. For text classification tasks, we
use the specially designed prompt templates, with their specific
forms presented in Table 1 (Chinese prompt was used to train the
model).

The Prompt 1 is a basic prompt to inform the LLM of the text
classification task; the Prompt 2 is added with identity informa-
tion to improve the understanding ability of the LLM; as the LLM
is a generative language model, the next sentence output is added
in the Prompt 3; the Prompt 4 allows the LLM to explain the
reasons for classification to enhance interpretability; the Prompt
5 uses a thinking chain to allow the LLM to think step by step.

3.2. Confidence learning sample noise reduction

Due to the fine-tuned LLM is used to generate labels for large-
scale unsupervised samples, there are a large number of noisy
samples in the pseudo-label data set, and the effect of the model
will be greatly limited if it is directly used as a training set to
train the deep learning model. Therefore, with the help of the
idea of confidence learning [21], this paper adds a confidence
learning noise reduction layer to the few shot text classification
framework assisted by a LLM to reduce the noise of large-scale
pseudo-label samples and alleviate its impact. The confidence
learning sample noise reduction framework is shown in Fig. 3.

As shown in Fig. 3, the confidence learning sample noise
reduction framework is divided into two modules. Assuming
that there is a noisy data set X, [m] is the set of sample labels
representing {1, 2, 3...mj}, for every sample x € X, there is an
unknown true label y* and a possibly noisy original label y. The
confidence learning screens out false samples through the joint
distribution of y* and y. The algorithm pseudo-code is as follows.

3.2.1. Estimating the joint distribution of noisy and true labels
First, a 5-fold cross-validation is performed on the pseudo-
labeled dataset X. The N samples are evenly divided into 5 parts,
each containing % One of them is used as the test set, and the
other four parts are used as the training set for fine-tuning the
pre-trained Albert model. Then, we use the fine-tuned Albert
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Table 1
Prompts.
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Number

Prompt

Prompt 1
Prompt 2
Prompt 3

Prompt 4

Prompt 5

Prompt 1

Prompt 2

Prompt 3

Prompt 4

Prompt 5

Please judge the following text belong to [‘entertainment’, ‘game’, ‘science’, ‘society’, ‘finance’, ‘property’, ‘education’, ‘sports’]
in the kind of news titles? \n - \n[text]

You're an expert in classifying news titles, please judge the following text belong to [‘entertainment’, ‘game’, ‘science’,
‘society’, ‘finance’, ‘property’, ‘education’, ‘sports’] in the kind of news titles? \n - \n[text]

You're an expert in classifying news titles, please judge the following text belong to [‘entertainment’, ‘game’, ‘science’,
‘society’, ‘finance’, ‘property’, ‘education’, ‘sports’] in the kind of news titles? \n - \n[text] \n - \n The category of this text is:
You're an expert in classifying news titles, please judge the following text belong to [‘entertainment’, ‘game’, ‘science’,
‘society’, ‘finance’, ‘property’, ‘education’, ‘sports’] in the kind of news titles? Please first explain the basis of the classification,
and then give the result of the news title classification, only the result of the news title classification is output. \n - \n[text]
You're an expert in classifying news titles, please judge the following text belong to [‘entertainment’, ‘game’, ‘science’,
‘society’, ‘finance’, ‘property’, ‘education’, ‘sports’] in the kind of news titles? Please first summarize the content of the text,
and then give the result of the news title classification, only the result of the news title classification is output. \n - \n[text]
Please judge which of the following texts belong to [‘loans and credit cards’, ‘click farming’, ‘false shopping and services’,
‘false investment and financial management’, ‘impersonating public security laws and other identities’, ‘game products false
transactions’] in the kind of telecom fraud alarm? \n - \n[text]

You are a telecom fraud alarm classification expert, please judge the following texts belong to [‘loans and credit cards’, ‘click
farming’, ‘false shopping and services’, ‘false investment and financial management’, ‘impersonating public security laws and
other identities’, ‘game products false transactions’] in the kind of telecom fraud alarm? \n - \n[text]

You are a telecom fraud alarm classification expert, please judge the following texts belong to [‘loans and credit cards’, ‘click
farming’, ‘false shopping and services’, ‘false investment and financial management’, ‘impersonating public security laws and
other identities’, ‘game products false transactions’] in the kind of telecom fraud alarm? \n - \n[text] The category of this
text is:

You are a telecom fraud alarm classification expert, please judge the following texts belong to [‘loans and credit cards’, ‘click
farming’, ‘false shopping and services’, ‘false investment and financial management’, ‘impersonating public security laws and
other identities’, ‘game products false transactions’] in the kind of telecom fraud alarm? Please first explain the basis of the
classification, and then give the result of the telecom fraud alarm classification, only the result of telecom fraud alarm
classification is output. \n - \n[text]

You are a telecom fraud alarm classification expert, please judge the following texts belong to [‘loans and credit cards’, ‘click
farming’, ‘false shopping and services’, ‘false investment and financial management’, ‘impersonating public security laws and
other identities’, ‘game products false transactions’] in the kind of telecom fraud alarm? Please first summarize the content
of the text, and then give the result of the telecom fraud alarm classification, only the result of the news title classification is
output. \n - \n[text]

Noisy predicted Confident joint, CZ'V'

Noisy data, X
(%, YYe(R?, Zso)"

probs, p (V; X, 6)
—{ Model, 6 }—» Noisy inputs

Clean data

Estimate of joint, Q;; - a

Fig. 3. Confidence Learning Sample Noise Reduction.

for category j. The calculation formula is as follows:
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Data set 1 ~
Train Test tj= ﬁ Z P(y :J;X’G) (2)
V=) xeXyJ
—E R
! Among, Xy:j| represents the number of samples in the set
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— E,
: belonging to category j. For sample, we consider its true label
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—E, >E=%§E y* is determined as the category j corresponding to the maxi-
i mum probability P[i][j] and P[i][j] > t[j]. Then we compute the
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Fig. 4. Flow Chart of Five-fold Cross Validation.

model to predict the test set, generating the predicted proba-
bilities P[i][j] for all samples. The flow chart is shown in Fig.

4,

4" iteration I:.:I:I:‘ —E, counting matrix G, «[i][j]. The calculation formula is as follows:

—E G i1l = [Kymiyeo 3)
R Xe€Xpi p(y=4j;x.0) = t;,
Xy=iy=j = \j= argmax p([y=1x0) (4)

le[m]:p(y=1;x,0)>t;

Finally, we calibrate the counting matrix to make its sum of
the counting matrix is the same as the total amount of data, and
normalization is performed to obtain the joint distribution of the
predicted labels and the given labels. The calculation formula is
as follows:

The samples are grouped according to their categories, and

the set of samples with the possibly noisy original category j is R
denoted as Xj—;. For each category j, the confidence threshold ¢; Q=iyr=j = —
was calculated as the average probability of the samples in X;—; Zie[m],je[m] (m : |Xy:i|)

C;



Z. Liu, H. Sun and D. Yuan

Biomimetic Intelligence and Robotics 5 (2025) 100220

Table 2 Table 3

Division of THUCNEWS dataset. Division of Alarm dataset.
THUCNews dataset train augmentation test Alarm dataset train augmentation test
10shot 80 1600 16 000 20shot 120 1200 120
20shot 160 1600 16000 30shot 180 1200 120

Table 4
322 Cleaning data The symbol definition and calculation method.
First, for the non-diagonal elements of the counting matrix C, Symbol Name Meaning
n- Qy:i,y*:j samples are selected to be sorted by the maximum TP True positive The truth is a positive sample and the

margin for filtering to obtain the list of error label samples Lyeror1.

Next, for each category, select n - st[m]:j ” Qy:i’y*:j[i] samples
to filter according to the lowest probability to obtain a list of error
label samples Lyeror2. Finally, take the intersection of Lyeror1 and
Lyerror2, then remove the samples with error labels in the original

data set X. As a result, we can obtain a clean data set Lygeqy.
Algorithm 1 Confidence Learning Sample Noise Reduction

Input: Dataset X, Set of sample labels [m]

Output: Clean dataset Xclean and corresponding label set
[Mclean]

1: Initialize the clean dataset Xclean as an empty set and the
clean label set [Mclean] as an empty set

2: Get the original label y_original for each sample xeX

3: The 5-fold cross-validation is performed on the dataset X to
obtain the probability P for each sample under the class

4: For each possible label y € [m], the confidence threshold t and
the count matrix C are calculated on the joint distribution Q

5: For the non-diagonal units of the counting matrix C, n -
Qy:iﬁy*:j samples are selected for filtering, and sorted accord-
ing to the maximum margin to obtain the list of error label
samples Lyerror1. For each category, n - > (Qyz,-’y*zj[i])

J€ [mlj#i

samples are selected for filtering and sorting according to the
lowest probability to obtain the list of error label samples
Lyerror2, and the intersection Lyerror Of Lxerror1 and Lyerrorz 1S
taken

6: for each sample xeX do

7:  if x € Lyeror then

8: Add sample x to Xclean

9: Add label y_original to [Mclean]
10: end if

11: end for

12: return the clean dataset Xclean and the corresponding label
set [Mclean]

4. Experimental verification and analysis

In order to verify the effectiveness of the proposed FSTC-LLM
framework in text classification tasks, experiments are carried
out on the public data set and the police data set respectively.
Firstly, prompts are designed for specific text classification tasks,
and fine-tuning experiments are carried out on ChatGLM3-6B
using different prompts and different fine-tuning methods. We
select the prompt with the optimal performance and the LLM to
perform large-scale sample data marking to obtain an enhanced
sample data set. Then the idea of confidence learning is used to
denoise large-scale labeled samples, and the denoising effect is
compared. Finally, the denoised data is sent to the deep learning
model for training.

4.1. Experimental dataset

We select two datasets for experimentation: the publicly avail-
able Chinese news text classification dataset THUCNews, and

prediction is a positive sample

FP False positive The truth is a negative sample and the
prediction is a positive sample

TN True negative The truth is a negative sample and the
prediction is a negative sample

FN False negative The truth is a positive sample and the

prediction is a negative sample

a specialized police alarm dataset. Next, we elaborate on the
characteristics of the datasets.

The THUCNews dataset is a widely used Chinese news text
classification dataset containing about 740,000 news articles
across 14 categories. Each news includes both a title and body
content. We select title data from eight categories: Entertain-
ment, Game, Science, Society, Finance, Property, Education, and
Sports as the experimental subjects. The average length of the
resulting subset samples is about 20 words.

To evaluate the model’s performance in few-shot learning
scenarios, experiments were conducted using 10shot and 20shot
strategies. Small samples were randomly selected from each cat-
egory to fine-tune the LLM. The fine-tuned model was then used
to generate labels for 1600 data samples. To enhance the quality
of generated labels, confidence learning sample noise reduction
layer was introduced to denoise the pseudo-labels. The clean data
was subsequently split into training and validation sets in an
8:2 ratio for training the deep learning model. Additionally, 2000
samples from each category were selected, denoised using the
confidence learning approach, and used as a test set to evaluate
model performance. Details of the data partitioning are presented
in Table 2.

The police alarm dataset consists of 6013 telecommunication
fraud alarms classified into six categories: Loans and Credit Cards,
Click Farming, False Shopping and Services, False Investment and
Financial Management, Impersonation Public Security Laws and
Other Identities, and Game Products False Transactions.

In the experiments, 20shot and 30shot sample datasets were
selected from each category to fine-tune the LLM. The fine-tuned
model was then used to generate labels for 1200 samples, which
were subsequently denoised using a confidence learning sample
noise reduction layer. The denoised data was divided into training
and validation sets in an 8:2 ratio to train the deep learning
model. Additionally, 120 samples were selected, denoised us-
ing the confidence learning approach, and used as a test set to
evaluate model performance. Details of the data partitioning are
presented in Table 3.

The THUCNews dataset includes 8 representative categories,
covering diverse categories such as Entertainment, Science, and
Finance, with the diversity of general fields. The police alarm
dataset focuses on six high-frequency categories within the do-
main of telecommunication fraud, being more in line with the
typical characteristics of the professional field. This selection
fully demonstrates the text classification ability of the model in
different fields. To ensure the robustness of model evaluation,
the number of text samples in each category was kept balanced.
The training, validation, and test sets undergo confidence learning
sample noise reduction layer and are evenly distributed according
to predefined ratios.
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4.2. Experimental evaluation index

In this paper, the accuracy (ACC) and F1-measure in the tra-
ditional text classification task are used to evaluate the perfor-
mance of the FSTC-LLM framework proposed in this paper. The
symbol definition and calculation method are shown in Table 4.

4.2.1. Accuracy

Accuracy represents the proportion of correctly classified sam-
ples to the total number of samples, and its calculation formula
is as follows:

TP + TN
accuracy = (6)
TP + TN + FP + FN
The higher the accuracy, the better the performance of the text
classification model.

4.2.2. F1 measure
We also incorporate the F1 measure for assessing the model’s
performance, and its calculation formula is as follows:

P
pP= 7)
TP + FP
P
R= — (8)
TP + FN
2PR
F1= 2~ (9)
P+R

The Precision (P) is used to represent the proportion of the
number of true positive samples among all the predicted positive
samples. The Recall (R) is used to represent the proportion of the
actual number of true positive samples predicted out of all the
actual number of positive samples. In general, the Precision and
Recall cannot be increased or decreased at the same time, and a
metric is needed to find a balance between them. Therefore, we
consider both Precision and Recall of the model, and introduce
F1 measure to comprehensively evaluate the performance of the
model. The higher the F1 measure, the better the performance of
the model.

4.3. Experimental parameters and environment

The experimental environment for this paper is Ubuntu 22.04
operating system, GPU processor is NVIDIA A100 graphics card,
with 40 GB of memory, programming language is Python 3.10.13,
and CUDA version is 12.2. The LLMs deep learning framework for
the model uses Pytorch 2.1.2 and Transformers 4.36.2. In the fine-
tuning experiment of the LLMs, the average time for fine-tuning
the police alarm data set is 345.4 s, and the average time for fine-
tuning the THUCNews data set is 161 s. In addition, to evaluate
the scalability of the method, we also conducted experiments on
the NVIDIA RTX 3090 GPU, verifying that it can complete the task
of generating pseudo-labels and subsequent tasks. In practical
applications, the alarm text classification model can be run on
an Intel Core i9-13900H CPU, with an average inference latency
of approximately 15 items per second.

4.4. Experimental results and analysis

4.4.1. Comparison of the enhancement effects of LLMs

In this paper, ChatGLM3-6B, the third generation LLM jointly
released by Tsinghua University and Zhipu Al, is selected as
the basic LLM. Compared with the second generation model,
ChatGLM3-6B uses more diverse training data, more sufficient
training steps and more reasonable training strategies, and its
performance in many NLP tasks is better than that of the ba-
sic model below 10B in the same period. Compared with the

Biomimetic Intelligence and Robotics 5 (2025) 100220

Table 5

Fine-tuning results for LLMs on the THUCNEWS dataset (ACC/%).
Prompt Pt v2(10s) LoRA(10s) Pt v2(20s) LoRA(20s)
Prompt1 88.06 88.56 89.75 91.31
Prompt2 89.38 88.88 90.31 91.25
Prompt3 88.13 88.00 90.25 91.13
Prompt4 88.50 89.25 90.25 89.75
Prompt5 88.00 89.50 90.13 90.56

large model ChatGPT with 100 billion parameters of decoder
architecture only, ChatGLM3-6B, which uses the idea of encoder—
decoder architecture, has a significant advantage of lightweight
operation with 600 million model parameters, and because of
the confidentiality of data in police robots, the use of domestic
open-source LLM is more conducive to data confidentiality.

In order to study the influence of fine-tuning on the LLM,
based on ChatGLM3-6B, this paper uses THUCNews data of 10shot
and 20shot samples and police alarm data of 20shot and 30shot
samples to fine-tune the model by P-tuning v2 and LoRA, and
evaluates the performance using ACC and F1 measure. The ex-
perimental results of THUCNews data are shown in Table 5.

On the THUCNews dataset, the fine-tuning effect of LoRA is
better than that of P-tuning v2, the effect of Prompt 5 is the best
under the 10shot sample size, the accuracy rate is 89. 5%, and the
effect of Prompt 1 is the best under the 20shot sample size, the
accuracy rate is 91. 31%. The quality of the fine tuning using the
prompt is higher and the model output hallucination is reduced.

The experimental results of alarm data are shown in Table
6. On the alarm dataset, the fine-tuning performance of LoRA is
also better than P-tuning v2. We found that using the Prompt
3 worked best on both of the two small sample sets. The ac-
curacy rates were 85.42% with the 20shot and 86.5% with the
30shot. Therefore, we used the Prompt 3 to carry out subsequent
pseudo-label generation for the alarm data set.

Although the prediction accuracy of LLMs can be significantly
improved by combining parameter efficient fine-tuning with
prompt-based template fine-tuning, the pseudo-labeled data gen-
erated through this process still contains incorrect labels. We
define these erroneously generated samples as noise.

4.4.2. Comparison of the effects of confidence learning sample noise
reduction

In order to further analyze the capability of the text classifica-
tion framework assisted by large language model, the influence of
the confidence learning sample noise reduction on the framework
is discussed next. The confidence learning noise reduction is used
to reduce the noise of the sample data that generates the label.
The experimental results are shown in Table 7.

It can be seen from Table 7 that the confidence learning noise
reduction can effectively clean a large number of noise samples,
and the cleaned samples account for 4.3% to 5.4% of the total
samples, so as to improve the accuracy of deep learning training
data.

4.4.3. Comparative test

The data set denoised by confidence learning is defined as
Xclean. For each set of data, this experiment uses different deep
learning models to experiment on the enhanced THUC and alarm
samples. The experimental results are shown in Tables 8 and 9.

It can be seen from Table 8 that, compared with the fine-
tuned LLM, the general text classification ability of the few-shot
text classification framework assisted by large language model is
stronger, the accuracy of the best performance under the sample
size of 10shot is 91.44%, and the accuracy of the best performance
under the sample size of 20shot is 92.32%, which were 2.17% and
1.11% higher than that of the basic LLM, respectively.



Z. Liu, H. Sun and D. Yuan

Biomimetic Intelligence and Robotics 5 (2025) 100220

Table 6 Table 12
Fine-tuning results for LLMs on the alarm dataset (ACC/%). Experimental results of undenoised datasets and denoise datasets (Alarm).
Prompt Pt v2(20s) LoRA(20s) Pt v2(30s) LoRA(30s) Model Type ACC/% ACC/% F1 F1
Prompt1 82.83 83.92 8433 84.08 (20s) (30s) (20s) (30s)
Prompt2 83.58 84.33 85.08 84.92 FSTC-LLM- Xclean 87.50 89.06 0.8752 0.8839
Prompt3 85.17 85.42 86.25 86.50 ERNIE Xdirty 84.38 81.25 0.8462 0.8078
Prompt4 83.17 84.25 84.00 85.08 FSTC-LLM- Xclean 88.14 88.98 0.8797 0.8870
Prompt5 82.83 84.50 83.33 85.00 RoBERTa Xdirty 83.90 81.36 0.8363 0.8099
FSTC-LLM- Xclean 85.94 87.50 0.8607 0.8731
BERT Xdirty 82.81 82.81 0.8309 0.8210
Table 7 FSTC-LLM- Xclean 85.59 87.29 0.8556 0.8715
Noise reduction of augmentation samples. XLNet Xdirty 82.20 83.90 0.8204 0.8330
THUC Alarm
Total number of enhanced samples 1600 1200
10/20 shot Enhanced Sample Cleanu 72 65 . . .
20§3o shot Enhanced SamEle Cleanug 35 50 under the 30shot sample size is 89.06%, which were 3.18% and

Table 8
Experimental results of few shot text classification framework assisted by large
language model (THUCNEWS).

THUC ACC/% ACC/% F1 F1
(Xclean) (10shot) (20shot) (10shot) (20shot)
GLM Fine Tuning 89.50 91.31 0.8973 0.9144
FSTC-LLM-ERNIE 91.13 92.32 0.9112 0.9236
FSTC-LLM-RoBERTa 91.31 92.03 0.9125 0.9208
FSTC-LLM-BERT 91.44 91.66 0.9140 0.9170
FSTC-LLM-XLNet 91.04 91.64 0.9096 0.9163
Table 9

Experimental results of few shot text classification framework assisted by large
language model (Alarm).

Alarm ACC/% ACC/% F1 F1
(Xclean) (20shot) (30shot) (20shot) (30shot)
GLM Fine Tuning 85.42 86.50 0.8556 0.8618
FSTC-LLM-ERNIE 87.50 89.06 0.8752 0.8839
FSTC-LLM-RoBERTa 88.14 88.98 0.8797 0.8870
FSTC-LLM-BERT 85.94 87.50 0.8607 0.8731
FSTC-LLM-XLNet 85.59 87.29 0.8556 0.8715
Table 10
Experimental results of deep learning models.
Model ACC/% F1 ACC/% F1
(THUC) (THUC) (Alarm) (Alarm)
FSTC-LLM 92.32 0.9236 89.06 0.8839
ERNIE 77.59 0.7600 85.59 0.5800
RoBERTa 89.84 0.8982 83.90 0.8319
BERT 88.06 0.5000 83.90 0.6500
BERT-DPCNN 87.38 0.8746 83.90 0.8367
TextCNN-Att 74.42 0.7430 81.36 0.8105
XLNet 84.80 0.8447 41.53 0.3543
Table 11
Experimental results of undenoised datasets and denoise datasets (THUCNews).
Model Type ACC/% ACC[% F1 F1
(10s) (20s) (10s) (20s)
FSTC-LLM- Xclean 91.13 92.32 09112 0.9236
ERNIE Xdirty 90.69 67.42 0.9066 0.6440
FSTC-LLM- Xclean 91.31 92.03 0.9125 0.9208
RoBERTa Xdirty 90.55 91.04 0.9051 0.9112
FSTC-LLM- Xclean 91.44 91.66 0.9140 0.9170
BERT Xdirty 90.81 91.13 0.9084 09116
FSTC-LLM- Xclean 91.04 91.64 0.9096 0.9163
XLNet Xdirty 90.51 91.16 0.9046 09114

It can be seen from Table 9 that, compared with the fine-
tuned LLM, the alarm text classification ability of the few-shot
text classification framework assisted by large language model is
stronger, the accuracy of the best performance under the 20shot
sample size is 88.14%, and the accuracy of the best performance

2.96% higher than that of the basic LLM, respectively.

In order to further verify the classification ability of the frame-
work, this paper uses 30shot original samples to train the deep
learning models, and the experimental results are shown in Table
10.

As shown in Table 10, the best accuracy of the deep learning
model trained with 30shot is 89.84% and 85.59% respectively, but
the classification effect is slightly inferior to that of the FSTC-
LLM framework. The effectiveness of the proposed framework is
verified.

4.4.4. Ablation experiment

We cancel the confidence learning sample noise reduction
layer to explore the effect of it, and define the dataset with noise
as Xdirty. We use each set of data to train different deep learning
models. The experimental results are shown in Tables 11 and 12.

It can be seen from the Tables 11 and 12 that the training
effect of Xclean is better than that of Xdirty under the four deep
learning models, which verifies the role of the confidence learning
sample noise reduction layer in this framework.

5. Conclusion

In this paper, the police robot is studied, and a novel method
(FSTC-LLM) is proposed for sample augmentation based on LLM
and noise reduction. The LLM is fine-tuned by few shot sam-
ples, and the fine-tuned LLM is used to enhance the samples,
and then the enhanced samples are cleaned with confidence
model, and finally sent to the deep learning model for training.
In practical applications, the FSTC-LLM-ERNIE model with the
highest accuracy rate is selected to be deployed in the police
robot. The experimental results show that FSTC-LLM performs
well in few shot training and has a good ability of police alarm
classification, which can provide technical support for the police
robot to complete the task of automatic analysis of alarm with
high quality. In the future, we will extend our proposed method
to more tasks, such as assisting police robots in voiceprint and
image recognition.
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