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Abstract

In the rapidly developing field of automatic text generation
and understanding, the quality of input data has been shown
to be a key factor affecting the efficiency and accuracy of
large language model (LLM) output. With the advent of ad-
vanced tools such as ChatGPT, input refinement work has
mainly focused on prompt engineering. However, existing
methods are often too dependent on specific contexts and are
easily affected by individual expert experience and potential
biases, limiting their wide applicability in diverse real-world
applications. To address this problem, this study develops an
Reinforced Token-Level Input Refinement, called RTLIR.
We choose to optimize the input data at the fine-grained level
of tokens, cleverly preserving the original text structure. Op-
erationally, each state is defined by the token set of the cur-

rent text, and each action is a binary decision process to de-
cide whether to retain a specific token information. The agent
automatically calculates and determines the selection proba-
bility of each token based on the current state, thereby opti-
mizing the entire decision process. Through continuous ex-
ploration and learning, the agent can autonomously learn to
identify the key inputs that have the greatest impact on the
generation results and achieve refinement of the input data.
In addition, RTLIR is a plug-and-play, LLM-agnostic mod-
ule that can be used for a wide range of tasks and models.
Experimental results show that RTLIR improves the perfor-
mance of LLM in various input scenarios and tasks, with an
average accuracy increase of 6%.

Code — https://github.com/Tom-HG/RTLIR.git.

Introduction

In the era of big data, large language models (LLMs) have
become a core technology for processing vast amounts of
textual information across sectors such as finance, health-
care, and media (Lee et al. 2024; Wu et al. 2023; Huang,
Wang, and Yang 2023; Yang, Liu, and Wang 2023; Nazi
and Peng 2024; Hadi et al. 2023). These models excel at ex-
tracting valuable information from complex data to support
decision-making and automation tasks (Zhu et al. 2023).
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Figure 1: Examples of input refinement methods. On the left
side, we present the user’s input. The central section delin-
eates the distinctions between our method and the other three
prompt engineering techniques employed to refine the input.
On the right side, the outputs generated by the LLM corre-
sponding to the four methods in the central section.

However, a frequent question these models face is the pres-
ence of irrelevant information in the input data (Narayan
et al. 2022; Mining 2006). This not only consumes sub-
stantial computational resources and lowers processing ef-
ficiency but can also compromise the quality and reliability
of the output (Shi et al. 2023; Chen et al. 2024). In appli-
cations aimed at automatic text generation and understand-
ing, low-quality input can severely distort the generated con-
tent, thereby reducing the actual utility and value of the
model (Shi et al. 2023). Therefore, effectively identifying
and deleting irrelevant information in input, and optimizing
the quality of input data, are crucial for improving the per-
formance and practicality of LLM (Petroni et al. 2019).
Since the advent of ChatGPT (Achiam et al. 2023), its
powerful reasoning capabilities have made prompt engineer-
ing the focus of input refinement (Marvin et al. 2023; Liu
et al. 2023; White et al. 2023). Through carefully designed
prompt text, the model can effectively refine and process
various inputs (Liu et al. 2023). However, despite the suc-
cess of the prompting engineering in certain situations, it has



some fundamental shortcomings (Yoran et al. 2023; Zhou
et al. 2023; Kojima et al. 2022). First, prompt engineering
methods are often highly targeted and difficult to adapt to a
wide range of real-world information inputs (Madaan et al.
2024). This limits its wide applicability in diverse applica-
tion scenarios. Secondly, these methods rely heavily on the
experience of different individuals and experts, which may
not only lead to biased results, but also increase the threshold
for use in tasks and fields (Wang, Shen, and Lim 2023). As
shown in Figure 1, for the same task, different prompt engi-
neering methods may produce very different results. These
limitations highlight an urgent research challenge: How to
develop an efficient and automated method to refine large-
scale text data input, thereby significantly improving the
processing speed and output quality of language models? We
need a new approach that not only maintains understanding
of the original text structure, but also automatically refines
key information in the input, thereby transcending the limi-
tations of traditional prompt engineering.

To address this challenge, this study developed an
Reinforced Token-Level Input Refinement for LLM, named
RTLIR. Specifically, RTLIR chooses to decompose the in-
put text into the most basic constituent units, tokens, and
uses the decomposed token set as the state. By performing
precise refinement at the token level, RTLIR is able to drive
the agent to more accurately identify and enhance key infor-
mation. In the decision-making process, the agent adopts a
binary choice mechanism, that is, deciding whether to keep
each specific token. Each decision calculates the selection
probability based on the current state and the expected out-
put quality. This approach enables the agent to precisely
control the retention or discard of information and optimize
the input data. The reward mechanism is determined by the
relevance of the LLM output to each word of the input and
the quality of the final output. In this way, the agent can learn
to identify and automatically optimize unnecessary tokens in
the LLM input without manual configuration and filtering. In
addition, RTLIR is plug-and-play and LLM-agnostic, which
can be adapted to the needs of various tasks and models, thus
broadening its potential application scope.

In summary, the main contributions of this paper are:

* We propose a reinforcement learning-based automatic in-
put refinement method called RTLIR, which can analyze
and process tokens in real time, thereby improving the
quality and efficiency of the model.

We present a plug-and-play, LLM-agnostic input refine-
ment module that is adaptable to a variety of tasks and
models, with a wide range of applications.

Experimental validation shows that RTLIR performs sig-
nificantly better than baseline methods in handling differ-
ent inputs and various tasks, demonstrating its superiority
in efficiency and adaptability.

LLM Input Processing

The input for each LLM is descriptive text T. This text un-
dergoes several preprocessing steps, including tokenization
and removal of stop words, which transform the text into a
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sequence of token IDs suitable for processing by the LLM.
The preprocessing transformation is define as

(D

., ID; } represents the sequence

IDq = Preprocess(T),
where IDq = {ID;, 1Dy, ..
of token IDs derived from T.

These token IDs are subsequently converted into corre-
sponding embedding vectors necessary for further process-
ing by the LLM. This transformation is captured by the em-
bedding function ®¢ppeq, define as

Vseq = (I)embed(IDseq)a (2

Where viq = {V1,Va,...,V;} represents the embedding
vector sequence, and each v; is the embedding vector corre-
sponding to ID;. ®eypeq is an embedding function that con-
verts the token ID sequence into an embedding vector se-
quence. Through a conversion process T — IDgeq — Vieq,
LLM to perform tasks based on the processed input.

Problem Formulation

In the task of automatic input refinement for LLM, our goal
is to selectively remove uncritical or irrelevant tag IDs from
the input sequence to enhance the relevance and quality of
the model output. We formalize the task as a Markov de-
cision process (MDP) (Puterman 2014), where the model
needs to maximize the information value of the output while
minimizing the influence of irrelevant tag IDs. In this work,
we define the key components of the MDP as

State S: Each state s € .S represents relevant information
about the text currently being processed.

Action A: Each action a € A includes retaining or delet-
ing the token ID currently evaluated.

Transition Probability T': T'(s’ | s,a) represents the
probability of transitioning from state s to state s’ when
taking action a. This probability is estimated based on
past data and reflects the potential effect of the action
and the response of the environment.

Reward R: R(s, a, s") represents the reward obtained by
taking action a and transitioning from state s to state s’.
The effect of the refined reward feedback input is to eval-
uate the effectiveness of the action.

Environment F: It consists of the LLM and its training
data, which determines the changes of state and reward.
The dynamics of the environment are controlled by the
transition probability I" and the reward R.

Policy 7: The rule that determines which action to choose
in a given state. The policy goal is to find the behavior
sequence that optimizes the reward benefit.

Our goal is to develop a policy 7n* that finds the best se-
quence of actions to effectively remove noise and optimize
the model output. This task can be formulated as:

ZWtR(St,at)l )

t=0
Where v is the discount factor, representing the present
value of future rewards. ¢ represents the step size. E rep-
resents the expectation reward.

3)

7 = argmax E
™



/ Workflow

Prompt
Question: High jump: A boy is
running down a track. The boy,

Choices:
-A: runs into a car.

IIl u

LLM Output Y \
A:runsinto a car. B: gets in a mat.

C: lifts his body
above the height.. hands and ...

D: stands on his
Target

C: lifts his body above
the height of a pole.

i i
1 1
1 :
1 1
i i
1 1
i i
! -B:getsinamat. [} LLM '
1 -Ctlifts his body above the RN SO SRS S . Meta A\ !
' height of a pole. ! Experience Pool ! '
i -D:stands on his hands and ! H Ij:l Ij:l & !
! springs. ! . Prompt ; N LT B e ! !
E E Question: High jump: A boy is E R " ?_ ________________ Target ID E
! Prompt ID " Memory | ! i v e — — 1 [=C.:_lif 't _his!, |
! [—Queston',",'_High!, 77777ttt u_ 'd' - 'P' |_ """" H Vi V2 Vy Ve Vi+1| | '_body’,_above’,...] |
0 A '_boy', '_is' @ pdate Policy ! T L b '
poolume. s, A, Doy, IS, S 4 i Token Embedding Layer yr  vocal &id :
¢ '—running', '_down','_a', ' o LLM&RL E"""°'“e - e el [894,29901,5057,1250 |
v '_track', "', '—_The', '_boy", \ o HE t I b ) ) I
S i O 9 Co i 0,29901,319,8023,...]
| Ty B 000 /B L g [aston D-D-@D-OD | 4
| [894,29901,5057,12500,29901, | | C JO @ b 1 o |1 Jo !
v 319,8023,338,2734,1623,263,5 i @ e H ! . ! !
' ' e : o i i | ID ID ID, ID D, |! !
" 702,29889,450,8023,29892,...] "Policy Network_________ . _ ) \\l __________ R e f __________ i — !, ,

Figure 2: The RTLIR workflow starts by preprocessing the input text into token IDs and embeddings, establishing the initial
state for decision-making. The reinforcement learning agent then iteratively refines the input by evaluating and adjusting each
token’s retention, leading to an optimized and cleaned text output.

Automatic Input Refinement Driven by
Reinforcement Learning

In this section, we will explore in depth the design of RTLIR
states, actions, and rewards, which is the basis for achieving
efficient automatic input refinement.

Workflow of RTLIR

As shown in Figure 2, the RTLIR framework first prepro-
cesses the input text and converts the text into token IDs
and corresponding embedding vectors. This step establishes
the initial state for the subsequent decision-making process,
which consists of token IDs and their embeddings. Subse-
quently, the reinforcement learning agent decides to keep or
delete the action based on the current state by evaluating the
immediate and terminal rewards of each token. The immedi-
ate reward focuses on the processing effect of a single token,
while the terminal reward evaluates the input refinement re-
sult of the entire text. In this way, the agent continuously
learns and updates its policy to optimize the input refine-
ment process and improve the relevance and quality of the
output text. The entire process finally outputs the cleaned
text, achieving effective input refinement of the data.

State & Action Design

In RTLIR, the state encapsulates the current context of the
text being processed and is crucial for effectively applying
input refinement strategies. The state s integrates the embed-
ding of a token and its corresponding action, defined as

|\

Where v; is the embedding vector of the ¢-th token derived
from the embedding layer of the LLM.

Vi,V2,...,V;

“

ai,ag, ...

s = CONCATENATE |:
y Qg
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a; is a binary flag indicating the action decision for the
i-th token, where 1 means keep and 0 means remove. At
model startup, all actions are set to 1 by default, indicating
that all tokens are retained by default, defined as

alzagz...:aizl,

(&)

Where a; = 1 to ensure that no potentially important infor-
mation is lost at the beginning of the learning process.

This design enables RTLIR to incorporate semantic and
behavioral context in each decision step, thereby achieving
more precise input refinement policy adjustment to adapt to
the diversity of text content and task requirements.

Reward Design

The reward function is one of the key factors that determine
the learning effect in reinforcement learning. We designed
two rewards: immediate reward and terminal reward to mea-
sure the impact of keeping or removing operations and guide
the model to optimize the quality of input data.
Immediate reward. The immediate reward is calculated im-
mediately after each operation. It quantifies the direct effect
of a decision by calculating the cosine similarity between
the embedding vector v; of the current token and the target
embedding vector Vv, define as

7’1'(57;7 a’i) = Sim(vi | V) - 67 (6)
Where £ is the threshold, which is used as an adjustment
to balance the impact of similarity, making the model more
cautious in retaining or removing decisions. This design en-
sures that the model can make immediate feedback adjust-
ments based on the current similarity with the target.
Terminal reward. The terminal reward is used to evalu-
ate the overall effect after the entire text processing process



is completed. Unlike the immediate reward, which focuses
on the direct impact of a single operation, the terminal re-
ward considers the change in information quality before and
after input refinement the entire text sequence. If the input
refinement operation makes the result close to the optimal
solution, even a small improvement should be given a rel-
atively high reward to encourage the model to make subtle
adjustments to approach the best performance, defined as

_ IOg p({’seq7 at) - log p(vseqa at)
1ng(v;keq? a‘t) - logp(vseqa Clt) + 1 ’

@)

Tt(é’m at)

Where Vieq, Vseq; Vieq TeSpectively represent the original, in-
put refinement, and optimal input refinement text sequence
embedding. It encourages the agent to consider the quality
of the overall text when input refinement, and also the search
for the processing path that is closest to the ideal state.
Special Case Discussion. When designing rewards, we con-
sidered several special cases:

* Full text removal case: If the model’s operation result is
Vseq = ¢, that is, all text content is removed, we retain
the original text information by default. We tried many
experiments, and this situation is extremely rare.

Original text optimal case: If the original text can be
output correctly, the normal operation should not involve
any intervention. In this case, we still perform input re-
finement operations to extract valuable learning informa-
tion from each input refinement attempt and further opti-
mize the model’s adaptability to specific tasks.

This combination of immediate and terminal rewards en-
ables the model to optimize the actions of each decision and
improve the entire text processing input refinement pipeline
to adapt to different input conditions and task requirements.

LLM Input Refinement Training

In this section, we will introduce how to further optimize the
input refinement ability of the RTLIR framework through
policy learning to ensure that the model can make the best
decisions in various text processing scenarios.

Value Estimation for Input

In RTLIR, the optimization input refinement process is
achieved by learning an effective action policy 7. The goal
is to screen the token most relevant to the answer given the
current input token id as the state, and select the best action
that maximizes the expected total reward. We adopt a value-
based Q learning method to estimate the expected utility of
each possible action. In order to accurately evaluate the po-
tential value Q value of each action, define as

Qs,0:0) = E [ri + ymax Q(s',a's0) | s,0] . (8)

Where 6 represents the network parameters, r; is the reward,
and ~ is the discount factor, which represents the current
value of future rewards. a’ represents one of the possible
actions to be taken in the next state s’.

In addition, in order to separate the intrinsic value of the
state from the added value of a specific action, we adopt
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a double learning network and use value decomposition to
improve the estimation of the Q function, define as

Qs.0) = V(5) + Als.a) = 7 S Alsna), O

Where V(s) represents the best performance that can be
achieved under state s without considering the specific ac-
tion. A(s,a) represents the additional value of taking ac-
tion a. This approach helps the model balance the choice
between retaining key and removing noise information.

Prioritized Experience Replay with Input
Refinement Policy

When processing different task inputs, it is necessary to re-
spond immediately to guide the model to learn the most
effective input refinement policy. To this end, the RTLIR
framework adopts a priority experience replay mechanism.
This mechanism optimizes the storage and management pro-
cess of experience data in the input refinement policy, al-
lowing the model to learn from key experiences faster. All
interaction data is stored in the form of tuples, defined as

(10)

Where each tuple represents a complete transition process,
including the starting state s, the action taken a,, the reward
obtained r, and the result state sy 1.

In addition, in order to effectively select important expe-
riences for accelerated learning, we adopt a priority experi-
ence replay mechanism. In this mechanism, each experience
tuple is prioritized according to the absolute value of its time
difference (TD) (Sutton 1988) error. TD error is a key indi-
cator for evaluating the importance of experience, and the
priority of each experience is defined as

p = |1 +ymax Q(siq1, ar1) — Q(s¢,a¢)| +€, (1)
at+1

(Sm ¢, T, 3t+1);

where p is the priority of storing experience, and € is an ex-
tremely small positive constant that ensures that each stored
experience has a non-zero probability of being reviewed.
This setting prevents any potentially useful experience from
being ignored during the learning process.

RTLIR focuses on those experiences with the greatest ex-
pected learning value and the tokens that are most relevant to
the correct output of LLM, thereby accelerating the learning
process of key information and more effectively adapting to
complex input refinement tasks.

Gradient Descent

We use the gradient descent method to continuously adjust
the network parameters 6 according to the mean square er-
ror (MSE) (James and Stein 1992) between the predicted @
value and the target @ value, so that the model outputs the
result with the maximum total reward, that is, the optimal
output result can be produced after the input text is refined.
The loss function is defined as

L(0) = E [(4 — Q(s1,04;6))’

, 12)
Y =T+ ’YH}IE}XQ(SHha 07),



Setting Qwen2-1.5B Gemma-2B Llama-2-7B vicuna-7B-v1.3 Llama-3-8B
Origin  RTLIR  Origin RTLIR  Origin RTLIR  Origin RTLIR  Origin RTLIR
Enclish 37.60% 42.75% 35.15% 50.15% 31.25% 45.35% 32.25% 48.00% 31.95% 36.80%
& 5.15+1.09 % 1 15.00 £ 1.50 % 7 14.10£1.05 % 1 1575 £ 1.06 % 1 4.85+1.06% 1
Chinese 44.10% 51.55% 51.55% 51.75% 39.70% 55.30% 49.75% 55.30% 40.55% 49.50%
) 745+1.11% 7 0.20+1.12 % 1 15.60 £ 1.09% 1 555111 %7 9.05+1.11 % 7
Spanish 37.00% 42.75% 40.20% 46.90% 35.70% 45.35% 40.75% 45.35% 34.95% 42.55%
P 575+1.10% 1 670+ 1.11% 1 9.65+1.08 % 1 460+ 1.11% 1 7.60 +1.09 % 1
French 52.10% 50.80% 48.65% 47.00% 47.45% 45.15% 47.50% 45.10% 42.75% 47.75%
-1.30£111% ) -1.65+1.12% |  -230+x1.12%] -240+1.11% 500+1.11% 7
German 41.05% 42.35% 46.30% 51.50% 36.50% 55.25% 42.95% 55.25% 34.00% 44.55%
130+ 1.10 % 1 520+ 1.12% 1 1875+ 1.08 % 1 12.30 £ 1.08 % 1 10.55 +1.08 % 1
Japanese 51.05% 53.65% 49.90% 55.05% 42.95% 55.85% 49.40% 55.85% 44.95% 51.15%
panes 265+ 1.11 % 1 SA5+111 % 1290+ 1.11 % 7 645+1.11 %7 620+1.11 % 7
Korean 47.15% 48.90% 52.95% 53.10% 46.65% 5520% 51.55% 54.85% 47.55% 49.80%
175+ 1.12 % 1 015+ 1.12% 1 855+£1.12% 1 330£1.12% 1 225+1.12% 1
Average 4429% 47.54% 47.15% 49.66% 40.03% 51.06% 44.88% 51.39% 39.53% 46.01%
g 325+042% 1 2.51+£042% 1 11.03+£0.41% 1 6.51+041 % 7 6.48 £0.42% 1
Table 1: The performance of different expressions of the same sentence (in different languages).
Where 6~ is the parameter of the target network, and the . __ Llama2
learned parameters are updated regularly from the main net- Dataset Metric Origin RTLIR
work to ensure training stability. Value  +Std.  Value  Std.
Ancient Chinese Acc 39.52 1.51 39.71 1.51
Onptimizati Chinese Civil Service Acc 24.37 3.40 25.62 4.12
ptimization Chinese Foreign Policy Acc 28.04 4.36 28.97 2.48
Through continuous evaluation and adjustment during train- College Actuarial Science | Acc | 31.13 452 3208 456
ing, we optimize the decision policy 7 to predict the action Computer Science Acc | 2647 310 2647  3.10
that maximizes the Q value, define as Computer Security Acc 25.73 3.35 26.32 3.38
Conceptual Physics Acc 25.85 3.62 26.53 3.65
T* (5) = arg max Q(s’ a; 0)7 (13) Machine Learning Acc 2377 3.87 2377  3.87
a Professional Accounting Acc 2343 3.21 2343 3.21
Where this process ensures that each decision 7 selects the CoLA mee | -233 288 058 312
best set of token ids based on the policy. MRPC Fl 8152 162 8171 1.62
QQP Fl 5335 026 5336 0.6
. WNLI Acc | 4507 595 4789 597
Experiments SOCIAL IQA Acc | 4606 113 4616  1.13
To comprehensively evaluate the effectiveness of RTLIR in KorMedMCQA Doctor EM | 59 141 632 144
improving LLM performance through input refinement. We RACE Ace ] 3952 151 371 151

designed a series of experiments to explore its performance
in various text scenarios. The main goal of the experiments
is to answer the following key research questions:

Q1: How does RTLIR perform when processing different
inputs of the same problem?

Q2: How adaptable and performant is RTLIR in different
types of language processing tasks?

Q3: What is the specific impact of reward design on the per-
formance and decision-making process of RTLIR?

Q4: What types of token IDs does RTLIR remove in actual
applications? What is the basis for its decision?

Experimental Settings

Datasets. The experimental data comes from two parts: The
first part is used to verify input diversity. The dataset used is
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Table 2: The performance of RTLIR on various tasks.

PAWS-X (Zhang, Baldridge, and He 2019; Yang et al. 2019),
which includes 23,659 manually translated PAWS evalua-
tion pairs and 296,406 machine translated training pairs,
covering six different types of languages: French, Spanish,
German, Chinese, Japanese and Korean. It aims to test the
stability and effectiveness of the model when dealing with
inputs with high semantic similarity but different surface
forms. The second part is used to verify task diversity. The
data covers a variety of different types of tasks. These tasks
are all from the Language Model Evaluation Harness (Gao
et al. 2021) - the backend of Hugging Face’s popular Open
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Figure 3: An ablation study of Immediate Rewards.

LLM Leaderboard, which has been used in hundreds of pa-
pers and is used internally by dozens of organizations such
as NVIDIA, Cohere, BigCode, and Mosaic ML. It aims to
evaluate the generalization ability and performance of the
model when dealing with different types of tasks.

Baseline Methods. To comprehensively evaluate the per-
formance of RTLIR, we compared its results with those
of mainstream LLM models before and after input refine-
ment. These models include Qwen2-1.5B (Yang et al. 2024),
Gemma-2B (Team et al. 2024), Llama-2-7B (Touvron et al.
2023), Llama-3-8B (Dubey et al. 2024), and Vicuna-7B-
v1.3 (Zheng et al. 2024). More details in Appendix.
Evaluation Metrics. To comprehensively evaluate the im-
provement of RTLIR on LLM performance before and after
input refinement, we use accuracy (ACC), Matthews corre-
lation coefficient (MCC), F1 score and exact match (EM) as
core evaluation metrics. All evaluation results are calculated
based on the Im-eval-harness library (Gao et al. 2021). These
metrics intuitively demonstrate the actual improvement of
input refinement on model performance by comparing the
consistency between model prediction results and true la-
bels. For details, please see the Appendix.

The Study of Input Diversity (Q1)

Table 1 shows the performance indicators before and after
the combination of RTLIR and LLM. For inputs with the
same meaning in different languages, the higher accuracy in-
dicates that the semantic quality of the model input has been
significantly improved. The experimental results show that
the method using RTLIR outperforms the original model in
all aspects on the PAWS-X dataset. Specifically, RTLIR im-
proves the accuracy of Qwen2, Gemma, Llama-2, Llama-3,
and Vicuna by 3.25%, 2.15%, 11.03%, 6.51%, and 6.48%,
respectively. Among the seven languages including English,
RTLIR mostly achieves good performance except French
(only llama3 can achieve good performance). The analysis
found that this is due to the significant differences between
French language structure and expressions and other lan-
guages. After the model has a deeper semantic understand-
ing and perception capabilities, the effect of RTLIR is also
significant. Overall, RTLIR significantly improves the qual-
ity of the processing results by effectively removing noise
from the input. This not only enhances the adaptability of
the model to different language variants but also improves
the accuracy and reliability of information processing.
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Figure 4: An ablation study of Terminal Rewards.

The Study of Task Diversity (Q2)

Table 2 shows the performance of different LLMs on var-
ious tasks before and after applying the RTLIR input re-
finement policy. We present 16 datasets with varying task
types and present results using multiple evaluation metrics.
More detailed indicators and results of different LLMs can
be found in the appendix, and all data will be published si-
multaneously on Hugging Face for community sharing and
verification. Experimental results show that RTLIR signif-
icantly improves multiple performance indicators of LLM
and shows high stability. Especially in 14 datasets, RTLIR +
Llama-2 outperforms the original model. These results fur-
ther demonstrate the versatility of RTLIR in input refine-
ment and improving model performance. It shows that it not
only performs well in different task scenarios, but also sig-
nificantly improves the accuracy and reliability of the model.

The Study of Reward Design (Q3)

The Design of Immediate Rewards. Immediate rewards
are evaluated based on the immediate results of a single
action being performed. We tested the impact of similarity
threshold 3 from 0 to 0.06 on different datasets to optimize
the similarity between the model output and the target. Fig-
ure 3 shows that the threshold /3 has a significant impact on
the model input refinement efficiency. When the threshold /3
is set to 0.05, the model performs best and the accuracy in-
creases by 10% to 20%. However, thresholds that are too
high or too low can lead to performance degradation, in-
dicating that setting the immediate reward appropriately is
crucial to maintaining a balanced model performance.

The Design of Terminal Rewards. The terminal reward is
used to evaluate the overall effect of the entire input refin-
ing process and is calculated based on the change in model
output performance before and after input refining. We de-
signed a variant RTLIR’ that does not include terminal re-
wards. As shown in Figure 4, after introducing terminal re-
wards on different data sets, the overall quality of model
output is significantly improved, and the average accuracy
rate is increased by 10%. This result shows that terminal re-
wards can not only effectively guide the model to optimize
text processing strategies, but also significantly improve the
accuracy and consistency of the final output, ensuring better
output results in different scenarios.



Origin Text
Scenario setting:
Investors rely on financial news websites for the latest market updates,
which detail the many factors that cause stock market fluctuations. However,
investors need to identify the most critical factors to make wise investment
decisions.

User query:

The recent sharp fluctuations in the stock market are affected by several
key factors. First, the rise in global oil prices A has led to fluctuations in
energy stocks g [ll; second, most people believe that the tension in Sino-
US trade relations has also affected market sentiment to a certain extent
.B; in addition, the European Central Bank announced a new round of
monetary policy adjustments [Z§. Economists say that although the market
is sensitive to these news, investors should pay more attention to the long-
term impact of monetary policy.

Question:

Which factor is reportedly the main reason for the recent stock market
fluctuations?

A: Rising global oil prices

B: Tense Sino-US trade relations

C: Adjustments in the European Central Bank's monetary policy

D: Market reaction to the news

Scenario setting:

Investors rely on financial news websites for market updates, which detail

factors that cause stock market fluctuations. investors need to identify the
N most critical factors to make wise investment decisions.

User query:

The recent fluctuations in the stock market are influenced by several factors.
The rise in global oil prices has led to fluctuations in energy stocks; most
people believe that the tension in Sino-US trade relations has also affected
market sentiment; the European Central Bank announced a new round of
monetary policy adjustments. Economists say that investors should pay
more attention to the long-term impact of monetary policy.

Question:

Which factor is reportedly the main reason for the recent stock market
fluctuations?

A: Rising global oil prices

B: Tense Sino-US trade relations

C: Adjustments in the European Central Bank’s monetary policy

D: Market reaction to the news

Figure 5: Case studies of RTLIR.

Case Study (Q4)

To demonstrate in detail how RTLIR can effectively refine
input automatically in real applications, we show an exam-
ple of a question-answering task in Figure 5 . During the
input refinement process, the following unnecessary text or
noise was removed: (1) Redundant Descriptions: The word
“sharp” and the phrase “although the market is sensitive to
these news” were removed. (2) Repetitive Information: The
word “latest” was removed since “market updates” inher-
ently implies the most recent information. (3) Unnecessary
Details: The word “many” was removed because “factors”
already indicates a variety of influences. (4) Emojis: Emojis
were removed as they add a casual tone that is not necessary
in a formal text. The refinements made the text concise, re-
taining essential information and aiding reader comprehen-
sion. This example shows RTLIR’s capacity to boost infor-
mation processing accuracy and efficiency, and its practical
utility in enhancing LLM input refinement.

Related Work
Large Language Model Input Refinement

Large Language Model (LLM) input refinement aims to im-
prove model performance by filtering and removing model
inputs to improve input quality (Mining 2006; Zhang et al.
2023; Narayan et al. 2022). With the rise of chatbots (such
as ChatGPT), people began to try to set different prompts
to let the model refine the input itself (Yoran et al. 2023;
Zhou et al. 2023; Kojima et al. 2022). RePrompt aims to im-
prove the accuracy of emotional expression in Al artwork
generated from text prompts (Wang, Shen, and Lim 2023).
Data-Juicer build a system that can efficiently generate di-
verse data recipes, explore different data mixing possibili-
ties, and evaluate their impact on model performance (Chen
et al. 2024). However, these methods are often highly tar-
geted and rely heavily on the experience of different individ-
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uals and experts, which may not only lead to biased results
but also raise the threshold for use in tasks and fields.

Reinforcement Learning

Reinforcement learning (RL) optimizes an agent’s behavior
to maximize rewards (Kaelbling, Littman, and Moore 1996;
Li 2017; Wiering and Van Otterlo 2012) by iterative experi-
mentation in the environment, and its ability to adapt in dy-
namic environments makes it an ideal tool for dealing with
complex problems (Zhang et al. 2024; Francois-Lavet et al.
2018). RL is able to dynamically adjust the input refinement
policy based on immediate feedback from the environment,
providing a more flexible and efficient solution than tradi-
tional methods (Liang, Lin, and Ma 2023; Szepesvari 2022).
In contrast, traditional input refinement methods usually rely
on preset input refinement rules and lack real-time feedback
and adaptive adjustment mechanisms. (Zhang et al. 2021;
Tong, Wang, and Niu 2023). However, there is little research
on using RL to refine the LLM input, and there is currently
no common method or benchmark.

Conclusion

In this study develops RTLIR, an automatic input refinement
framework based on large language models (LLM). Fac-
ing the challenge of constantly changing input patterns, we
adopt a reinforcement learning paradigm to refine the input
at the token-level. This approach enables RTLIR to achieve
efficient automatic input refinement operations through con-
tinuous interactive learning, and finally obtain the optimal
input refinement results. RTLIR can not only adapt to vari-
ous models and data, but also can be used as a module, plug
and play. Through comprehensive experiments, we verify
the effectiveness of RTLIR and demonstrate its strong po-
tential in the field of automatic input refinement.
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