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Abstract

This paper proposes a sustainable and adap-
tive prompting system for ReAct-based lan-
guage model agents that enhances reasoning
accuracy, contextual consistency, and align-
ment with human expectations in multi-step
question answering. The system integrates
task-adaptive evaluation, structured memory
editing, and reactive reasoning cycles to en-
able iterative prompt refinement and context-
aware adaptation. Unlike existing methods that
treat prompts and memory as static, our ap-
proach dynamically updates both based on in-
teraction feedback. Experiments across six QA
domains show consistent improvements over
strong baselines in LLM-as-judge and human
evaluations, achieving up to 91.88% agreement
with human judgment (Cohen’s Kappa). These
results underscore the value of memory-aware
prompting and reactive reasoning in developing
reliable and adaptable LLM agents.

1 Introduction

The emergence of large language models (LLMs)
has enabled agent-based frameworks that surpass
conventional single-turn NLP tasks by supporting
iterative reasoning and goal-directed interaction
(Gao et al., 2023). Recent studies demonstrate
the potential of LLMs as autonomous agents capa-
ble of tool use and multi-step problem solving (Li
et al., 2025; Wang et al., 2024a; Hu et al., 2024).
This shift has sparked increased interest in prompt
optimization to enhance reasoning and decision-
making (Yin and Wang, 2025; Yuksekgonul et al.,
2024). Chain-of-thought (CoT) prompting has
been widely adopted to elicit step-by-step reason-
ing (Chantangphol et al., 2025; Wei et al., 2022),
but its static structure limits adaptability and error
resilience. To address these limitations, the ReAct
framework integrates reasoning and interaction, en-
abling agents to perform dynamic, multi-step tasks
more robustly (Tang et al., 2024; Roy et al., 2024).

However, existing ReAct implementations depend
on manual prompt engineering, which is difficult
to scale and lacks task adaptability. This motivates
the development of adaptive prompting strategies
to ensure sustained alignment with evolving user
goals and task requirements.

Despite recent advances in optimizing LLM
agents with ReAct integration, existing frame-
works—such as LangGraph (Harrison, 2024),
TextGrad (Yuksekgonul et al., 2024), and Adalflow
(Yin and Wang, 2025)—remain limited in their
support for structured memory and robust cyclic
reasoning processes, which are critical capabili-
ties for real-world, multi-step tasks. LangGraph
leverages a graph-based engine for multi-step rea-
soning with modular control over tools, agent selec-
tion, and task decomposition. Integrated with Lang-
Mem (Harrison, 2023b), it offers basic long-term
memory by enabling context storage and retrieval,
though its reliance on predefined graphs and lim-
ited memory editing reduce flexibility in adaptive
prompting. TextGrad employs textual gradients for
prompt refinement and supports basic iterative rea-
soning. Nevertheless, the lacks structured memory
editing limits effectiveness in multi-agent coordina-
tion and cyclic reasoning, where prior steps across
cycles must be revisited. Adalflow employs graph-
based auto-differentiation to optimize multi-step
interactions. However, its lack of memory editing
integration limits adaptability in tasks requiring
persistent memory. These approaches share limita-
tions in memory flexibility and manual task-aware
optimization strategies, resulting in agent responses
that are misaligned with human expectations.

To examine current limitations, we conducted hu-
man-LLM agreement studies on question answer-
ing tasks across three domains: human resources
(HR), regulatory compliance, and the Personal Data
Protection Act (PDPA). These domains reflect vary-
ing answer linguistically restrictiveness providing
a basis for evaluating model consistency under dif-



ferent strict interpretation. The HR dataset allows
flexible responses, provided the content is complete
and accurate, whereas the Regulatory and PDPA
datasets demand semantically dense and legally pre-
cise responses, where lexical variation is limited
and any deviation may alter the intended meaning.
In this study setup, the answers were generated by
Gemini 2.0 Flash (Reid et al., 2024) and evaluated
with human judgments and an LLM-as-Judge setup,
where GPT-40 (Achiam et al., 2023) serving as the
evaluator, to compare alignment between human
evaluation and LL.M-as-Judge outputs. We mea-
sured Cohen’s Kappa (McHugh, 2012) to assess
the consistency of evaluator

As shown in Table 1, the HR domain yields the
highest Kappa value, indicating strong consistency.
In contrast, the limited lexical variation such as
Regulatory and PDPA exhibit lower scores and
negative scores, especially without reference an-
swers. The negative Kappa indicate systematic
disagreement—worse than chance—between the
LLM-as-Judge and human evaluation, particularly
in cases where precise legal phrasing is required but
not provided in the reference. This highlights the
limitations of model in handling tasks that require
precise language alignment, revealing discrepan-
cies between human intent and LLLM reasoning.
These findings underscore the need for a sustain-
able, memory-aware, and task-adaptive prompting
pipeline that enables ReAct agents to dynamically
optimize reasoning and action—without manual
tuning or degradation of behavioral consistency.

LLM-as-Judge setting Cohen’s Kappa score
Prompt tuning | Expected answer | HR | Regulatory | PDPA
Yes Yes 68.18 18.75 22.47
Yes No 70.21 -10.96 -1.03
No Yes 73.88 11.22 16.70
No No 65.35 14.86 18.77

Table 1: Human evaluation and LLM-as-Judge agree-
ment score (%).

To address the limitations of existing techniques,
we propose a sustainable and adaptive prompt-
ing framework for question answering. Our ap-
proach integrates three key components: cyclic
reactive reasoning, task-adaptive answer evaluation
and memory-aware editing. Memory-aware editing
enables agents to retain, update, and reuse contex-
tual information for long-term consistency. Task-
adaptive answer evaluation combines automated
correctness classification with domain-specific val-
idation to support response revision. These mech-

anisms operate within a cyclic reasoning loop en-
abling dynamic adaptation to evolving inputs. By
integrating validation and memory updates into the
reasoning process, our pipeline enhances integrity,
reduces reliance on manual prompt engineering,
and supports robust decision-making in complex
tasks. Our main contributions are as follows:

1. A novel framework that integrates ReAct rea-
soning, answer validation, and dynamic re-
trieval from editable memory to support sus-
tainable question answering.

2. Task-adaptive evaluation that supports au-
tonomous prompt optimization based on task
complexity.

3. Memory-aware optimization that decouples
prompt logic from editable memory, ensuring
essential instructions during updates.

The paper comprises methodology, experimental
setup and results, discussion and conclusion.

2 Methodology

To improve the robustness of LLM-generated re-
sponses in question answering tasks, the frame-
work incorporates six interdependent modules,
as shown in Figure 1. The ReAct agent com-
bines reactive reasoning with retrieval-augmented
memory, generating answers through iterative
thought—action—observation cycles. An answer
validation module evaluates the ReAct agent’s re-
ponse across relevance, accuracy, coverage, and
completeness. The data checking chain ensures
factual alignment by verifying whether expected
answers are supported by retrieved document. In
cases where the data checking module finds that the
retrieved evidence supports the answer, while the
original query remains under-specified, the ques-
tion rewriting module reformulates the query to im-
prove alignment with the supporting document. In
the absence of supporting evidence, as determined
by the data checking module, the memory editor
and generator supports continual learning by updat-
ing the memory state—adding validated knowledge
and removing conflicting information—to guide fu-
ture reasoning. The prompt optimization module re-
fines prompt configurations based on accumulated
feedback, dynamically adjusting roles, instructions,
and answer formats to improve task adherence.



Documentl Database

User React

Query Tool

Expected ||| 5:2{5}/2;\;{%2 Prompt ., Agent Sumlmarlze and
answer response evaluate agent —
Query : response

domain Thought — | Action | —  Observation

Answer validation

LLM-based React Agent for
Question Answering

Memory editor Role

Verify whether the

— documents support —VYes—s Analyze Task
Ves the expected answer feedback
Validation N Data checking add the new Answer style
result 4 memmory description
No Review the Question Remove the
for Better Retrieval conflict memory
Prompt

| "
Re-creat(le question optimization

Memor‘y editor
J

H Report ¢

Figure 1: Overview of methodology

2.1 LLM-based React agent

The LLM-based React agent enables iterative
decision-making in question answering by in-
terleaving reasoning steps with actionable out-
puts, guided by contextual understanding and task-
specific configurations. The system accepts a user
query, expected answer format, and agent configu-
ration. To initiate the reasoning loop, the agent is
primed through an initial prompt that embeds a de-
tailed task description, role specification, preferred
answer style, and relevant domain knowledge. This
initialization constrains the behavior of LLM to a
defined persona and task scope, aligning its outputs
with the domain-specific requirements.

During execution, the agent performs multi-step
reasoning through a sequence, represented as:

THT;, — ACT, — OBS,; (1)

Here, T'HT; denotes the thought operation,
ACT; denotes the action operation, and O B.S; de-
notes the observation operation, all corresponding
to the ¢ step of ReAct.

In the thought stage, the agent hypothesizes a
response based on the input query and its con-
textual understanding. This is followed by the
Action stage, where it selects and executes oper-
ations—such as employing a document retrieval
tool to gather relevant information. The observa-
tion stage then processes the outcome, enabling
the agent to interpret the evidence and assess its
relevance. Finally, the agent synthesizes a response
by integrating retrieved knowledge and prior obser-
vations to refine its answer to the user query.

The system is employed a vector-based retrieval
tool to access relevant knowledge from a structured
database. The queries and database entries are em-
bedded into a shared vector space, and retrieval is
performed by matching the query vector to the clos-
est entries. This process is formalized as follows:

K = S(q,e,D) )

where K denotes the retrieved knowledge, S rep-
resents the vector search engines, ¢ is the query, e is
the embedding model and D denotes the database.

To integrate retrieved information into the rea-
soning process, the agent generates a response us-
ing a system prompt that includes its predefined
role, task-specific instructions, stylistic preferences,
and the retrieved knowledge. The response is gen-
erated as follows:

R=LLM,(q,r,t,s,K) 3)

where R denotes the response of agent, LL M,
represents the language model responsible for
agent response generation, ¢ denotes the query, r
specifies the agent role, ¢ denotes the agent task, s
indicates the desired answer style and K refers to
the retrieved knowledge.

The LLM-based ReAct agent allows the agent to
iteratively refine its reasoning through knowledge
retrieval, enhancing the accuracy and contextual
relevance of its responses to align with the desired
answer style, user intent, and task requirements.

2.2 Answer Validation

To enhance the accuracy of agent responses, we in-
troduce an answer validation module that conducts
structured evaluations of both semantic fidelity and
lexical appropriateness to ensure response relia-
bility. For each agent response, the module em-
ploys the LLM to summarizes and evaluates the re-
sponse across four dimensions—Relevance, Accu-
racy, Coverage, and Completeness—as suggested
by Auer et al. (2023). Relevance ensures the an-
swer directly addresses the user’s query; Accuracy
verifies the factual correctness of the information;
Coverage assesses whether all essential aspects
of the question are included; and Completeness
evaluates the sufficiency of detail for comprehen-
sive understanding. These dimensions collectively
enhance the reliability and utility of the informa-
tion provided, aligning with established evaluation



frameworks in information retrieval and data qual-
ity assessment. For each identified issue, the LLM
suggests actionable improvements. Finally, it gen-
erates a response that includes the answer valida-
tion result and corresponding feedback. The valida-
tion result is categorized into one of three classes:
fully correct, partially correct, or incorrect. The
feedback is provided to clarify and justify the out-
come of the validation, as formalized in the follow-
ing equation:

‘/7'1 Vf = LLMU(Q? a, R) (4)

where V,. denotes the result of answer valida-
tion, Vy denotes the feedback of answer validation,
L LM, represents the language model for answer
validation, ¢ denotes the query, a specifies the ex-
pected answer, and R denotes the agent’s response.

The answer validation module evaluates the Re-
Act agent’s response. If errors are detected, valida-
tion feedback is passed to data checking module;
otherwise, it is retained for prompt optimization.

2.3 Data Checking

To address potential inaccuracies in the response
of the agent as identified by the answer validation
module, we introduce a data checking mechanism.
This mechanism verifies whether the expected an-
swer is supported by the retrieved document, help-
ing to distinguish between incorrect responses due
to faulty reasoning and those resulting from miss-
ing information. It also facilitates memory revision
and assists the memory editor in further improving
the agent’s performance.

The output of the data checking process con-
sists of two parts, which are the result of the data
checking evaluation and an explanatory rationale
supporting that judgment. Each validated label is
classified into one of three categories: fully valid,
partially valid, or invalid. This structured classifi-
cation ensures that ground-truth answers are mean-
ingfully aligned with the contents of the database.
To support this data checking, the system performs
knowledge retrieval using vector search, as defined
by the equation 2. The data checking is defined as:

C,,Cy = LLM,(a, K) 5)

where L LM, is a LLM-based data checking, C,.
is data checking result, C; is support reason for
data checking result, a is the expected answer and
K is the retrieved knowledge .

The data checking module employs an LLM-
based verifier to assess the consistency between
the expected answer and retrieved evidence. If the
evidence supports the answer although the query
remains under-specified, the output is forwarded
to the Question Rewriting module; otherwise, it is
routed to the Memory Editor and Generator.

2.4 Question rewriting

To address cases where the response of agent is
incorrect despite sufficient supporting documents,
we introduce a question rewriting component that
enhances contextual alignment and retrieval perfor-
mance. The question rewriter operates under the
assumption that the expected answer is appropriate
but the original query lacks the specificity needed
for effective document retrieval. It reformulates the
query by leveraging both the expected answer and
the context retrieved from previous attempts, ensur-
ing the new query targets documents that contain
supporting evidence without revealing the answer.

This design enhances the retrieval process by
enabling iterative refinement of user queries, par-
ticularly in cases where insufficiently specific ques-
tions degrade retrieval performance and hinder the
agent’s ability to access relevant context. The re-
formulated query is then retained as feedback for
prompt optimization. The rewriting process is for-
mally defined as:

Q/ = LLMq(qvaa K) (6)

where LLM, denotes the language model for
question rewriting, ¢ is the original query, a is the
expected answer, and K represents the previously
retrieved knowledge. The output @’ is the reformu-
lated query.

2.5 Memory editor and generation

To address incorrect outcomes from the answer
validation module and failure cases in data check-
ing, we introduce a memory editing and generation
module, implemented as a language model-based
mechanism that updates memory based on the cur-
rent memory state, answer validation feedback, the
original query—answer pair, and the target memory
format. This design ensures that agent maintains an
up-to-date and coherent internal knowledge base,
allowing it to evolve based on validated feedback
and interaction history.

The module first analyzes the validation feed-
back to determine necessary updates that enhance



response of the agent. It then integrates newly de-
rived knowledge with the existing memory entries.
The output consists of two structured components:
a list of new memory entries to be added, formatted
consistently with the input memory structure, and a
list of conflicting memory entries that should be re-
moved, also presented in the same format. Memory
operations are governed by:

MayMc = LLMm(MmeaCS?fa q, a) (7)

where M, denotes the added memory, M. de-
notes the conflicted memory, L L M,, represents the
language model for memory editor, M, denotes the
current memory, V; denotes the feedback of answer
validation, C is support reason for data checking
result, f is the format of the memory, ¢ denotes the
query, and a specifies the expected answer.

2.6 Adaptive prompting optimization

The adaptive prompt optimization is implemented
as an LLM-based mechanism that updates the sys-
tem prompt based on interaction feedback, ensur-
ing the agent remains aligned with task-specific
objectives and expected output standard. In our
framework, prompt optimization is informed by
three key inputs: the feedback from the answer val-
idation module, the added memory entries, and the
conflicting memory entries identified by the mem-
ory editor. These elements indicate the current
performance of the agent and knowledge state, pro-
viding rich context for refining the configuration of
the agent. The goal is to adjust core components of
the prompt which are task instructions, and answer-
ing style description—to better suit the current task
context and improve downstream response quality.
This design ensures the agent remains adaptable,
domain-aligned, and capable of generating accu-
rate, coherent answers. The prompt optimization
process is formally defined as:

P], = LLM;D(TJ:? S, Maa Mca Vf)j—l (8)

where LLM), denotes the language model re-
sponsible for prompt optimization at step j — 1,
and P]’ is the resulting optimized prompt used at
the j-th iteration. r, ¢, and s represent the orig-
inal agent role, task instructions, and answering
style, respectively. Each iteration j denotes a full
framework cycle, including ReAct-based interac-
tion, validation, data checking, memory editing,

and prompt refinement.This formulation enables
iterative refinement of the ReAct agent’s prompt
based on performance feedbacks and memory up-
dates from the previous interaction step.

By dynamically adjusting the prompt configura-
tion based on performance feedback and memory
evolution, this mechanism enhances the contextual
relevance and task effectiveness of agent over time.

3 Experimental Setting
3.1 Datasets

We evaluate our framework on three domain-
specific QA datasets featuring single-turn, chatbot-
style interactions, where each question—answer
pair is independent and devoid of multi-turn di-
alogue context an HR dataset with 329 human
resource inquiries, a regulatory dataset with 72
question—answer pairs on organizational policies,
and a PDPA dataset with 59 queries related to Per-
sonal Data Protection Act. These datasets were
constructed by retrieving relevant content from in-
ternal databases, followed by the generation of cor-
responding questions and ground-truth answers to
reflect realistic user intents and information needs.
Each dataset was approved by our organization and
consisted of organizational policies and regulations
without any personally identifiable information.

Additionally, we incorporate the official dataset
from the COLING-2025 Regulations Challenge
(Wang et al., 2024b), which contains QA pairs
curated for evaluating ReAct-based agents. This
dataset integrates foundational knowledge and
stylistic conventions relevant to real-world com-
pliance scenarios. Its validation and test sets in-
clude 49 named entity recognition (NER) sam-
ples derived from the EMIR dataset, along with
190 financial math cases generated using Chat-
GPT—containing formulas and code—and subse-
quently verified by human annotators.

To evaluate performance on multiple-choice rea-
soning tasks, we also include 1,032 samples from
the publicly available Flare-CFA dataset!, which is
modeled after professional certification exams and
emphasizes high-level reasoning over structured
answer choices. This evaluation spans six QA do-
mains, covering high-precision tasks that require
standardized output formats (e.g., financial math,
NER, and CFA), and policy-driven scenarios with
limited lexical variation and strict language restric-

1https://huggingface.co/datasets/ChanceFocus/
flare-cfa
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tiveness (e.g., regulatory and PDPA), providing a
comprehensive basis for assessing the robustness
and generalizability of our proposed framework

3.2 Implementation Details

All components are implemented in Python us-
ing an architecture built on LangChain (Harri-
son, 2023a), integrating OpenAl GPT models and
Hugging Face Transformers (Wolf et al., 2019)
to support structured reasoning, generation, and
evaluation. A ReAct-based agent framework or-
chestrates multi-agent execution and reasoning-
intensive tasks, with agent creation and coordi-
nation managed via LangGraph (Harrison, 2024).
The answer generation is performed using Gem-
ini 2.0 Flash (Reid et al., 2024), while GPT-40
(Achiam et al., 2023) is employed for answer val-
idation and serves as the LLM-as-a-judge in ex-
periments. A temperature setting of 0.0 is used
throughout to ensure deterministic outputs. To
enhance factual accuracy and answer consistency,
the ReAct-based agent and data checking modules
incorporate vector-based retrieval implemented
with OpenSearch. The retrieval system uses the
multilingual-e5-small embedding model to support
language-agnostic semantic search aligned with
expected answers and underlying database content.
Our experimental setup was executed on an
NVIDIA A6000 GPU with 64 GB RAM. The aver-
age prompt length for our ReAct-based agent is ap-
proximately 1,675 characters (453 tokens), which
is notably more efficient compared to AdalFlow
(2,900 characters, 683 tokens) and TextGrad (5,700
characters, 1,277 tokens). Additional modules ex-
hibit compact prompts as follows: answer valida-
tion (952 characters, 256 tokens), data checking
(696 characters, 192 tokens), and memory editing
(905 characters, 228 tokens). This compact prompt-
ing strategy supports lower compute overhead. All
experiments were completed within 12 hours.

3.3 Evaluation Metrics

We evaluate the performance of the agent using
three primary metrics: accuracy based on LLM-
as-judge, accuracy based on human annotations,
and inter-rater agreement, measured by Cohen’s
Kappa, between LLM and human evaluations. A
total of four annotators, employed by organization
in departments relevant to the evaluation domains,
participated in the human evaluation. Annotators
were presented with a side-by-side comparison of
the original question and the agent-generated an-

swer and were prompted to assign a binary label:
Correct or Incorrect. To ensure consistent judg-
ment, all annotators followed a shared set of qual-
itative evaluation criteria: Relevance, Accuracy,
Coverage, and Completeness. Relevance assesses
whether the response directly addresses the user’s
question. Irrelevant responses automatically inval-
idate coverage and completeness. Accuracy eval-
uates factual correctness and consistency with the
intended source. Responses that introduce unsup-
ported or fabricated content are marked as inac-
curate. Coverage considers whether all parts of
the question are addressed. For example, omitting
one of four requested items results in insufficient
coverage. Completeness refers to structural and
linguistic integrity. A response is complete if it is
fully delivered, not truncated, and ends coherently,
even when expressing uncertainty.

To assess the consistency between LLM-as-
judge and human annotators, we report Cohen’s
Kappa—a statistical measure of inter-rater relia-
bility that accounts for chance agreement. Unlike
raw agreement rates, Cohen’s Kappa adjusts for the
probability of random alignment and is defined as:

P,—P.
K=——"
1-F,

where P, is the observed agreement and P, is
the expected agreement by chance. A score of 1
indicates perfect agreement, O reflects chance-level
agreement, and negative values suggest systematic
disagreement. In this study, Cohen’s Kappa pro-
vides a quantitative measure of alignment between
LLM-based and human evaluations, offering in-
sight into the reliability of automated assessment.

4 Experimental Results and Discussion

4.1 Performance comparison with baselines

Table 2 presents a comparative evaluation of our
prompting framework against AdalFlow, TextGrad,
and baseline LLMs, using LLM-as-judge and hu-
man assessments, along with agreement measured
by Cohen’s Kappa. This experiment investigates
the impact of two key components—memory edit-
ing and adaptive prompt optimization—on the per-
formance of ReAct agents. All variants incorpo-
rate a memory mechanism; however, only spe-
cific configurations implement memory editing.
Our proposed framework, which integrates both
components, achieves the highest scores across all
metrics (90.24% LLM-as-judge, 88.50% human,



Method Memory generator | LLM-as-judge | Human evaluation Agreement score
and editing score (%) score (%) (Cohen’s Kappa) (%)
Adaptive Optimization Yes 90.244 88.496 91.876
Our proposed o Yes 86.939 87.254 87.297
Adaptive Optimization No 88.167 85.178 90.733
- No 82.055 81.219 82.574
Auto-differentiation Yes 81.869 79.670 83.984
Adalflow . o

Auto-differentiation No 79.958 75.580 81.541
Textgrad Textual gradient Yes 78.595 76.079 86.082
Textual gradient No 76.099 73.164 83.312
GPT 74.723 71.120 82.635
Gemini 74.473 72.866 81.770

Table 2: Performance comparison of ReAct agents with and without memory generator and editing across training

strategies.
. LLM-as-judge | Human evaluation Agreement score
Method Domain QA Total Samples score (%) score (%) (Cohen’s Kappa) (%)
NER 49 96.062 91.616 93.119
Our proposed CFA 1032 92.970 91.505 96.234
Trainable ReAct prompt Financial math 190 98.017 95.160 94.111
optimization with memory gener- | PDPA QA 59 85.245 84.029 87.117
ator and editing HR QA 329 96.512 94.444 97.198
Regulatory QA 72 83.879 81.547 90.659
NER 49 92.203 86.731 87.547
Adalflow CFA 1032 84.601 83.477 87.986
Trainable ReAct prompt Financial math 190 93.186 89.112 88.123
optimization with memory gener- | PDPA QA 59 79.812 72.753 75.229
ator and editing HR QA 329 83.052 79.599 87.999
Regulatory QA 72 79.530 73.560 79.729
NER 49 76.190 71.998 86.732
Textgrad CFA 1032 81.724 80.816 87.114
Trainable ReAct prompt Financial math 190 85.663 82.928 86.631
optimization with memory gener- | PDPA QA 59 71.296 64.088 72.628
ator and editing HR QA 329 74.989 68.957 85.081
Regulatory QA 72 70.649 65.710 77.669

Table 3: Performance Comparison Across Domain QA Tasks

and 91.88% agreement), demonstrating strong task
alignment and consistent output quality. Abla-
tion studies demonstrate that excluding either com-
ponent degrades performance, underscoring their
complementary contributions. The configuration
incorporating memory editing without adaptive
prompt optimization remains competitive to en-
sure the independent effectiveness of structured
memory and task-adaptive evaluation. Compared
to gradient-based baselines, our framework demon-
strates improved performance, particularly in hu-
man evaluations, suggesting enhanced instruction
fidelity and context-aware reasoning. Furthermore,
it substantially increases Cohen’s Kappa agreement
between LLM-as-judge and human ratings, indicat-
ing stronger alignment with human intent.

4.2 Performance comparison of our proposed
and baseline across domain QA tasks

We further evaluated the generalizability of our pro-
posed framework across six diverse QA domains:
NER, CFA, financial math, PDPA, HR, and regula-
tory QA. As shown in Table 3, our method consis-
tently outperforms AdalFlow and TextGrad across
all domains in both LL.M-as-judge and human
evaluations. It demonstrates particularly strong
performance in high-precision tasks such as fi-

nancial math (98.02% LLM-as-judge, 95.16% hu-
man) and HR QA (96.51%, 94.44%), indicating
robust reasoning and stability. In more nuanced
domains, such as PDPA and regulatory QA, where
instruction fidelity and adaptability are critical, our
method achieves higher agreement scores (87.12%
and 90.66% Cohen’s Kappa, respectively) com-
pared to the baselines. These findings highlight
the benefits of memory-aware and prompt opti-
mization in enhancing consistency and contextual
alignment. Overall, the framework adapts effec-
tively across domains of varying complexity, out-
performing static gradient-based approaches and
reinforcing the value of structured prompting and
task-adaptive evaluation.

4.3 Performance comparison across prompt
patterns and iterative steps.

To examine the impact of iterative optimization
and prompt initialization, we conducted an ablation
study varying the number of the full framework cy-
cle (maximum steps = 3, 5, 7) and starting prompt
patterns. As shown in Table 4, performance con-
sistently improved with increased reasoning steps,
with the highest scores achieved at 7 maximum
steps using Our proposed (90.24% LLM-as-judge,
88.50% human evaluation, and 91.88% agreement).



. LLM-as-judge | Human evaluation Agreement score

Method Max Step | Starting Prompt score (%) score (%) (Cohen’s Kappa) (%)

3 Adalflow 85.434 85.411 88.747

5 Adalflow 86.281 86.791 89.745
Our proposed 7 Adalflow 87.462 88.622 90.337
Trainable ReAct prompt 3 Textgrad 83.320 84.175 88.503
optimization with memory gener- 5 Textgrad 84.985 85.298 89.379
ator and editing 7 Textgrad 85.513 87.022 89.768

3 Our prompt 87.990 87.510 89.365

5 Our prompt 90.295 87.919 90.270

7 Our prompt 90.244 88.496 91.876

Table 4: Performance Comparison Across Prompt Patterns and Iterative Steps.

Method Prompt optimization LLM-as-judge setting LLSI\C/{)lb (J;Gc)lge Humsacr(l);cev?;lil tion ( Cﬁﬁ;i?:llzz;;?))r(e%)
Adaptive Optimization | with expected answer 90.244 88.496 91.876
Our proposed Adaptive Optimization | without expected answer 89.044 88.496 88.782
- with expected answer 86.939 87.254 87.297
without expected answer 85.009 87.254 84.446

Table 5: Performance Comparison Across LLM-as-Judge Settings

These findings suggest that deeper iterative reason-
ing through adaptive prompting enhances both ac-
curacy and stability. Across all settings, our imple-
mentation outperformed alternatives, underscoring
the role of well-designed initial prompts in guiding
memory updates and prompt refinement. These
results support our design of cyclic learning with
structured prompt evolution, enabling ReAct agents
to adapt effectively while preserving coherence and
contextual relevance.

4.4 Performance comparison across
LLM-as-Judge settings

We examined the impact of including the expected
answers in the LL.M-as-judge evaluation to assess
alignment with human judgment. As shown in
Table 5, the highest performance was obtained un-
der the system incorporated adaptive prompt opti-
mization and was evaluated with expected answers
(90.24% LILM-as-judge, 88.50% human evalua-
tion, 91.88% agreement). In the absence of the
expected answers, the LLM-as-judge score slightly
declined to 88.782% agreement. A similar trend
was observed in the non-prompt optimization set-
ting. These findings suggest that expected answers
enhance automated scoring consistency, while the
proposed method remains robust even under lack
of expected answer.

5 Discussion

Our LLM-based ReAct agent integrates reactive
reasoning with retrieval-augmented memory to im-
prove performance across diverse QA tasks. The
full system outperforms gradient-based baselines in
both automatic and human evaluations, achieving

high inter-rater agreement and strong task align-
ment. Ablation results highlight the complemen-
tary roles of adaptive prompting and memory edit-
ing, with the non-trainable variant still perform-
ing competitively. Notably, our approach main-
tains high agreement with human judgments even
without reference answers (e.g., 88.78% Cohen’s
Kappa), demonstrating robustness in open-ended
evaluation. These findings underscore the effec-
tiveness of combining dynamic memory with task-
adaptive prompting to build more reliable and
context-aware LLLM agents.

6 Conclusion

we proposed a sustainable and adaptive prompting
framework for ReAct-based LLM agents that inte-
grates task-adaptive evaluation, structured mem-
ory editing, and reactive reasoning. Existing
frameworks such as LangGraph, TextGrad, and
Adalflow, while advancing modular control and
prompt optimization, remain limited in their abil-
ity to revise memory and adapt reasoning dynam-
ically across multi-step tasks. They often rely
on static prompts and treat memory as fixed con-
text, resulting in brittle behavior and poor adapt-
ability in ambiguous or evolving environments.
Our approach addresses these limitations by en-
abling agents to iteratively revise context, adjust
prompts, and react to feedback through structured
Thought—Action—Observation cycles. Empirical re-
sults across QA domains show consistent improve-
ments over baselines, underscoring the importance
of combining memory-aware adaptation with reac-
tive reasoning to build more reliable, flexible, and
human-aligned LLM agents.



Limitations

Although our framework demonstrates promising
results, it presents several limitations. The incorpo-
ration of multiple reasoning and validation steps in-
creases computational overhead, posing challenges
for real-time and large-scale deployment. The cur-
rent memory module, while effective for structured
updates, has not been evaluated on unstructured
or noisy inputs, which are common in real-world
applications. Moreover, the use of teachable mem-
ory structures may result in increased token con-
sumption during inference, which introduces effi-
ciency concerns. Nevertheless, this overhead re-
mains lower than that of retrieval-augmented gener-
ation (RAG) approaches, which inherently involve
external document retrieval. Additionally, although
the framework has been tested across several QA
domains, it has not yet been extended to multilin-
gual or multimodal tasks, and its effectiveness in
low-resource settings remains unexplored. The ini-
tial prompt patterns were designed and may require
further adaptation to generalize across diverse tasks
or domains. Future work will focus on improving
computational efficiency, enabling support for mul-
tilingual and interactive use cases, and enhancing
the adaptability of prompt design to broaden the
framework’s applicability.
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A Appendices

A.1 Comparative Analysis Across Prompt
Patterns and Reasoning Steps.

We conducted an extended comparison of our adap-
tive optimization framework against AdalFlow and
TextGrad across varying reasoning steps (3, 5,
7) and prompt patterns. As shown in Table 5,
our method consistently outperformed both base-
lines across all configurations, with the best results
achieved using our starting prompt at 7 steps (LLM-
as-Judge: 90.24%, Human Eval: 88.50%, Agree-
ment: 91.88%). Performance improved steadily
with increased steps, confirming that iterative op-
timization enhances decision quality. Across all
step counts, our approach demonstrated higher
alignment with human judgment than AdalFlow
and TextGrad, whose improvements plateaued or
lagged behind—particularly in complex reason-
ing configurations. The results also highlight the
importance of initial prompt structure: while all
three patterns showed improvement with more
steps, our starting prompt yielded the most sta-
ble gains. These findings reinforce the value of
our framework’s structured memory refinement
and reflection-driven learning, enabling more effec-
tive and interpretable prompt evolution than direct
gradient-based methods.
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A.2 Queries and expected responses

Table 7 provides representative examples of input
queries and their corresponding expected responses
for each task evaluated in the experiment.



. LLM-as-judge | Human evaluation Agreement score
Method Max Step | Starting Prompt score (%) score (%) (Cohen’s Kappa) (%)
3 Adalflow 85.434 85.411 88.747
5 Adalflow 86.281 86.791 89.745
7 Adalflow 87.462 88.622 90.337
Our proposed 3 Textgrad 83.320 84.175 88.503
Trainable ReAct prompt opti- | 5 Textgrad 84.985 85.298 89.379
mization 7 Textgrad 85.513 87.022 89.768
3 Our 87.990 87.510 89.365
5 Our 90.295 87.919 90.270
7 Our 90.244 88.496 91.876
3 Adalflow 79.683 76.941 81.517
5 Adalflow 80.545 78.716 82.390
7 Adalflow 81.869 79.670 83.984
Adalflow 3 Textgrad 80.460 82.431 83.651
Trainable ReAct prompt opti- | 5 Textgrad 81.835 83.826 85.256
mization 7 Textgrad 83.170 84.569 86.106
3 Our 78.385 77.237 81.229
5 Our 79.817 78.168 82.228
7 Our 81.173 78.972 83.074
3 Adalflow 74.949 72912 83.113
5 Adalflow 76.197 74.615 83.641
7 Adalflow 77.927 75.390 85.154
Textgrad 3 Textgrad 75.521 73.731 83.823
Trainable ReAct prompt opti- | 5 Textgrad 77.008 75.221 84.529
mization 7 Textgrad 78.595 76.079 86.082
3 Our 76.353 72919 82.998
5 Our 77.108 74.432 83.645
7 Our 77.953 75.506 85.144

Table 6: Performance comparison across prompt patterns and max step settings in ReAct agents.

Task Query Expected response in stylistic-answer format

HR Do new employees get a free health check-up? Employees who started work before January Ist are eligible
for the annual health check-up.
For more details, please visit {the_reference_document_link }

Parliament and of the Council of 4 July 2012
NER on OTC derivatives, central counterparties
and trade repositories (“EMIR”) entered
into force on 16 August 2012.

PDPA Where can I find information about how to complete You can access the PDPA Assessment form guidance
the PDPA Assessment form? at {the_reference_document_link}
Regulatory | What measures are in place to protect customer data There are data security measures, data encryption, and access restrictions
confidentiality under the Market Conduct guidelines? so that only authorized personnel can access the information.
Regulation (EU) No 648/2012 of the European Answer:

{"Organizations":["European Parliament","Council of the European Union"],
"Legislations":["Regulation (EU) No 648/2012"],
"Dates":["4 July 2012","16 August 2012"], "Monetary Values":[],"Statistics":[]}

the sum of the real risk-free rate and a premium for:
A. Maturity, B. Liquidity, C. Expected Inflation

CFA Question: The nominal risk-free rate is best described as Answer: C. Expected Inflation

math If the discount rate is 8%, what is the NPV of the project?

Financial | A project expects annual cash inflows of $6,000 for 4 years. | Answer: 21462.58

Table 7: Examples of queries and expected responses

A.3 Queries and expected responses

Tables 8,9,10,11, and 12 present the system
prompts employed in this study for the agent work-
flow, ReAct-based agent, answer validation, data
checking, and memory editing tasks, respectively.
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Agent workflow prompt

You are a supervisor tasked with managing a conversation between the following workers: {members}:

Given the following user request, respond with the worker to act next.

Each worker will perform a task and respond with their results and status.

When finished, respond with FINISH.

To answer a question or response from user query apart from a new user command

to change personalization or tell the new facts, send to TempAnswer and then FINISH.

Call the memory editing when a user tells the new personalization or the new facts or the correct answer.

The memory editing sequence is workflow starts with AnswerChecker.

Given the conversation above, who should act next? Answer with the reason, or should we FINISH? Select one of: {options}

Table 8: The system prompt for agent workflow

ReAct starting prompt

You are a {role} Expert for {domain}

Your task is to answer {user_detail} based on the searched documents and searched additional knowledge.

Please also provide the references when the answer is based on the searched documents.

After getting the answer from the searched documents, ALWAYS polish the answer and return it as a Final Answer.

You need to answer the question based on the searched documents only, don’t assume anything.

If you can’t answer from the searched documents, please give {general_handling} as a JSON format get from polishing answer.

this is additional knowledge
{stm_memory }
{ltm_memory }

Your co-worker also found this additional knowledge for your answer:
{retrieval_knowledge }

This is the additional charactistic for your answer:
You have access to the following tools:
{tools }

To use a tool, please use the following format:

e

Thought: The reason that you think and end with "Do I need to use a tool? Yes"
Action: the action to take, should be one of [ {tool_names }]

Action Input: the input to the action (Always in dictionary)

Observation: the result of the action

e

When you have a response to say to the Human, or if you do not need to use a tool, you MUST use the format and the following steps:

Thought: The reason that you think, and end with "Do I need to use a tool? No"
Final Answer: your JSON response from polishing the answer>your JSON response from polishing the answer

Begin!

Previous conversation history:
{chat_history }

New input: {last_message }
{agent_scratchpad }

Table 9: The starting system prompt for ReAct-based agent
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Answer validation prompt

You are a feedback assistant tasked with analyzing the assistant’s response based on the predicted correctness data. Your goal is to:
1. Summarize the overall quality of the assistant’s response.

2. Identify specific issues based on the provided evaluation dimensions.

3. Suggest actionable improvements for each issue.

4. Specify the similarity score returns 1 if the similarity exceeds the {correctness_criteria}, 0.5 if the similarity falls between

the {partial_correctness_criterai} and {correctness_criteria}, and 0 if the similarity is below {partial_correctness_criterai}.

Your task is to return JSON result:
{{"feedback": "",

"result": "correct / partially correct / wrong",
"score":"1" or "0.5 or "1"}}

Question : {target_question}

actual : {label}

predicted : {last_answer}

Here is the predicted correctness data:

Table 10: The system prompt for answer validation

Data checking prompt

You are a data checker who see the proper answer of the human (user) and find if the Documents includes any information to give that answer or not.
additionally, the similarity score returns 1 if the validation exceeds the

{validation_criteria}, 0.5 if the validation falls between

the {partial_validity_criterai} and {validation_criteria}, and O if the validation is below {partial_validity_criterai}.

Your task is to return JSON result:

{{"reason":
"result":"fully valid/partially valid/invalid"}}.

The reason should not state any information if the result is "success".
Documents:

{context}

Answer:

{last_message}

Table 11: The system prompt for data checking

Memory edition prompt

You are a memory management assistant. Your task is to update the system’s memory based on recent feedback where {correctionsource}iscorrect.
Inputs:

1. Memory:

{memory}

2. Recent Feedback:

{feedback}

3. Original Question:

{last_message}

4. Original Response:

{response}

5. Memory Type to Update:

{memory_type}

Task:

Analyze the feedback and determine how to update the memory to improve session continuity and learning.

Then combine the updated knowledge with existing memory entries. Finally, provide the list of updated memory.

Output: 1. Provide the memory that is added for update in the same structured format as the input memory:

{memory_output_format}

2. Provide the memory that conflicts with the added memory and should be removed in the same structured format as the input memory:
{memory_output_format}

Table 12: The system prompt for memory edition
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