
RefRea: Reference-Guided Reasoning with Meta-Cognition for Accurate
Language Model Agents

Yuxiang Mai1,2,3, Qiyue Yin1,2,3, Wancheng Ni1,2,3,∗, Jianwei Guo4, Xiaogang Ouyang4, Pei Xu2,3,
Kaiqi Huang1,2,3,*

1School of Artificial Intelligence, University of Chinese Academy of Sciences
2CRISE, Institute of Automation, Chinese Academy of Sciences

3The Key Laboratory of Cognition and Decision Intelligence for Complex Systems, Institute of Automation, Chinese
Academy of Sciences
4Intelligence Indeed

{maiyuxiang2020, wancheng.ni, pei.xu}@ia.ac.cn, {gaojianli,xinyi}@i-i.ai, {qyyin, kqhuang}@nlpr.ia.ac.cn,

Abstract

In recent years, with the rapid development of large language
models (LLMs), LLM-based agents have achieved remark-
able progress across a wide range of tasks. However, reason-
ing inconsistencies in LLMs still significantly limit the per-
formance of agents in complex decision-making scenarios.
Cognitive science research suggests that individuals can ben-
efit from observing others’ explicit thinking processes to im-
prove their strategy-making. Inspired by this mechanism, we
propose Reference-guided Reasoning with meta-cognition
(RefRea), a novel approach that enhances decision-making by
introducing a reference language model to guide and calibrate
the reasoning model’s actions. RefRea enhances reasoning
accuracy and stability by integrating a reference model and a
meta-cognition module. The reference model relies solely on
validated meta-cognition for consistent guidance, while the
reasoning model interacts with the environment using both
validated and exploratory meta-cognition. Guidance is pro-
vided by comparing the action similarity between the refer-
ence and reasoning models. This process is supported by the
meta-cognition module, which generates summary knowl-
edge by reflecting on action history and environmental feed-
back, leading to more adaptive and reliable behavior. We eval-
uate our algorithm in the text-based reasoning environment
ScienceWorld. Experimental results demonstrate that RefRea
outperforms state-of-the-art methods. Comprehensive abla-
tion studies further highlight the effectiveness of both the ref-
erence model and the meta-cognition module.

Introduction
In recent years, with the continuous advancement of LLMs,
LLM-based agents have demonstrated strong potential in
tasks such as robotic manipulation (Huang et al. 2023; Liu
et al. 2024; Chu et al. 2023), autonomous navigation (Zhou,
Hong, and Wu 2024; Doma, Arab, and Xiao 2024), and
interactive dialogue systems (Andreas 2022; Bubeck et al.
2023). These agents typically leverage LLMs for task rea-
soning and decision-making, achieving remarkable perfor-
mance across a variety of applications, primarily due to the
models’ advanced capabilities in language understanding
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and generation. However, as LLMs are inherently based on
autoregressive language modeling (Brown et al. 2020) and
lack explicit representations of world states and task struc-
tures (Vaswani et al. 2017), they are prone to issues such as
reasoning inconsistency (Saparov and He 2022), which can
severely compromise the agents’ reliability and stability in
complex decision-making scenarios.

To enhance the performance of LLM-based agents in
complex tasks, a number of studies have attempted to guide
the reasoning process of the models to improve their rea-
soning reliability. Chain-of-Thought (CoT) (Wei et al. 2022)
prompts models to perform step-by-step reasoning, improv-
ing logical consistency. SayCan (Ahn et al. 2022) integrates
high-level instructions with low-level feasibility by lever-
aging environmental feedback to filter viable actions. Re-
Act (Yao et al. 2023) interleaves ”thought” and ”action”
steps during reasoning to dynamically adjust strategies. Re-
flexion (Shinn et al. 2023) introduces a reflection mecha-
nism, encouraging models to summarize failed experiences
to optimize future decisions. These approaches focus on
guiding the reasoning process and leveraging feedback to
refine strategies, and have made notable progress. However,
they generally lack explicit verification mechanisms for the
outputs of the language models themselves, making it diffi-
cult to effectively address core issues such as reasoning in-
consistencies and factual errors induced by the models.

In real-world decision-making, humans often consult oth-
ers when faced with complex problems, engaging in the ex-
change of thought processes to gain a more comprehensive
perspective and make more accurate judgments. Cognitive
science research has shown that such verbal protocols (Af-
flerbach 2001) not only help individuals understand others’
reasoning paths but also encourage them to reflect on their
own cognitive biases, thereby facilitating the refinement of
their problem-solving strategies. The ability to monitor and
regulate one’s own cognitive processes, known as meta-
cognition (Flavell 1979; Nelson 1990), plays a crucial role
in human reasoning and decision-making. Inspired by these
insights, we propose incorporating a reference model to cal-
ibrate the outputs of the primary reasoning model. Further-
more, we propose a language-based meta-cognition module
that generates high-level strategic summaries from recent
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reasoning experiences and reuses them to guide future de-
cisions, thereby improving decision-making accuracy.

In this paper, we propose Reference-guided Reasoning
with meta-cognition, a novel dual-path reasoning framework
designed to improve the performance of LLM-based agents
by introducing a reference model that supervises and cali-
brates the outputs of a reasoning model. To support coor-
dination between the two models, we design a language-
based meta-cognition module that generates reflective sum-
maries from historical environmental feedback and action
trajectories. This meta-cognition captures high-level strate-
gic information about prior reasoning behaviors and helps
guide decision-making. The reference model generates re-
liable action suggestions based solely on previously vali-
dated meta-cognition, while the reasoning model integrates
both the validated and newly generated meta-cognition to
interact directly with the environment. By measuring the
semantic similarity between the two models’ actions, Ref-
Rea determines whether the newly generated meta-cognition
should be retained. This mechanism enables behavior-level
supervision and policy calibration, thereby addressing rea-
soning inconsistencies in LLM-based agents. We evaluate
RefRea extensively on the ScienceWorld textual reasoning
benchmark. Experimental results show that our method out-
performs state-of-the-art baselines in performance and effi-
ciency. Our contributions are summarized as follows:

• We propose RefRea, a dual-path framework that inte-
grates a reasoning model with a reference model, im-
proving consistency and accuracy in LLM-based agents
through reference-guided supervision.

• We develop a language-based meta-cognition module
that reflects on historical feedback and decision traces to
generate high-level strategies, enabling long-term mem-
ory formation and supporting knowledge transfer be-
tween the reference and reasoning models.

• We conduct extensive experiments on the ScienceWorld
benchmark and show that RefRea surpasses competitive
baselines across diverse tasks. Comprehensive ablation
studies further demonstrate the synergistic contributions
of the reference model and the meta-cognition module in
improving performance and efficiency.

Related Works
LLM Agents for Task Solving
With the rapid development of large language models
(LLMs), a new generation of LLM-based agents has
emerged, capable of solving complex, multi-step tasks in
textual and interactive environments (Guo et al. 2024; Xi
et al. 2025; Mou et al. 2024). These agents leverage the
language modeling capacity of LLMs not only for under-
standing task instructions but also for generating sequences
of reasoning and actions. A notable example is ReAct (Yao
et al. 2023), which interleaves ”thoughts” and ”actions” in
the agent’s output, facilitating dynamic reasoning during in-
teractions with the environment. ReAct demonstrates that
reasoning steps generated before each action can improve
task success by clarifying intent and preserving task focus.

Other works, such as SayCan (Yao et al. 2023), integrate
language planning with affordance models that evaluate the
feasibility of executing actions in a given environment. Say-
Can grounds language-based intentions into executable be-
haviors, ensuring that agent plans are both logically coher-
ent and physically realizable. To further improve reasoning
adaptability, Reflexion (Shinn et al. 2023) introduces a re-
flective learning loop, where the agent generates a natural
language summary of errors and uses this information to en-
hance future performance. However, Reflexion relies on a
single LLM for both generating and processing reflections,
lacking external validation or correction of the reasoning
paths. This limitation may result in the reinforcement of bi-
ased reflections. In contrast, our approach integrates external
validation and meta-cognitive feedback to ensure reasoning
consistency and enhance decision-making accuracy.

Behavioral Supervision
LLMs often suffer from inconsistencies and goal forgetting,
especially in long-horizon or partially observable environ-
ments (Ji et al. 2023; Zhang et al. 2023). These challenges
have driven growing interest in behavioral supervision. Con-
stitutional AI (Bai et al. 2022) exemplifies this direction
by using human-written principles and an evaluator model
to assess helpfulness and harmlessness during fine-tuning.
Likewise, RLAIF (Parisotto, Ba, and Salakhutdinov 2015;
Lee et al. 2023) replaces human preference signals with AI-
based evaluators to train reward models for instruction fol-
lowing. However, these methods mainly operate at the token
or response level, limiting their effectiveness in supervising
long-term strategies. Recent approaches such as Value Su-
pervision (Peng et al. 2023) provide reward or critic-based
feedback to align actions with task goals, but still focus on
value signals rather than natural-language actions or plan-
ning traces. In contrast, our method integrates behavioral su-
pervision with meta-cognitive feedback, enabling more con-
sistent and aligned long-horizon reasoning.

Memory-Augmented LLM Agents
Recent studies have explored integrating memory mod-
ules into LLM-based agents to support long-term reasoning
and improved contextual understanding. Toolformer (Schick
et al. 2023) augments LLMs with external tools and mem-
ory states for enhanced decision-making. MemGPT (Packer
et al. 2024) introduces an operating system-like memory
manager that enables structured reading and writing across
interactions. DSPy (Khattab et al. 2023) offer frameworks
for modular memory composition in agent systems. Other
approaches such as RETRO (Borgeaud et al. 2022) and
KNN-LM (Khandelwal et al. 2019) retrieve past examples to
improve predictions. Episodic memory methods (Shinn et al.
2023; Xu et al. 2023) allow agents to reflect on past behav-
iors for continual adaptation. While these methods enhance
scalability and retention, they often lack mechanisms to en-
sure that recalled memories are aligned with current reason-
ing goals. In contrast, our approach incorporates behavior-
level consistency checking to ensure memory relevance and
reliability during interactions with the environment, enhanc-
ing the ability to solve complex decision-making tasks.
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Figure 1: Framework of the proposed method, which includes a reasoning model, a reference model, and a meta-cognition
module. It uses the reference model to correct the reasoning model’s actions through meta-cognition, achieving higher accuracy
and stability in reasoning.

Method
We propose a dual-path reasoning optimization framework,
RefRea (Reference-guided Reasoning with meta-cognition),
which incorporates a reference model to supervise the be-
havior of a reasoning model. RefRea enhances the decision-
making capability and reliability of large language model
agents by maintaining a dynamic memory mechanism and
enforcing behavioral consistency. The core components in-
clude a meta-cognition module, a reasoning model, a refer-
ence model, and a reference-guided update mechanism.

Problem Formulation
At each time step t, the agent receives an observation ot,
maintains a history Ht = (oi, ai)

t
i=1, and generates an ac-

tion at based on the history and meta-cognition memory.
The reasoning model explores the environment, while a ref-
erence model provides stable guidance. The action genera-
tion using the large language model πθ follows:

at ∼ πθ

(
· | Q

(
Ht,MNew,MTarget)) , (1)

where Q(·) is a query template function. The objective is to
learn a meta-cognition memory strategy M that guide the
frozen LLM πθ to act effectively and maximize cumulative
rewards over a finite horizon T :

max
M

Eat∼πθ(·|Q(Ht,M))

[
T∑

t=1

rt

]
(2)

Meta-Cognition Module
To ensure efficient reasoning and long-term adaptability, Re-
fRea maintains two types of memory: the exploratory meta-
cognition memoryMNew and the validated long-term mem-
ory MTarget. These memory components are dynamically
updated during interaction. Exploratory memory MNew is
short-term and generated at fixed intervals based on the rea-
soning agent’s current trajectory. It captures reflective sum-
maries of recent behaviors, allowing the agent to propose

tentative strategies and support ongoing reasoning. How-
ever, to ensure reliability, MNew undergoes a behavioral
consistency check against the reference model’s actions,
preventing noisy or inconsistent guidance from influenc-
ing decision-making. Validated memoryMTarget serves as a
trusted source of meta-cognition derived from past success-
ful experiences. It accumulates only those memory segments
that have been empirically verified through positive reward
signals and similarity constraints. This ensures that the guid-
ance offered by the reference model remains grounded in
effective and safe prior behaviors.

In particular, the meta-cognition module generates reflec-
tive summaries to guide reasoning at fixed intervals (ev-
ery ∆t steps). The newly generated meta-cognition MNew

t
is produced using the current history Ht, the previous ex-
ploratory memory, and the validated memoryMTarget via:

MNew
t = fmeta(Ht,MNew,MTarget), (3)

where fmeta is a function for generating new meta-cognition
using the LLM. If the subsequent behavior guided by the
new generated memories leads to a positive reward, the new
meta-cognition memories are promoted to long-term vali-
dated meta-cognition memory:

MTarget ←MTarget ∪MNew, if rt > 0 (4)

MNew ← ∅.

Reasoning Model
The reasoning model is responsible for exploration and
decision-making. It directly generates actions and interacts
with the environment, forming the primary path for policy
execution. At each step, it produces the next action based on
the interaction history and both types of meta-cognition:

aRea
t ∼ πθ

(
· | Q

(
Ht,MNew,MTarget)) . (5)

Here, MNew introduces task-specific exploration and re-
cent reflective insights, while MTarget ensures continuity
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Algorithm 1: The algorithm of RefRea.

1: Input: Max trials Ntrials, similarity threshold τ , meta-
cognition interval ∆t.

2: Initialize: Target meta-cognition memory MTarget ←
∅. New meta-cognition memoryMNew ← ∅. The action
similarity score threshold τ .

3: for TASKNOTCOMPLETE and trial < Ntrials do
4: Initialize H0 ← ∅, initial observation o0
5: for t = 0 to Tmax do
6: Generate aRea

t ∼ πθ(· | Q(Ht,MNew,MTarget))
7: Generate aRef

t ∼ πθ′(· | Q(Ht,MTarget))
8: if Sim(aRea

t , aRef
t ) < τ then

9: Repeat sampling aRea
t (dropping MNew

latest) until
Sim(aRea

t , aRef
t ) ≥ τ or until reaching the maxi-

mum number of iterations
10: end if
11: Update history: Ht+1 ← Ht ∪ {(ot, aRea

t )}
12: if t mod ∆t = 0 then
13: MNew

latest ← fmeta(Ht,MNew,MTarget)
14: end if
15: Step environment: (ot+1, rt)← EnvStep(aRea

t )
16: if rt > 0 then
17: MTarget ←MTarget ∪MNew

18: MNew ← ∅
19: end if
20: end for
21: end for
22: return

with past validated strategies. This dual-memory condition-
ing encourages the model to explore novel strategies while
remaining grounded in accumulated knowledge. The rea-
soning model also serves as a key generator of new meta-
cognition through its interaction traces, contributing to con-
tinual memory evolution.

Reference Model
The reference model differs from the reasoning model in its
input configuration. It is constrained to rely solely on the
validated meta-cognitionMTarget:

aRef
t ∼ πθ′

(
· | Q

(
Ht,MTarget)) . (6)

The reference model provides consistent and reliable ac-
tion proposals grounded in previously verified behaviors. By
excluding exploratory memory, it acts as a conservative and
stable baseline, reflecting what the agent would do based
solely on trusted and validated knowledge. This design al-
lows the reference model to play a supervisory role, identi-
fying when the reasoning model’s behavior significantly di-
verges from established patterns.

Reference-Guided Reasoning Process
During each trial, the agent operates in a dual-path setting:
• Reasoning Path: generates and executes aRea

t in the en-
vironment.

• Reference Path: generates a reference action aRef
t with-

out execution.

The core of RefRea’s behavior consistency mechanism
lies in computing the similarity between actions pro-
posed by the reasoning and reference models. We de-
fine a semantic similarity function Sim(·) to compare
the two actions aRea

t and aRef
t , both expressed in nat-

ural language. To estimate their similarity, we employ
the paraphrase-MiniLM-L6-v2 model (Reimers and
Gurevych 2019), a lightweight and widely adopted model
from the SentenceTransformers library. It encodes both ac-
tions into dense vector representations and computes their
cosine similarity:

δt = Sim(aRea
t , aRef

t ). (7)

If the resulting similarity score δt falls below a predefined
threshold τ , the most recently generated meta-cognition
MNew

latest is discarded, and a new action is resampled.

DropMNew
latest ⇐⇒ δt < τ. (8)

After passing the similarity check or reaching the maxi-
mum iteration limit, the accepted action is executed:

(ot+1, rt) = EnvStep(aRea
t ). (9)

The history is updated:

Ht+1 ← Ht ∪ {(ot, aRea
t )}. (10)

This dual-path architecture improves reliability by filter-
ing out inconsistent behaviors while maintaining the flexi-
bility for exploration. It ensures robust decision-making, en-
courages diverse reasoning under safe supervision, and sup-
ports reflective adaptation in dynamic environments. Fig-
ure 1 illustrates the overall framework of RefRea, and Al-
gorithm 1 presents the detailed procedural steps.

Experiment
In this section, we provide a comprehensive comparison and
analysis to demonstrate the effectiveness of our proposed
method. We first introduce the experimental environment
ScienceWorld (Wang et al. 2022a), as well as the baseline
methods used for comparison. We then present the overall
experimental results and validate the algorithm across differ-
ent language models. Next, we conduct a hard-case analysis
to illustrate how our method leads to performance improve-
ments in challenging scenarios. Finally, we perform ablation
studies to examine the contributions of the two key modules
and the effectiveness of behavior consistency.

Experimental Setup
We evaluate the performance of RefRea and several baseline
methods on ScienceWorld, a simulated textual environment
where agents complete diverse science-related tasks through
natural language interaction. Following prior work (Lin et al.
2023), we categorize tasks as short, medium, or long based
on the average length of oracle trajectories. The baselines in-
clude traditional reinforcement learning agents (DRRN (He
et al. 2015), KG-A2C (Ammanabrolu and Hausknecht
2020)), concept-aligned language model (CALM (Yao et al.
2020)), behavior cloning and decision transformer models
(TDT (Chen et al. 2021)), and prompting-based LLM agents
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Task Type Length DRRN KGA2C CALM TDT CoT SayCan ReAct Reflexion RefRea

1-1(L) 107.7 3.52 0.0 0.0 0.71 0.67 1.67 1.33 13.33 0.67
1-2(L) 78.6 3.52 0.0 0.0 0.44 0.0 0.33 0.33 0.0 24.0
1-3(L) 88.9 0.0 4.0 0.0 3.88 28.67 26.33 28.67 28.67 28.67
1-4(L) 75.2 0.0 0.0 0.0 0.55 23.33 20.0 43.33 53.33 60.0
2-1(M) 21.4 6.56 6.0 1.0 6.16 12.33 2.0 9.0 14.33 14.33
2-2(M) 35.2 5.5 11.0 1.0 6.43 22.33 16.67 75.0 75.0 100.0
2-3(L) 65.0 6.0 4.0 1.0 19.87 44.67 19.67 100.0 47.33 100.0
3-1(S) 13.6 12.0 7.0 5.0 40.55 33.33 50.0 44.67 89.0 89.0
3-2(M) 20.8 9.0 4.0 7.0 14.26 19.67 39.0 41.0 43.33 50.0
3-3(M) 25.6 9.05 4.0 2.0 10.16 0.0 3.33 0.0 0.0 3.33
3-4(M) 29.0 9.52 4.0 2.0 21.65 40.33 41.0 39.33 100.0 100.0
4-1(S) 14.6 15.0 18.0 10.0 41.93 9.33 5.67 7.67 8.0 12.33
4-2(S) 8.8 45.0 44.0 54.0 55.76 27.33 16.0 26.0 38.33 30.0
4-3(S) 12.6 21.67 16.0 10.0 27.82 17.67 14.67 8.0 21.67 9.33
4-4(S) 14.6 19.17 15.0 8.0 47.15 43.33 71.67 73.33 76.67 100.0
5-1(L) 69.5 8.0 6.0 2.0 6.89 50.0 43.33 58.33 73.33 66.67
5-2(L) 79.6 14.29 11.0 4.0 11.86 10.0 36.67 70.0 43.33 73.33
6-1(M) 33.6 15.77 17.0 3.0 15.1 66.67 66.67 100.0 100.0 100.0
6-2(S) 15.1 26.67 19.0 6.0 15.7 49.67 49.67 63.33 88.67 88.67
6-3(M) 23.0 10.37 4.0 3.0 5.25 66.67 83.33 66.67 100.0 100.0
7-1(S) 7.0 50.0 43.0 6.0 30.0 7.0 18.33 8.0 18.0 18.67
7-2(S) 7.0 50.0 32.0 10.0 8.43 6.33 30.33 6.0 6.67 6.67
7-3(S) 8.0 33.33 23.0 4.0 8.34 1.0 1.67 0.0 5.0 8.33
8-1(M) 40.0 21.0 5.0 4.0 3.86 33.67 6.0 5.67 11.33 33.67
8-2(S) 16.3 8.0 10.0 0.0 8.0 6.0 0.0 0.33 6.33 44.67
9-1(L) 97.0 10.0 4.0 0.0 2.53 38.0 38.0 63.33 44.67 68.25
9-2(L) 84.9 10.0 4.0 3.0 14.66 5.0 21.0 16.67 37.0 56.67
9-3(L) 123.1 10.0 4.0 2.0 9.12 21.0 24.67 38.0 36.67 86.67
10-1(L) 130.1 16.8 11.0 2.0 1.51 60.0 52.33 73.33 76.0 77.67
10-2(L) 132.1 17.0 11.0 2.0 1.29 7.0 39.67 13.33 26.67 35.67

Short 11.76 28.08 22.7 11.3 28.37 20.1 28.57 18.03 35.83 38.1
Medium 28.58 10.85 6.88 2.88 10.36 32.71 32.25 39.08 55.9 62.67

Long 94.3 8.26 4.92 1.33 6.11 27.39 26.97 42.17 40.0 56.36
Overall 49.26 15.56 11.37 5.07 14.66 26.38 28.91 33.3 42.87 51.95

Table 1: Performance comparison on ScienceWorld. Each task type is labeled with its temporal horizon: L (long), M (medium),
and S (short), based on the average length of oracle trajectories.

(CoT (Wei et al. 2022), SayCan (Yao et al. 2023), Re-
Act (Yao et al. 2023), Reflexion (Shinn et al. 2023). For
SayCan, we follow the standard setup where a value func-
tion is used to rerank candidate actions. Semantic similar-
ity between the top-5 generated actions and the valid action
set is computed using the paraphrase-MiniLM-L6-v2
model. This same model is also used in RefRea for behav-
ior similarity estimation. ReAct and Reflexion are imple-
mented in a similar fashion, using subgoal annotations for
teaching the model to plan using virtual “think” steps. We
conduct the experiments on a system running Ubuntu 20.04
with NVIDIA A100 GPUs, 1.9 TiB of DDR4 RAM, and
Python 3.8. Three relevant variants are tested for each task,
and the average performance is reported. RefRea uses an it-
eration limit of 5 for action sampling. All primary experi-
ments are conducted using Qwen2-72B model (Team 2024),
though our framework is compatible with other LLMs, pro-

viding flexibility for different configurations.

Main Results
We compare the performance of our method with existing
methods on ScienceWorld as shown in Table 1. The tradi-
tional agents perform significantly worse than LLM-based
approaches, which is consistent with the prior work (Lin
et al. 2023). Among non-LLM-based methods, the behav-
ior cloning model TDT (Wang et al. 2022b; Chen et al.
2021) demonstrates the best performance and learning ef-
ficiency. Reinforcement learning approaches such as DRRN
and KG-A2C also exhibit reasonable performance. CoT pro-
vides moderate performance across tasks, but its fixed rea-
soning pattern lacks adaptability to dynamic environments,
limiting its overall effectiveness. In medium and long tasks,
ReAct significantly outperforms SayCan, primarily due to
its incorporation of virtual ”thought” actions that allow the
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Method Qwen2-72B Qwen3-32B
CoT 24.28 43.11
SayCan 25.28 56.67
ReAct 27.61 56.0
Reflexion 36.17 69.45
RefRea (Ours) 50.06 78.56

Table 2: Performance Comparison of Methods under
Qwen2-72B and Qwen3-32B Models

Ref ↓ / Rea→ Qwen2-72B Qwen3-32B
Qwen2-72B 34.33 44.67
Qwen3-32B 37.56 50.33

Table 3: RefRea performance under different Reference (Ref
↓) and Reasoning (Rea→) model combinations.

model to generate intermediate steps, leading to better task
understanding and planning. In contrast, Reflexion achieves
higher scores than ReAct on short and medium tasks, as
its multi-round reflection mechanism enables more effective
extraction and integration of key environmental informa-
tion. However, in long tasks, Reflexion underperform com-
pared to ReAct, possibly because the impact of reflections
diminishes over extended reasoning sequences. In contrast,
our proposed RefRea agent achieves the best overall perfor-
mance with an average score of 51.95, 9.08 points higher
than the next best Reflexion method. This improvement is
due to RefRea’s calibration mechanism, which improves
reasoning accuracy, especially in long-horizon tasks.

Results on Another Backbone
To examine the generality of our approach across different
language model backbones, we evaluate RefRea and sev-
eral LLM-based baseline methods using Qwen3-32B (Yang
et al. 2025), in addition to the originally used Qwen2-72B.
In public evaluations, Qwen3-32B outperforms Qwen2-72B
in several aspects. In this experiment, we select a represen-
tative subset of six tasks, including two from each horizon
category (short, medium, and long), to ensure a balanced
evaluation across different levels of temporal complexity.
As shown in Table 2, all methods benefit from the stronger
Qwen3-32B backbone, showing noticeable improvements
in performance. This indicates that more capable language
models enhance overall reasoning and planning across the
board. RefRea consistently achieves the highest scores under
both model settings, with a performance of 78.56 on Qwen3-
32B, compared to 69.45 by the next best method, Reflexion.
These results show the robustness and scalability of RefRea,
demonstrating its ability to maintain superior performance
across models of varying sizes and capabilities.

Model Combination Analysis
To validate the impact of different model combinations
for the reference and reasoning components in our Re-
fRea framework, we employed Qwen2-72B and Qwen3-

ReAct (Failure)
> Open bedroom closet
> Go to greenhouse (no ani-

mal)
> Check kitchen fridge
> Repeat room visits
> Finally find animal outside

RefRea (Success)
> Check art studio (fail)
> Systematically search

rooms
> Locate animal outside
> Deliver to orange box

Figure 2: Trajectory comparison on an animal relocation
task. RefRea efficiently plans and delivers, while ReAct per-
forms redundant exploration.

Metric RefRea (Ours) ReAct

Final Score 100 75
Total Steps <30 >50
Redundancy Few invalid or

repeated actions
Frequent redundancy
(e.g., re-entering
rooms, duplicate
acts)

Planning
Strategy

Goal-aware,
feedback-refined

Loopy or distracted,
weak goal grounding

Table 4: Comparison of RefRea and ReAct on the animal
relocation Task.

32B models as the reasoning and reference models, respec-
tively. We conduct experiments across three tasks and re-
ported the averaged results. The results are shown in Ta-
ble 3. From the table, it can be observed that using Qwen3-
32B as the reasoning model achieves higher performance
scores of 44.67 and 50.33 compared to Qwen2-72B, indicat-
ing that the reasoning outcomes benefit more significantly
from the strength of the reasoning model. Similarly, using
Qwen3-32B as the reference model yields scores of 37.56
and 50.33, outperforming configurations with Qwen2-72B
as the reference model, which suggests that a stronger refer-
ence model also enhances reasoning performance. Notably,
when the reference model is fixed, upgrading the reasoning
model from Qwen2-72B to Qwen3-32B leads to improve-
ments of 10.34 and 12.77 points, respectively, demonstrating
that the learned target meta-cognition enables the reference
model to extract useful guidance even from weaker back-
bones, thereby helping bridge the performance gap between
language models.

Challenging Case Analysis
One challenging scenario involves locating an animal and
placing it into a designated box. The agent has no prior
knowledge of the target’s location or the environment, and
receives no explicit task hints. ReAct and Reflexion fre-
quently repeatedly check rooms, resulting in redundant out-
puts that introduce noise and detract from the original goal.
As shown in Figure 2, ReAct explores rooms in a disor-
ganized manner, frequently revisiting the same locations
and ultimately failing to place the animal into the box. Ta-
ble 4 further quantifies this inefficiency and highlights the
performance gap across multiple dimensions between our
algorithm and ReAct. In contrast to ReAct, our method
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Method Performence Length
ReAct 42.44 30.1
Reflexion 47.55 25.8
w/o reference model 50.33 27.6
w/o meta-cognition 45.78 22.8
RefRea (Ours) 58.11 19.2

Table 5: Ablation results on a 3-task subset, showing the
impact of removing the reference model or meta-cognition
module.

demonstrates more structured reasoning and efficient execu-
tion. RefRea leverages real-time summarization and adap-
tive meta-cognition to reduce redundancy, avoid repeated or
invalid actions, and maintain clear goal alignment through-
out the task. Its planning is guided by validated feedback
and strategic intent rather than reactive trial-and-error, re-
sulting in significantly higher task scores and fewer interac-
tion steps.

Effect of Reference and Meta-Cognition Modules
To understand the contribution of each component in Re-
fRea, we conduct an ablation study by selectively remov-
ing the reference model or the meta-cognition module. In
the ”w/o reference model” setting, we remove the reference
model but retain the generation of meta-cognition, which is
still fed into the reasoning model during inference. In the
”w/o meta-cognition” setting, we exclude meta-cognition
from the reasoning model’s input but retain the meta-
cognition validation process. Specifically, meta-cognitions
that receive positive feedback from the environment are
added to the target meta-cognition set and used as input to
the reference model. The reference model continues to cor-
rect the reasoning model’s outputs. However, due to the po-
tential semantic drift caused by accumulating discrepancies
in meta-cognition, we reduce the validation frequency. If the
similarity score does not exceed the threshold τ for three
consecutive attempts, we force the current action to be exe-
cuted in the environment.

We conduct this ablation on three tasks and report the av-
erage performance and reasoning length. As shown in Ta-
ble 5, removing either component results in a noticeable
performance drop, confirming their complementary roles.
Without the reference model, the performance decreases
from 58.11 to 50.33, demonstrating its importance in guid-
ing the reasoning process. However, the reasoning length
increases compared to Reflexion, suggesting that directly
using environment-generated meta-cognition may introduce
noise, which can increase inference steps. Similarly, remov-
ing meta-cognition reduces the score to 45.78, indicating
that meta-cognition improves efficiency by providing high-
level behavioral priors. In this case, the reasoning length
is significantly shorter than ReAct and Reflexion, suggest-
ing that the reference model helps avoid ineffective actions.
When both components are used together, RefRea achieves
the best performance, highlighting their synergy in improv-
ing accuracy and reducing reasoning cost.

0.0 0.2 0.4 0.6 0.8 1.0
Similarity threshold τ

0

20

40

60

80

100

Sc
or

e

Effect of τ on Task Score
Task 8-2
Task 9-3

0 0.2 0.4 0.6 0.8 0.95
Similarity threshold τ

0.00

0.25

0.50

0.75

1.00

Ac
tio

n 
Si

m
ila

rit
y

Similarity Across 6 Threshold

Task 8-2
Task 9-3

Figure 3: Effect of similarity threshold τ on task perfor-
mance (left) and action consistency (right) for two represen-
tative tasks.

Effect of Similarity Threshold
To study the impact of the similarity threshold τ on Re-
fRea’s performance, we evaluate both task score and es-
timated action similarity under different threshold set-
tings. Specifically, we conduct experiments with τ ∈
0, 0.2, 0.4, 0.6, 0.8, 0.95. As shown in Figure 3 (left), in-
creasing τ generally improves task performance on both
Task 8-2 and Task 9-3, with the best performance observed
around τ = 0.8. This suggests that filtering out low-
consistency meta-cognition helps improve overall decision
quality. While performance slightly declines at very high
thresholds (e.g., τ = 0.95), the method remains consistently
effective as long as τ is set above 0.6 and not excessively
high. Figure 3 (right) shows the average action similarity
under different τ values. As τ increases, the estimated simi-
larity not only improves but also exhibits reduced variance.
As expected, higher thresholds result in greater alignment
between the actions of the reasoning and reference mod-
els, confirming that the filtering mechanism effectively pro-
motes behavioral consistency and contributes to more stable
reasoning. These results suggest that higher thresholds are
preferable when stability is a priority, while optimal perfor-
mance can be achieved by carefully selecting τ to balance
consistency enforcement and flexibility.

Conclusion
We propose RefRea, a novel reasoning algorithm for LLM-
based agents. By introducing a reference model to calibrate
the reasoning model’s actions, RefRea prevents redundant
and meaningless outputs, keeping the reasoning process fo-
cused on the original goal. It further improves action-goal
alignment by leveraging validated meta-cognition and be-
havioral memory. This design ensures that strategic guid-
ance remains grounded in environment-verified knowledge
rather than transient exploration. Through coordination be-
tween the reasoning and reference models, the agent reflects
on recent experiences and adaptively refines its strategy,
promoting consistent and stable reasoning in long-horizon,
multi-step tasks. Experiments in the ScienceWorld environ-
ment demonstrate that RefRea outperforms existing state-of-
the-art methods across a diverse set of multi-step decision-
making tasks. Ablation studies further confirm the effective-
ness of both the reference model and the meta-cognition
module in driving performance gains.
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