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Abstract

Learning from experience is essential for agents
in real-world applications. However, most
existing methods rely on static imitation of
successful expert trajectories, overlooking the
informative signals exposed from failed ex-
periences and lacking a interactive feedback
loop with the environment. In this paper, we
propose R-IDEAL, a unified framework for
insight-driven experience generation and op-
timization. R-IDEAL first perform contrastive
analysis between successful and failed trajecto-
ries to automatically synthesize structured in-
sights, consisting of positive plans and negative
lessons, which guide agents not only on what
to do, but also on what to avoid. These syn-
thesized insights serve as supervision to train a
lightweight insight model that generates task-
specific guidance. While this supervision stabi-
lizes insight generation, it does not guarantee
the effectiveness of the insights due to distribu-
tion shifts and execution discrepancies across
agents. Therefore, we further optimize the in-
sight model via reinforcement learning using
execution feedback from heterogeneous agents
in real environments, ensuring that the gener-
ated insights effectively improve agent behav-
ior. Experiments on AlfWorld and SciWorld
show that R-IDEAL substantially outperforms
existing methods, demonstrating strong robust-
ness in out-of-distribution scenarios and serv-
ing as a lightweight, plug-and-play module for
both closed-source and large-scale models.

1 Introduction

In recent years, large language model (LLM)-
driven agents have demonstrated strong potential
in long-horizon interactive tasks (Shridhar et al.,
2020; Wang et al., 2022). Such tasks require agents
to understand environmental feedback over mul-
tiple interaction steps and choose executable ac-
tions (Xi et al., 2025; Wang et al., 2024a). However,
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compared with humans, existing agents still lack a
crucial capability: abstracting discrete interaction
trajectories into reusable and transferable experi-
ences, and leveraging experiences to consistently
guide future decision making (Fu et al., 2024a).
In practice, this limitation often leads to ineffi-
cient trial-and-error exploration, poor robustness to
out-of-distribution (OOD) perturbations (Fu et al.,
2025), and error accumulation in long-horizon rea-
soning.

To address this challenge of learning from in-
teraction experience, existing approaches can be
broadly categorized into two paradigms. The first
paradigm encodes experience implicitly into model
parameters, through supervised fine-tuning or pref-
erence optimization on trajectories (Zeng et al.,
2024; Song et al., 2024). While this paradigm is
effective at improving a specific model’s perfor-
mance on the tasks it is trained on, the learned
experience is tightly coupled to the model weights,
making it difficult to interpret, reuse, or transfer
across models and tasks. The second paradigm
aims to extract explicit textual guidance from expe-
rience and inject it into the agent’s context to shape
its behavior.

Although such guidance is interpretable and
transferable, existing methods primarily extract
guidance on what to do from successful trajec-
tories (Sun et al., 2023), while lacking system-
atic consolidation of what not to do from fail-
ures (Zhang et al., 2024; Zhu et al., 2025a). More-
over, most such guidance is derived from offline
data and relies on external experience pools for
test-time retrieval without grounding in real envi-
ronment interaction, often leading to plausible yet
non-executable, hallucinated behaviors.

We argue that effective guidance for long-
horizon interactive tasks should be formulated as
structured insights that capture both successful
workflows and failure-aware constraints. Con-
cretely, each insight comprises two components:
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Plan, which specifies the key steps required to ac-
complish the task, thereby reducing uninformed
exploration; and Lessons, which summarize com-
mon failure modes, invalid actions, and critical pre-
conditions identified from unsuccessful trajectories,
enabling the agent to explicitly avoid error-prone
branches and improve robustness to OOD scenar-
i0s. Moreover, effective insights should meaning-
fully influence agent behavior in practical environ-
ments, lead to measurable performance improve-
ments, and generalize across different models.

Following the above perspective, we propose
R-IDEAL, a unified framework for insight gen-
eration and optimization. Instead of relying on
expert trajectories, R-IDEAL learns directly from
the target agent’s trajectories collected in real envi-
ronments. We introduce a fully automated pipeline
to extract structured insights from raw interaction
data. By summarizing successful trajectories into
positive Plans and contrasting successful and failed
trajectories to derive negative Lessons, R-IDEAL
constructs transferable, task-level guidance that en-
codes both what to do and what to avoid. To make
such insight reusable, we train a lightweight Insight
Model to generate structured insights conditioned
on a task instruction. R-IDEAL adopts a two-stage
training procedure. We first apply supervised fine-
tuning to teach the Insight Model to stably produce
high-quality, structured insights from task instruc-
tions. However, supervision alone cannot guaran-
tee that the generated insights are executable or
effective under distribution shifts and diverse agent
behaviors. We further optimize the Insight Model
via reinforcement learning (Shao et al., 2024) us-
ing feedback from real environments, ensuring that
the generated insights are aligned with real environ-
ment and effectively guide agent behavior. More-
over, we design a hybrid reward function that ag-
gregates feedback from format, length and hetero-
geneous agents, which substantially improves the
generalization of the learned insights.

At inference time, R-IDEAL works as a plug-
and-play module: the Insight Model generates
structured insights from the task instruction and
injects them into the agent’s context to guide its be-
havior. Because insight generation is decoupled
from the downstream agent, R-IDEAL is com-
patible with both open-source and closed-source
models, and allows a lightweight Insight Model
to guide larger agents and improve long-horizon
performance without additional fine-tuning, which
is often costly and impractical for large-scale or

proprietary models.

We conduct extensive experiments on AlfWorld
and SciWorld. The results show that R-IDEAL sig-
nificantly outperforms existing baselines in both
success rate and execution efficiency, and exhibits
stronger robustness under out-of-distribution (un-
seen) settings. Notably, an Insight Model trained
with a smaller backbone consistently improves the
performance of a wide range of agents, including
proprietary models and larger open-source models,
demonstrating strong cross-model transferability
of the learned insights.

Our contributions are as follows. (1) We propose
a structured insight representation centered on Plan
and Lessons, enabling insights to provide both an
action backbone and constraints derived from fail-
ures. (2) We introduce an end-to-end framework for
insight generation and optimization, using SFT to
learn to generate structured insights and GRPO to
align insights with real environmental utility, while
leveraging feedback from heterogeneous models
to improve cross-model generalization. (3) Finally,
we achieve substantial performance gains on Alf-
World and SciWorld, showing that R-IDEAL can
serve as a plug-and-play insight module for cross-
model transfer and for guiding larger or proprietary
models with a smaller Insight Model.

2 Related work

Experiential learning The ability to continu-
ously evolve through interactive experience is a
cornerstone for language agents aiming for general-
purpose capabilities (Zhang et al., 2025; Zhao et al.,
2024). Early approaches (Shinn et al., 2023) fo-
cused on utilizing natural language feedback for
self-correction. Subsequent research (Zhu et al.,
2023; Wang et al., 2024b; Gao et al., 2025) has
further investigated mechanisms for explicit ex-
perience formalization and cross-task knowledge
transfer. Notably, retrieval-based methods such
as ExpeL (Wang et al., 2024b) and ERL (Allard
et al., 2026) extract textual rules into an exter-
nal experience pool for runtime retrieval. How-
ever, maintaining an expanding experience pool
incurs non-trivial retrieval overhead, and reflection
detached from real environments easily produces
"guidance hallucinations.”" In contrast, R-IDEAL
directly internalizes insights into a lightweight gen-
erator, completely eliminating the need for an ex-
ternal database. To leverage experience more pro-
foundly, extensive research has centered on the
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Figure 1: Overview of the R-IDEAL framework. The pipeline is composed of three parts: (1) Data Construction,
which synthesizes structured insights containing “Plans" and “Lessons" via trajectory contrast; (2) Supervised
Fine-Tuning (SFT), used for Insight Model initialization; and (3) Reinforcement Learning (RL), which utilizes the
GRPO algorithm to optimize the Insight Model based on execution feedback from agents in real environments.

parametric optimization of policy weights. This
includes imitation learning via Supervised Fine-
Tuning (SFT) (Chen et al., 2023; Zeng et al., 2024;
Chen et al., 2024b, 2025) and reinforcement learn-
ing methods ranging from offline preference opti-
mization (Song et al., 2024; Jung et al., 2025; Putta
et al., 2024) to end-to-end online exploration (Wei
et al., 2025). However, this implicit internalization
paradigm tightly couples experience with specific
model weights. Such coupling not only hinders the
transferability of knowledge across heterogeneous
architectures but also restricts the direct application
of these techniques to large-scale closed-source sys-
tems that are ineligible for fine-tuning.

Planning in LLM Agents Large Language Mod-
els have demonstrated significant potential in
tackling complex interactive tasks (Liu et al.,
2023). Early research (Yao et al., 2022) lever-
aged prompt engineering to stimulate planning ca-
pabilities within environments, yet continues to
face stability challenges in long-horizon scenarios.
Recent efforts have focused on decoupling plan-
ning from underlying execution by constructing
explicit guidance mechanisms (Qiao et al., 2024;
Zhu et al., 2025b; Xiong et al., 2025) or incorporat-
ing reinforcement learning techniques to enhance
execution quality. Concurrently, works such as Voy-
ager (Wang et al., 2023), AutoManual (Chen et al.,
2024a), and AutoGuide (Fu et al., 2024b) explore
the automatic generation of structured manuals
through environmental interaction. Although these
methods establish the paradigm of explicit guid-

ance, existing optimization trajectories predomi-
nantly focus on the static distillation of successful
workflows and lack real-time constraints for defin-
ing "error boundaries". Furthermore, the absence
of dynamic optimization tailored to heterogeneous
execution feedback often renders generated plans
prone to overfitting the specific reasoning patterns
of individual models.

3 Methodology

3.1 Overview

R-IDEAL is motivated by an experiential learning
paradigm that progresses from “imitation” to “gen-
eralization.” We explicitly represent experience
as Structured Insights (o = [P; L]), generated by
an Insight Model (7). As illustrated in Figure 1,
the training pipeline proceeds in two phases. First,
through Data Construction and Supervised Fine-
Tuning (SFT), we synthesize high-quality insights
via trajectory contrast to obtain an initialized .
Second, we employ Reinforcement Learning (RL)
with the GRPO algorithm to further optimize the
insight model based on execution feedback, align-
ing the generated insights with downstream task
success.

3.2 Phase I: Insight Synthesis

To construct high quality insights, for each task
instruction g we collect a set of N trajectories
Ty = {71, 72,...,7n}. Each trajectory 7 contains
a sequence of state—action pairs and a final reward

(7).
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Data Construction We construct a seed dataset
Dyeeq containing a plan P and lessons L via the
following steps.

Optimal Path Selection We denote the set of
successful trajectories (i.e., 7(7) = 1) as Tsuce-
The optimal trajectory 7" is defined as the most
efficient (fewest-step) trajectory in Tgyec:

7% = argmin|7]|. (1)
TE€Tsuce

Based on the selected optimal trajectory 7%, we
prompt the teacher model to induce a task-general
plan P.

Negative Lesson Extraction To extract lessons,
we compare 7 with each trajectory in the failure
set Trait = Tg \ Tsuce and remove duplicated tra-

jectory pairs. For each pair (77, T(Z)ﬂ), the teacher
model generates a specific lesson /;. Finally, we use
an aggregation prompt p,gy to perform semantic

deduplication and consolidation over all lessons:

L= MT ({MT(T*a T}Z)ilypcompare>}iypagg)
2)

Supervised Fine-Tuning (SFT) Subsequently,
we perform supervised fine-tuning using the con-
structed dataset. Since the agent cannot access any
reference trajectories during evaluation, we con-
strain the model to generate insights o = [P; L]
solely from the task instruction g. This process
equips the model with an initial capability to pro-
duce standardized insights. Concretely, we fine-
tune the Insight Model 74 on the dataset Dyecq =
{(g,0) | o = [P; L]} by minimizing the following
autoregressive loss:

Lspr(¢) = —Ep,,, [logms(o|g)] . (3)

The model trained in this stage is denoted as
msrr. In the subsequent second stage, it plays two
roles simultaneously: serving as the initialization
of the GRPO policy model 7y (i.e., O;nir = ¢), and
acting as the reference policy ..y for computing
the KL-divergence constraint.

3.3 Phase II: Utility-Driven Policy Refinement

While SFT endows the model with the formatting
standards for generating structured insights, the
model often remains at the level of “formal imita-
tion” of training data, struggling to generate truly
effective guidance for unseen, complex instructions.

To transform static insights into dynamic problem-
solving capability, we introduce the Group Relative
Policy Optimization (GRPO) algorithm.

Unlike traditional PPO algorithms that rely on
an additional Value Network, GRPO significantly
reduces training overhead by calculating relative
advantages over a group of outputs generated from
the same input. In the R-IDEAL framework, the
core objective of this phase is to optimize the In-
sight Model 7y so that its generated insights o max-
imize the execution utility of the downstream agent.
The specific training process is as follows:

Group Sampling: For each task instruction g,
the Insight Model samples a group of G distinct out-
puts {01, 02, ...,0c} based on the current policy
. Each output o; contains the Plan and Lessons
in a complete XML language format.

Heterogeneous Rollout: We construct a valida-
tion environment containing heterogeneous models
(see Section 3.4). For each generated insight o;, we
inject it as context into different agents for parallel
execution and calculate the comprehensive reward
r; based on the execution results.

Advantage Estimation: Based on the mean and
standard deviation of the intra-group rewards, we
calculate the advantage A; for each output to iden-
tify insights that are superior to the average level:

ri —mean({r1,...,rg})
sd({re,...,r¢})

Policy Update: We update the policy parameters
0 by maximizing the following objective function,
while introducing a KL divergence constraint to
prevent the model from deviating too far from the
SFT initial policy 7. f:

A = “)

G
1
‘C(e) = ]EgND,ONTI'Q |:G Z min (TZ(Q)A“ Clip
i=1

(ri(0),1 —e,1+ E)Az‘> — BrrDrr(mg || Wref)],
(5)

where r;(0) = ﬂ:?d(?i'gg)) .Through this process,

the model gradually learns to suppress hallucina-
tions that “sound reasonable but are ineffective,” re-
inforcing valid insights that tangibly help the agent
avoid risks and shorten paths.
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3.4 Reward Function Design

To guide the model in generating insights that are
not only normative and efficient but also possess
Cross-model Generalization, we design a hybrid
reward function incorporating format gating, het-
erogeneous utility, and length penalty. For a given
instruction g and generated insight o, the total re-
ward R(o, g) is defined as follows:

Format Gating We enforce strict format ver-
ification: the insight o must contain complete
<workflow> and <lessons> tags. If format pars-
ing fails, we immediately apply a fixed penalty of
—1.0 and terminate the reward computation.

Heterogeneous Utility Reward If the format is
valid, we evaluate the actual contribution of the in-
sight to the downstream task. To avoid overfitting
the generated insight to the reasoning bias of a sin-
gle model, we introduce a heterogeneous model set
M = {Llama-3.1-8B, Qwen-2.5-7B}. We inject
o into these models respectively and execute them
in the environment to calculate the total heteroge-
neous utility reward:

Ruiiry = Y (rbm+a-r5)) . ©)
meM

Here, rgﬁ? represents the reward returned by the
environment. For the efficiency reward rgm}, we
encourage generating insights that shorten the ex-
ecution path. This term is calculated only when
the task reward réﬁ? = 1.0; otherwise, it is 0. The

formula is:

(m) T(Zn)
QHZM&QZD'G—JMZ>7(ﬂ

where Tﬁggs denotes the actual steps consumed by
model m to complete the task, and 7, is the max-
imum interaction steps allowed by the environment.
In our experiments, we set the weight coefficient

a = 0.25.

Length Penalty To prevent the model from gen-
erating verbose and redundant text in pursuit of
coverage, we introduce a dynamic length penalty
term 7, (0) based on token count. We define this
as a normalized piecewise function designed to ap-
ply a linear penalty to redundant outputs exceeding

Lsoft:
0 if L < Lyogs
L—Lg, .
T'len(o) == T—Liiﬁ if Lsoft < L < Lhzzrd 5
1 if L > Lpgrd
3

where L is the token length of the generated text. In
our experiments, we set the soft threshold L, 71 =
512 and the hard threshold L;,,,.q = 2048.

Final Reward Formula In summary, given a
valid format, the final reward is the heterogeneous
utility reward minus the length penalty:

R(O, g) = Rutility - Blen : Tlen(o) . 9)

We set S, = 0.25 in our experiments. This de-
sign ensures that high-scoring insights must simul-
taneously satisfy: (1) guiding different models to
complete the task; (2) reducing execution steps;
and (3) being concise.

3.5 Inference Phase

Distinct from implicit methods that internalize
experience into model parameters, R-IDEAL
achieves a full decoupling between the Insight
Model and the Agent. Specifically, during infer-
ence, given any test-task instruction g, the Insight
Model first generates guiding insights o. These
insights are then concatenated to the end of the
original instruction, forming an augmented input
[g; 0], which is fed into any target agent to guide
subsequent trajectory generation.

This text-concatenation-based decoupling mech-
anism endows the framework with plug-and-play
inference capabilities, enabling both closed-source
model compatibility and small-to-large generaliza-
tion: since the Insight Model outputs structured
natural-language text, its insights can be directly
injected as additional context to improve the per-
formance of closed-source models as well as open-
source models; moreover, the insight-generation
policy can be trained with a smaller model (e.g.,
Llama-3.1-8B-Instruct) and, at inference time, the
concise insights produced by the small model can
guide larger models to overcome reasoning bot-
tlenecks in specific long-horizon tasks, avoiding
expensive fine-tuning of large models.

4 Experiments

In this section, we benchmark our method, R-
IDEAL, on datasets involving household tasks (Alf-
World) and scientific experiments (SciWorld). We
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Method AlfWorld SciWorld Average
Seen Unseen Seen Unseen
Agents w/o Training
Llama-3.1-8B-Instruct (Dubey et al., 2024) 229 284 477 422 353
Llama-3.1-8B-Instruct + MPO (Xiong et al., 2025) 50.0 522 565 555 53.6
Llama-3.1-8B-Instruct + R-IDEAL (Ours) 940 935 82.1 75.1 86.2
GPT-40 (Achiam et al., 2023) 78,6 83.6 60.0 560 69.6
GPT-40 + MPO (Xiong et al., 2025) 893 933 673 678 79.4
GPT-40 + R-IDEAL (Ours) 983 985 81.7 786 89.3
Llama-3.1-70B-Instruct (Dubey et al., 2024) 78.6 739 72,6 70.2 73.8
Llama-3.1-70B-Instruct + MPO (Xiong et al., 2025) 85.7 86.6 804 795 83.1
Llama-3.1-70B-Instruct + R-IDEAL (Ours) 99.0 995 84.0 81.1 90.9
Agents w/ Training
Llama-3.1-8B-Instruct + KnowAgent (Zhu et al., 2025b) 80.0  74.9 81.7 69.6 76.6
Llama-3.1-8B-Instruct + WKM (Qiao et al., 2024) 8.1 76,5 77.1 782 78.5
Llama-3.1-8B-Instruct-SFT (Zeng et al., 2024) 793 71.6 653 57.0 68.3
Llama-3.1-8B-Instruct-SFT + MPO 80.7 813 702 659 74.5
Llama-3.1-8B-Instruct-SFT + R-IDEAL (Ours) 986 983 823 796 89.7
Llama-3.1-8B-Instruct-ETO (Song et al., 2024) 77.1 764 813 741 77.2
Llama-3.1-8B-Instruct-ETO + MPO 85.0 79.1 83.4  80.8 82.1
Llama-3.1-8B-Instruct-ETO + R-IDEAL (Ours) 99.0 988 857 82.6 91.5

Table 1: Performance comparison on AlfWorld and SciWorld benchmarks. Average reward (%) are reported for
seen and unseen test sets. R-IDEAL consistently outperforms baselines across both untrained agents (top) and

trained agents (bottom).

validate the effectiveness of our method by answer-
ing the following research questions:

RQ1: How does R-IDEAL perform compared to
other experience utilization methods? RQ2: Why
is the additional Insight Model necessary? RQ3:
What are the contributions of the individual com-
ponents of R-IDEAL? RQ4: In what ways is R-
IDEAL effective regarding efficiency, error reduc-
tion, and specific cases?

4.1 Experimental Setup

Datasets We evaluate R-IDEAL on Alf-
World (Shridhar et al., 2020) and SciWorld (Wang
et al., 2022). AlfWorld is a text-based household
task benchmark, while SciWorld is a text-based
scientific simulation benchmark. For detailed
information about the datasets, please refer to
Appendix A.

Baselines We compare our method against a
range of baselines: (1) Open-source and Propri-
etary Models: In this setting, models directly

execute tasks using the ReAct framework. We
test GPT-40 (Achiam et al., 2023) as the propri-
etary model. For open-source models, we select
models of various sizes, including Llama-3.1-8B-
Instruct and Llama-3.1-70B-Instruct.(2) Implicit
Experience Utilization: These methods enhance
agent capabilities via parameter updates. Agent-
Tuning (Zeng et al., 2024) uses expert trajectories
for SFT. ETO (Song et al., 2024) uses positive
and negative trajectories for DPO (Rafailov et al.,
2023) training to enhance failure experience uti-
lization.(3) Explicit Experience Utilization: These
methods formulate experience as explicit knowl-
edge to guide the agent. KnowAgent (Zhu et al.,
2025b) and WKM (Qiao et al., 2024) collect task-
related knowledge and integrate it into training.
MPO (Xiong et al., 2025) trains a planner providing
global plans via SFT and DPO on human-curated
data. These methods also provide additional guid-
ance, and therefore are not compatible with our
approach.
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AlfWorld

Method = Average
Seen Unseen
Baseline (w/o insight) 22.9 28.4 25.7
GPT-5-mini 31.0 284 29.7
GPT-5 39.3 383 38.8
R-IDEAL(Ours) 94.0 93.5 93.8

Table 2: Success rates (%) on AlfWorld using insights
generated by different methods. All insights are evalu-
ated with Llama-3.1-8B-Instruct as the execution agent.

Implementation Details We select Llama-3.1-
8B-Instruct as the backbone for the Insight Model.
In the SFT phase, we sample 4 times on the training
set using Llama-3.1-8B-Instruct with a temperature
of 0.8 to construct the contrastive trajectory repos-
itory. We perform full fine-tuning using Llama-
Factory (Zheng et al., 2024) with a batch size of
32, a learning rate of 1 x 10~°, a warm-up ratio
of 0.03, and a cosine scheduler. For the RL phase,
we use the Verl (Sheng et al., 2025) to further fine-
tune the SFT model, following the algorithm and
reward design in Sections 3.3 and 3.4. We employ
Llama-3.1-8B-Instruct and Qwen2.5-7B-Instruct
as heterogeneous action Models, with a group sam-
pling size of 8, a batch size of 64, and a learning
rate of 1 x 1076,

Evaluation During evaluation, we set the decod-
ing temperature of both the Insight Model and Ac-
tion Model to O to ensure reproducibility. Follow-
ing MPO’s setting, we use zero-shot prompting for
insight generation and 1-shot in-context prompting
for task trajectory generation. We report the aver-
age reward for each test, and all reported results
are averaged over three runs to reduce variance.

4.2 Main Results

As shown in Table 1, R-IDEAL significantly im-
proves the performance of various base models
across different settings, demonstrating broad ap-
plicability. Specifically, the agent based on Llama-
3.1-8B-Instruct achieves a substantial increase in
average reward to 86.2, outperforming the previous
state-of-the-art baseline MPO by 32.6. This fully
validates the synergistic effectiveness of insights
(containing negative lessons) and the dynamic opti-
mization mechanism based on heterogeneous exe-
cution feedback.

Crucially, the experiments demonstrate signif-
icant “Small-to-Large” generalization: using an

AlfWorld

Configuration 7 Average
Seen Unseen
R-IDEAL (Full Model) 94.0 93.5 93.8
Inference-time
w/o Lesson 92.4 89.6 91.0
w/o Plan 73.1 674 70.3
Training-time
w/o Lesson 93.1 86.3 89.7
w/o Plan 88.1 80.8 84.5

Table 3: Ablation study of Plan and Lesson components
on AlfWorld. We compare removing each component
at inference time versus excluding it during training.

Insight Model trained only on an 8B model, R-
IDEAL serves as a general plug-and-play module
that consistently enhances the reasoning perfor-
mance of closed-source models and large open-
source models without additional parameter fine-
tuning. Particularly in challenging Unseen scenar-
ios, the structured insights generated by R-IDEAL
maintains high quality and applicability, boosting
Llama-3.1-70B-Instruct’s average reward on Alf-
World Unseen tests by 25.6, reaching a near-perfect
99.5. These data strongly suggest that R-IDEAL
not only generates generally useful insights through
heterogeneous feedback but also effectively solves
the adaptability problem in unfamiliar environ-
ments, significantly enhancing robustness and gen-
eralization.

4.3 Directly Generating Insights with GPT-5

A natural question is: given that state-of-the-art
large language models such as GPT-5 demonstrate
strong reasoning capabilities, do we still need to
train a dedicated Insight Model? Is it sufficient
to directly ask SOTA models to generate insights?
To answer this question, we conduct a compara-
tive experiment. We fix Llama-3.1-8B-Instruct as
the agent’s backbone model, and use R-IDEAL
(trained from Llama-3.1-8B-Instruct), as well as
prompt-engineered GPT-5-mini and GPT-5, to gen-
erate guiding insights.

As shown in Table 2, although GPT-5 has top-
tier general reasoning ability, its directly gener-
ated insihts improves the Agent’s success rate only
to 39.3% on Seen tasks and 38.3% on Unseen
tasks. While this outperforms the unguided base-
line, it remains fundamentally behind R-IDEAL,
which achieves 94.0% and 93.5%. We attribute
this discrepancy primarily to insufficient ground-
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Method Average Score
R-IDEAL (Ours) 97.3

- w/o Efficiency Reward 94.4

- w/o Heterogeneous Utility Reward 92.8

Table 4: Ablation of RL components on AlfWorld.
Average success rates (%) across four models (Llama-
3.1-8B/70B, Qwen-2.5-7B/72B) on seen/unseen splits.

ing: without feedback from environment interac-
tion, SOTA models often produce hallucinated sug-
gestions that sound plausible but are not executable,
such as attempting to manipulate non-interactive
objects or ignoring necessary preconditions. In con-
trast, R-IDEAL leverages environment feedback
to refine its strategy, highlighting the value of tar-
geted training: even an 8B model, once equipped
with environment-specific insights, can substan-
tially outperform an untuned ultra-large model in
guidance effectiveness.

4.4 Ablation Studies
4.4.1 Module Ablation

To investigate the independent contributions of
the two core cognitive components, “Plan” and
“Lessons,” within the R-IDEAL framework, we
designed ablation experiments at two levels: (1)
Inference-time Ablation, where specific mod-
ules are selectively removed from the context
via masking on the fully trained model; and
(2) Training-time Ablation, where specific mod-
ules are completely removed throughout the en-
tire pipeline—from data construction and SFT to
RL—and the model is retrained. The results are
summarized in Table 3.

At inference time, removing Lessons leads to
a small performance drop, with a larger decline
on Unseen tasks, indicating that Lessons improve
the agent’s robustness. Removing Plan causes a
substantial degradation on both Seen and Unseen
tasks, showing that Plan provides critical guidance
for task solving. Compared with inference-time
context masking, the absence of Lessons during
training results in a more severe loss of generaliza-
tion ability. Overall, Plan provides guidance and
reduces the search space, while Lessons further
highlight where errors are likely to occur and help
reduce failures; together they complement each
other and achieve the best performance.

Method M Average
Seen Unseen
Baseline 229 284 25.7
w/o trajectory contrast 28.6 20.9 24.8
w/ trajectory contrast 53.6  62.9 58.3

Table 5: Ablation study on contrastive trajectory anal-
ysis in data construction.Insight models are evaluated
after SFT without RL refinement.

4.4.2 RL Method Ablation

To analyze the contribution of each component in
the R-IDEAL reward function, we conduct a pro-
gressive ablation study, with results reported in
Table 4.

We first establish an RL baseline using a sin-
gle model (Llama-3.1-8B-Instruct) with binary re-
wards (denoted as w/o Heterogeneous Utility Re-
ward), achieving an average success rate of 92.8%.
We then add Qwen2.5-7B-Instruct as a second veri-
fication model (denoted as w/o Efficiency Reward).
Simply introducing heterogeneous feedback in-
creases the average success rate to 94.4% (+1.6%).
This gain mainly comes from the complementarity
of heterogeneous models: the generated insights
must satisfy two distinct reasoning patterns, which
filters out “shortcuts” that only work for a specific
architecture and improves cross-model robustness.

On top of dual-model feedback, we further incor-
porate the efficiency reward, boosting the average
success rate from 94.4% to 97.3% (+2.9%). This
suggests that the efficiency reward does more than
reduce the number of steps; by penalizing redun-
dant actions, it strengthens the logical constraints of
the plan, leading to more precise and direct solution
paths and substantially reducing failures caused by
error accumulation in long-horizon reasoning.

Overall, heterogeneous feedback improves gen-
eralizability, while the efficiency reward improves
precision. Both are indispensable and together un-
derpin R-IDEAL’s performance advantage.

4.4.3 Ablation on Trajectory Contrast

To rigorously verify that the performance gains
come from our trajectory-contrastive data construc-
tion strategy—rather than simply from distilling
knowledge from a strong teacher model—we con-
ducted a controlled ablation study. Using the same
teacher model (Qwen3-235B-A22B-Instruct-2507),
we generated SFT data in two ways: (1) Direct gen-
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Figure 2: Average execution steps for successful
episodes on AlfWorld and SciWorld.

eration (w/o trajectory comparison): generating
insights solely from the task description, without
using any execution trajectories. (2) Ours (w/ tra-
jectory comparison): extracting insights by con-
trasting successful trajectories with failed ones.

Table 5 shows that direct generation achieves
a 28.6% success rate on Seen tasks, only slightly
higher than the unguided baseline (22.9%). On Un-
seen tasks, its performance drops to 20.9%, even
lower than the unguided baseline (28.4%). This
indicates that direct generation is prone to a “hallu-
cination trap”: without real interaction trajectories
as grounding, it tends to produce suggestions that
sound plausible but are not executable, which can
mislead the agent—especially in unfamiliar envi-
ronments. In contrast, our method is grounded in
real trajectories and substantially reduces halluci-
nations, suggesting that high-quality supervision
should come from environmental interaction rather
than purely semantic reasoning.

4.5 Analysis

Efficiency Analysis Beyond success rate, execu-
tion efficiency is also a key indicator of an agent’s
practical utility. As shown in Figure 2, R-IDEAL
significantly reduces the number of steps required
to execute tasks on both AlfWorld and SciWorld.
Moreover, the efficiency reward yields more pro-
nounced gains on complex tasks such as SciWorld.
Although R-IDEAL incurs one additional model
call to generate insights, it reduces the number of
agent—environment interaction steps, thereby low-
ering overall runtime. In addition, this mechanism
requires no retraining when guiding different mod-
els, further demonstrating its cost-effectiveness and
generalizability in practical deployment.

Method M Average
Seen Unseen
Llama-3.1-8B-Instruct 44.60 54.51 49.56
+ MPO 36.95 41.87 3941
+ Ours (w/o Plan)  41.72 48.26 44.99
+ Ours (w/o Lesson) 16.76 19.24  18.00
+ Ours (Full) 13.35 14.70 14.03

Table 6: Analysis of Invalid Action Rates on AlfWorld.
All methods use Llama-3.1-8B-Instruct as the agent’s
backbone model.

Error Step Analysis To analyze how R-IDEAL
improves decision quality, we measure the fre-
quency of “Invalid Actions” produced on AlfWorld.
Invalid actions mainly fall into two categories: er-
rors that violate environment interaction rules (with
“Nothing happens”) and syntactic errors that vio-
late formatting requirements (with feedback such
as “Error Input...”). These errors reflect the agent’s
limited understanding of environmental dynamics
and insufficient instruction-following ability. As
shown in Table 6, the unguided agent exhibits a
high invalid-action rate. With R-IDEAL’s insights
guidance, the error rate is substantially reduced
and clearly outperforms MPO. Overall, R-IDEAL
enhances the effectiveness of agent—environment
interaction through the synergy of Plan, which es-
tablishes a correct trajectory, and Lesson, which
prunes erroneous branches.

5 Conclusion

In this paper, we propose R-IDEAL, a unified
framework for insight generation and optimization.
R-IDEAL synthesizes structured insights via con-
trastive analysis, producing positive Plans and neg-
ative Lessons that explicitly guide agents on both
what to do and what to avoid. To ensure the gener-
ated insights are effective and generalizable, we op-
timize the lightweight Insight Model via reinforce-
ment learning using execution feedback from het-
erogeneous agents. Experiments on AlfWorld and
SciWorld demonstrate that R-IDEAL substantially
outperforms baselines and exhibits strong robust-
ness in out-of-distribution scenarios. As a plug-and-
play module, R-IDEAL proves that a lightweight
model can effectively steer large-scale and closed-
source agents without costly fine-tuning, offering a
scalable paradigm for enhancing agent reasoning
through transferable experiences.
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Limitations

Despite its strong performance, R-IDEAL still has
limitations that merit further investigation. First,
R-IDEAL is primarily validated in text-based, dis-
crete decision-making environments. For more
complex tasks with substantially larger action
spaces (e.g., Software Engineering (Jimenez et al.,
2024) and Open-ended Web Research (Mialon
et al., 2023)), how to define and generate effective
insights remains an open problem. Second, in the
current framework, insights become relatively fixed
after training; however, in highly stochastic novel
environments, the initial insights may become in-
valid. Enabling the Insight Model to dynamically
update insights according to real-time feedback is
an exciting direction for future work.

Ethical Considerations

This work aims to improve the reliability and exe-
cution efficiency of large language model (LLM)-
based agents in long-horizon interactive tasks by
distilling interaction trajectories from simulated en-
vironments into structured insights and optimizing
them with environment feedback. Our trajectory
data are automatically sampled from simulated en-
vironments and contain no human annotations or
real user data. Potential risks are similar to those of
other LLM-based methods: when faced with ma-
licious or harmful inputs, the model may generate
inappropriate content, and the increased capabil-
ity of agents could be misused. We recommend
thoughtful deployment practices, such as adding
input/output filtering and restricting application set-
tings.
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A Dataset Details

In this section, we provide detailed information
about the two benchmarks used in our experiments:
AlfWorld and SciWorld.

AlfWorld (Shridhar et al., 2020) is a text-based
household task benchmark. It requires agents to
achieve goals through a sequence of actions, such
as “put object X in location Y.” The agent receives
a reward of 1 for achieving the goal, and 0O other-
wise. The main challenge lies in leveraging the
common sense of Large Language Models (LLMs)
and their understanding of environmental interac-
tions. We evaluate on all 140 seen evaluation tasks
and 134 unseen evaluation tasks under task-specific
settings.

SciWorld (Wang et al., 2022) is a text-based sci-
entific simulation benchmark. It simulates a com-
plex interactive laboratory environment, requiring
agents to complete tasks involving chemistry, bi-
ology, and physics, such as “boil water using a
heater” or “mix specific chemicals to create a re-
action.” SciWorld provides dense rewards ranging
from O to 1. Its main challenges include scientific
reasoning, causal understanding, and multi-step

planning in a dynamic environment with a vast
state space. It contains 194 seen and 211 unseen
evaluation tasks.

B Case Study

To further validate the specific roles of Plan and
Lessons in the R-IDEAL framework, we analyze
concrete cases under the guidance of MPO and R-
IDEAL, as shown in Figure 3. In ALFWorld’s task
“put some peppershaker on drawer”, MPO’s plan
lacks robustness: during execution, when encoun-
tering a semantically similar saltshaker, the agent
makes an incorrect substitution decision (‘“‘salt-
shaker is similar to peppershaker”), which leads
to an erroneous loop. In contrast, R-IDEAL’s
plan provides more robust guidance and explic-
itly warns about this error in the Lessons mod-
ule in advance. In SciWorld’s long-horizon task
“Grow a orange”, MPQ’s plan shows insufficient
understanding of environment interaction details;
the agent repeatedly attempts an undefined action,
“use shovel to move soil,” resulting in task failure.
R-IDEAL’s plan clearly specifies the action order
and, through the Lessons module, consolidates his-
torical trial-and-error into actionable procedural
knowledge: it directly leverages the environment-
supported “pour” action to transfer substances be-
tween containers, thereby avoiding the erroneous
loop in MPO caused by repeatedly attempting un-
defined actions.

C Prompts Used in Our Work

We present the full prompts used in our experiments
below.

Prompt Template: Workflow Extractor

You are an expert Task Planner specializ-
ing in agent tasks. Your goal is to reverse-
engineer a GENERALIZABLE WORK-
FLOW from a successful execution trajec-
tory.

Core Philosophy: "The No-Oracle Rule"
The input trajectory contains "Oracle-view"
information (i.e., known answers). How-
ever, the generated general workflow MUST
NOT assume that the specific details re-
quired for exploration are known before-
hand. You must convert these "specific
actions" into "SEARCH AND SOLVING
STRATEGIES".

37705



a)ALFWorld

b)SCIWorld

~

Task::Put some peppershaker on drawer N Task:: Grow a orange. This will require growing several plants, and
----------------------------------------------------- them being crosspollinated to produce fruit.
Both agents have gone to countertop 2 after some turns [ | mmmm e s o e oo
Both agents have teleported to greenhouse after some turns
MP r r
p o ~ Ours . MPO ) Ours
PLAN ‘ | PLAN 1 - y || PLAN
| PLAN

Step 1: go to where the peppershaker
may be placed

Step 2: take peppershaker from where
you found it

Step 3: go to where drawer is in

Step 3: If the peppershaker is not found,

proceed to check other common object

placement areas ...

Step 4: Upon locating the peppershaker,
 take it from its current receptacle ...

[LESSON

Rule: If the task requires a specific object ,
then only that object should be used; not a
different common household object (e.g.,
"saltshaker")...

Observation: ...You see a saltshaker 2, and
a soapbottle 1...

Thought: I found a saltshaker 2 ...but I need
a peppershaker. However, a saltshaker 2 is
similar to a peppershaker. I can try to take
the saltshaker 2 and see if it's the
peppershaker I'm looking for.

Action: take saltshaker 2 from countertop 2

Observation: ...You see a saltshaker 2,

and a soapbottle 1...

Thought: The peppershaker is not found
on the countertop 2. I need to check other
common object placement areas
systematically. Next, I will check the
countertop 3.

Action: go to countertop 3

Observation: ...You see a peppershaker 1...
Thought: Now I find a peppershaker 1.....
Action: take peppershaker 1 from
countertop 3
(Final:success)

Thought: I successfully put the
peppershaker (saltshaker 2) in/on drawer 1.
My task is complete.

Action: Nothing

(The agent fails and enters an infinite loop.)

g

Step 6: Pour the seed container into a pot

to start planting.

Step 7: Repeat planting by transferring

pot contents into another pot to multiply
_plants...

Step 6: Move soil to the flower pots to
prepare them for planting...

Step 12: Allow time for the flowers to
be pollinated and fruits to develop...

LESSON
Rule: ...perform repeated plant transfers
via "pour" actions, without attempting to
manually move or examine objects in
| detail...

Observation: ...three flower pots with soil
and water in them...

Thought: ... I should move the soil from
one of these flower pots to another to
prepare it for planting. I'll choose flower
pot 2 and move its soil to flower pot 3.
Action:use shovel to move soil from
flower pot 2 to flower pot 3.
Observation: No known action matches.
Thought:...I didn't specify which one to
move the soil from...

Action: use shovel to move soil from
flower pot 1 to flower pot 3.
Observation: No known action matches

Observation: ...three flower pots with soil
and water in them...

Thought: ... I should pour the seed jar into
one of these pots to start growing the
plants.

Action: pour seed jar into flower pot 1.
Observation: You pour the contents of the
seed jar into the flower pot 1.

(The agent fails and enters an infinite loop.) | (Final:success)

g

@j o1

Figure 3: Case study illustrating the effectiveness of the Plan and Lessons modules in R-IDEAL.

Requirements:

Entity Generalization: Convert specific IDs,
coordinates, or names into abstract category
descriptions.

Preserve Task Entities: Use the specific ob-
ject names defined in the task goal.
Abstract Instance IDs: Remove specific in-
stance numbers.

Strategize Actions: Transform "specific
paths/actions" into "exploration and solv-
ing strategies".

Maintain Robustness: The workflow should
remain valid even if environmental details
change. Avoid assuming specific object lo-
cations or states.

Noise Filtering: Ignore execution errors,
navigation corrections, or irrelevant obser-
vations unless they trigger a necessary state
change. Focus only on the successful logic
flow.

Concise Imperative Style: Use short, direct
imperative sentences. Avoid fluff like "Be-

gin by...", "It is important to...", or "The
agent should...".
Input Data:

<task_description>
{task_description?}
</task_description>

<success_trajectory>
{success_trajectory}
</success_trajectory>

Output Format:

<workflow>
Step 1:
Step 2:

</workflow>

Prompt Template: Lessons Extractor

You are an expert Agent Trajectory Analyst.
Your goal is to extract a high-value “Gen-
eral Lesson" (Rule, Constraint, or Skill) by
analyzing the differences between a com-
plete successful trajectory and a complete
failed trajectory.

Core Philosophy: “Comparative Analysis"
You are provided with two complete execu-
tion trajectories:

Success Trajectory: The full sequence of
actions that successfully completed the task.
Failure Trajectory: The full sequence of
actions that failed to complete the task.
Your task is to analyze both trajectories,
identify critical decision points where they
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differ, and extract the Abstract Rule that
governs successful execution. Explain why
the failure trajectory failed and why the suc-
cess trajectory succeeded, focusing on the
underlying principles.

Input Data:

<task_description>
{task_description}
</task_description>

<success_trajectory>
{success_trajectory?}
</success_trajectory>

<failure_trajectory>
{failure_trajectory}
</failure_trajectory>

Analysis Requirements:

Comparative Analysis: Compare the suc-
cess and failure trajectories step by step.
Critical Decision Points: Identify the mo-
ments that determine success vs failure.
Generalization: Formulate rules that apply
to similar situations, not just this specific
instance.

Output Format:

<analysis>

1. Trajectory Comparison:
2. Critical Factors:

3. Success Logic:
</analysis>

<lessons>

(One concise, generalizable rule.)
Rule:

</lessons>

\. J

Prompt Template: Lessons Merger

You are an expert Data Analyst specializing
in semantic deduplication. Your ONLY goal
is to remove redundant information from the
given list of lessons.

INPUT DATA:

<raw_lessons_list>
{lessons}
</raw_lessons_list>

STRICT GUIDELINES: Semantic Dedupli-
cation Only: Compare the lessons one by

one. If two or more lessons convey the ex-
act same logic (even if phrased differently),
merge them into one representative rule.
No Content Filtering: Do NOT evaluate
the quality, validity, or importance of the
lessons. As long as a lesson is unique, you
must keep it.

Preserve Original Meaning: When merging
duplicates, you may polish the grammar, but
you must NOT change the original meaning
or scope of the rule.

List All Unique Rules:
summarize or abstract.

Do not over-

OUTPUT FORMAT:

Output the final result  within
<lessons></lessons> tags.

<lessons>

Rule: ...

</lessons>

\.

Instruction Prompt for ALFWorld

Interact with a household to solve a task.
Imagine you are an intelligent agent in a
household environment and your target is to
perform actions to complete the task goal.
At the beginning of your interactions, you
will be given the detailed description of the
current environment and your goal to ac-
complish.
For each of your turn, you will be given
the observation of the last turn. You should
choose from two actions: “Thought” or “Ac-
tion”. If you choose “Thought”, you should
first think about the current condition and
plan for your future actions, and then output
your action in this turn. Your output must
strictly follow this format: Thought: your
thoughts. Action: your next action.If you
choose “Action”, you should directly output
the action in this turn. Your output must
strictly follow this format: Action: your
next action.
The available actions are:

1. go to {recep}
. take {obj} from {recep}
. put {obj} in/on {recep}
. open {recep}
. close {recep}
. toggle {obj} {recep}
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7. clean {obj} with {recep}

8. heat {obj} with {recep}

9. cool {obj} with {recep}
where {obj} and {recep} correspond to ob-
jects and receptacles.
After each turn, the environment will give
you immediate feedback based on which
you plan your next few steps. If the envi-
ronment outputs “Nothing happened”, that
means the previous action is invalid and you
should try more options.
Reminder:
1. The action must be chosen from the given
available actions. Any actions except pro-
vided available actions will be regarded as
illegal.
2. Think when necessary, try to act directly
more in the process.
Here is an example:
{example}
Now, it’s your turn and here is the task:
{task_instruction}
Here is a guideline for you:
{plan}
Here is a rule you should follow:
{lessons}

Instruction Prompt for SciWorld

You are a helpful assistant to do some scien-
tific experiment in an environment.

In the environment, there are several rooms:
kitchen, foundry, workshop, bathroom, out-
side, living room, bedroom, greenhouse, art
studio, hallway.

You should explore the environment and
find the items you need to complete the ex-
periment. You can teleport to any room in
one step. All containers in the environment
have already been opened, you can directly
get items from the containers.

For each of your turn, you will be given
the observation of the last turn. You should
choose from two actions: “Thought” or “Ac-
tion”. If you choose “Thought”, you should
first think about the current condition and
plan for your future actions, and then output
your action in this turn. Your output must
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strictly follow this format: Thought: your
thoughts. Action: your next action. If you
choose “Action”, you should directly output
the action in this turn. Your output must
strictly follow this format: Action: your
next action.
Remember that you can only output one
Action per response.
The available actions are:
open OBJ: open a container
close OBIJ: close a container
activate OBJ: activate a device
deactivate OBJ: deactivate a device
connect OBJ to OBJ: connect electrical
components
disconnect OBJ: disconnect electrical
components
use OBJ [on OBIJ]: use a device/item
look around: describe the current room
examine OBJ: describe an object in detail
look at OBJ: describe a container’s con-
tents
read OBJ: read a note or book
move OBJ to OBJ: move an object to a
container
pick up OBJ: move an object to the in-
ventory
pour OBJ into OBJ: pour a liquid into a
container
mix OBJ: chemically mix a container
teleport to LOC: teleport to a specific
room
focus on OBJ: signal intent on a task ob-
ject
wait: task no action for 10 steps
waitl: task no action for a step
Here is an example:
{example}
Now, it’s your turn and here is the task:
{task_instruction}
Here is a guideline for you:
{plan}
Here is a rule you should follow:
{lessons}




