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Abstract

Large language model agents rely on effective
model context to obtain task-relevant informa-
tion for decision-making. Many existing con-
text engineering approaches primarily rely on
the context generated from the past experience
and retrieval mechanisms that reuse these con-
text. However, retrieved context from past tasks
must be adapted by the execution agent to fit
new situations, placing additional reasoning
burden on the underlying LLM. To address
this limitation, we propose a generative con-
text augmentation framework using Contrastive
Learning of Experience via Agentic Reflection
(CLEAR). CLEAR first employs a reflection
agent to perform contrastive analysis over past
execution trajectories and summarize useful
context for each observed task. These sum-
maries are then used as supervised fine-tuning
data to train a context augmentation model
(CAM). Then we further optimize CAM using
reinforcement learning, where the reward sig-
nal is obtained by running the task execution
agent. By learning to generate task-specific
knowledge rather than retrieve knowledge from
the past, CAM produces context that is better
tailored to the current task. We conduct com-
prehensive evaluations on the AppWorld and
WebShop benchmarks. Experimental results
show that CLEAR consistently outperforms
strong baselines. It improves task completion
rate from 72.62% to 81.15% on AppWorld test
set and averaged reward from 0.68 to 0.74 on
a subset of WebShop, compared with baseline
agent.

1 Introduction

Large language models (LLMs) have become in-
creasingly powerful as their parameter scale con-
tinues to grow (Xi et al., 2025; Kaplan et al., 2020;
Wei et al., 2022a; Ding et al., 2024). Recent works
have demonstrated that LLMs can act as agents in
sequential decision-making settings and achieve
strong performance across a variety of tasks (Yao

et al., 2023b; Talebirad and Nadiri, 2023; Wang
et al., 2024b; Xia et al., 2025; Black et al., 2024,
Hu et al., 2025). Despite these advances, LLMs
still rely primarily on parametric knowledge stored
in their model weights when performing reasoning,
which can be outdated, incomplete, or insufficient
for complex, knowledge-intensive tasks (Lewis
et al., 2020; Gao et al., 2023; Suzgun et al., 2025).
Effective integration of external knowledge and
task-relevant context remains a key challenge in
improving agent decision-making capabilities.
Retrieval augmented generation (RAG) (Lewis
et al., 2020) and other context engineering tech-
niques (Mei et al., 2025) are proposed to bridge
the gap between parametric knowledge and context
integration. However, typical RAG systems face
several practical challenges, including designing ef-
fective knowledge base indexing strategies (Huang
et al., 2025), query rewriting (Ma et al., 2023; Peng
et al., 2024; Xu et al., 2025b), and devising reli-
able retrieval pipelines (Jin et al., 2025; Shao et al.,
2023; Yu et al., 2022; Xu et al., 2026). More-
over, their performance heavily depends on the
quality and relevance of the underlying knowledge
base. Several recent works on prompt optimization
attempt to address these limitations. For exam-
ple, Agentic Context Engineering (ACE) (Zhang
et al., 2025) and Dynamic Cheatsheet (Suzgun
et al., 2025) learn instructions from the past ex-
perience of LLM agents and reuse them to assist
decision-making on future tasks. GEPA (Agrawal
et al., 2025) proposes an iterative prompt optimiza-
tion framework using pareto-based candidate selec-
tion. (Li et al., 2024) trains a prompt rewriter to
generate the best prompt. However, these univer-
sally learned guidance or optimized prompts are
typically static and general-purpose, rather than tai-
lored to specific future task instance. Consequently,
the execution agent must reason about how to adapt
them to the current task. This requirement can be-
come problematic when the underlying LLM has
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limited reasoning capability, or when the future task
differs substantially from previous ones, in which
case the stored guidance and optimized prompts
may be only weakly relevant. See Appendix C for
a detailed discussion.

To address this limitation, we propose a con-
text augmentation framework using Contrastive
Learning of Experience via Agentic Reflection
(CLEAR). CLEAR first employs a reflection agent
to perform contrastive analysis over past experience
replays and summarize useful context for each task.
The resulting context is then used as supervised
fine-tuning (SFT) data to train a context augmenta-
tion model (CAM). After the SFT stage, we further
optimize the CAM using reinforcement learning
(RL), where the reward signal is obtained by exe-
cuting the task execution agent (see Figure 1). Fur-
ther, the choice of the CAM can be lightweight and
agnostic to the choice of the expensive execution
agent, adding negligible overhead to the overall
system.

The trained CAM provides additional context
that is useful for solving future tasks, which will
be integrated into the prompt of the task execution
agent, as shown in Figure 2. Importantly, CLEAR
does not require parametric training of the under-
lying LLM for execution agents, which are often
proprietary models with no access to their weights.
Instead, CLEAR only requires training the smaller
CAM. As aresult, CLEAR is a unified framework
that can be applied to LLM agents built on either
proprietary or open-source foundation models.

Our CLEAR framework has the following con-
tributions:

* We propose a CAM that generates additional
context to improve the performance of LLM
agents. CAM integrates task-relevant context
into the prompt of the execution agent, avoid-
ing any modification of the underlying LLM
weights and making the framework broadly
applicable across different agentic systems.

* For CAM training data generation, we intro-
duce an agentic reflection mechanism that per-
forms contrastive learning over past execution
trajectories. By systematically analyzing mul-
tiple trajectories, the reflection agent extracts
high-quality instructions as SFT training data
for CAM.

* We design a two-stage training pipeline (SFT
+ RL) to train the CAM. In particular, we build

a novel RL training framework that couples
the CAM with the execution agent to generate
rollouts, while only updating CAM’s parame-
ters.

* We evaluate CLEAR against diverse con-
text engineering methods, including RAG and
ACE, across multiple benchmarks. CLEAR
consistently outperforms all baselines on ev-
ery evaluated dataset.

2 Related Work

LLM Agents. LLM agents extend foundation
models into autonomous, goal-directed systems by
augmenting them with planning, memory, tool use,
and action modules (Wang et al., 2024a; Xi et al.,
2025). LLM agents are built upon the foundational
reasoning capabilities, demonstrated by works such
as CoT (Wei et al., 2022b), ReAct (Yao et al.,
2023b), ToT (Yao et al., 2023a), and DoT (Lingam
et al., 2025). When equipped with tools, LLMs
can learn to invoke external APIs to overcome
inherent limitations in calculation, retrieval, and
real-world interaction (Schick et al., 2023; Patil
et al., 2024; Qian et al., 2025). Later, Anthropic’s
Model Context Protocol (MCP) (Anthropic, 2025)
proposed a standardized open protocol for connect-
ing LLM agents to external tools and data sources,
addressing the fragmentation of tool integration
interfaces. Browser-use and terminal-use agents
have also matured, with Operator (OpenAl, 2025)
and Claude Code! demonstrating agents that au-
tonomously navigate web browsers and terminal
environments to complete real-world tasks.

On the multi-agent front, several frameworks
have demonstrated that collaboration among spe-
cialized LLM agents can tackle complex tasks
more effectively than single agents. CAMEL (Li
et al., 2023) explored role-playing-based coopera-
tive communication, while MetaGPT (Hong et al.,
2024) and ChatDev (Qian et al., 2024) organized
agents into software-engineering teams following
structured workflows. AutoGen (Wu et al., 2024)
provided a general-purpose multi-agent conversa-
tion framework with human-in-the-loop support.

Contrastive Learning. Contrastive signals are
widely used to learn robust representations by ex-
plicitly comparing informative alternatives (Gut-
mann and Hyvirinen, 2010; Ma and Collins, 2018;
van den Oord et al., 2019; Zhang and Stratos, 2021;

Uhttps://github.com/anthropics/claude-code
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Xu et al., 2025a). In LLM-agent settings, a closely
related idea appears in reflection-based methods
that learn from behavioral differences across tri-
als, especially between successful and failed ex-
ecutions (Shinn et al., 2023; Wang et al., 2023;
Yu et al., 2026; Forouzandeh et al., 2025; Allard
et al., 2026). Our work applies this principle in a
practical agent-training pipeline: we contrast mul-
tiple rollouts for the same task and distill reusable
strategy-level context through an agentic reflector.
The novelty is mainly in this task-level adaptation
and integration with context augmentation, rather
than in a new contrastive objective itself.

Context Engineering. Context engineering aims
to provide LLM agents with task-relevant informa-
tion at inference time. Retrieval-based methods
such as RAG (Lewis et al., 2020; Gao et al., 2023)
improve factual grounding by retrieving external
evidence, and generate-then-read variants further
combine parametric generation with retrieval to
improve coverage (Yu et al., 2022). Recent agent-
centric approaches, including ACE (Zhang et al.,
2025) and MIPRO (Opsahl-Ong et al., 2024), main-
tain evolving playbooks distilled from prior execu-
tions, while GEPA (Agrawal et al., 2025) optimizes
prompts through reflective evolution. Compared
with these methods, CLEAR learns a dedicated
context augmentation model that maps a new task
directly to actionable context via SFT+RL, rather
than relying on nearest-neighbor retrieval or purely
prompt-level updates. This shifts more adaptation
into a trainable model and reduces the burden on
the execution agent to reinterpret retrieved past ex-
perience.

LLM Fine-Tuning. The dominant paradigm for
post-training large language models follows a two-
stage pipeline: SFT on curated demonstrations, fol-
lowed by RL to further align model behavior with
desired objectives (Ouyang et al., 2022; Bai et al.,
2022). The RL stage has been realized through var-
ious algorithms, including PPO (Schulman et al.,
2017), which optimizes a clipped surrogate objec-
tive with a learned value function; DPO (Rafailov
et al., 2023), which bypasses explicit reward mod-
eling by directly optimizing on preference pairs;
GRPO (Shao et al., 2024), which computes group-
relative advantages to eliminate the critic model
entirely; and many others (Zhang et al., 2021; Ah-
madian et al., 2024; Yu et al., 2025; Yue et al.,
2025; Zheng et al., 2025). CLEAR follows the
same two-stage training paradigm of SFT followed

by RL and is agnostic to the choice of RL algo-
rithm. In our experiments, we adopt GRPO for
policy optimization.

3 Preliminaries

3.1 LLM Reinforcement Learning.

The application of reinforcement learning to LLMs
became popular with reinforcement learning from
human feedback (RLHF) (Ouyang et al., 2022;
Leike et al., 2018; Askell et al., 2021; Bai et al.,
2022; Rafailov et al., 2023). In this framework, an
LLM is modeled as a stochastic policy my(y | =)
that generates tokens autoregressively. Human pref-
erence data are first collected to train a reward
model, which is then used to optimize the policy
via reinforcement learning.

More recently, RL-based post-training has been
extended to enhance reasoning ability, tool use,
and long-horizon decision-making in agentic set-
tings. These approaches frame text generation as
sequential decision-making with downstream task
rewards, rather than purely token-level prediction,
as introduced in Section 3.2.

3.2 LLM Agent for Decision Making.

As LLMs grow increasingly capable, deploying
them as agents in sequential decision-making set-
tings has become a prominent research direc-
tion (Nakano et al., 2021; Yao et al., 2023b). We
formalize this setting by modeling an LLM agent
as a policy 7 within a Partially Observable Markov
Decision Process (POMDP), defined by the tuple

M = (57A707P7 R7 /7)7 (1)

where S is the latent state space, A is the action
space, O is the observation space, P(s¢41 | ¢, at)
is the transition dynamics, R is the reward function,
and ~y is the discount factor.

An initial task description ¢ is sampled from the
task distribution ¢ ~ D, which produces a state sg.
Based on ¢ and historical observation, the agent
makes an action and receives an observation from
the environment. Denote the agent’s history as
5y O0t—1,0¢—1, Ot).

hOZQ7 ht:(q7a07017a17"

At each time step #, the task execution LLM agent
7} (ar | hi) consumes the full history h; and pro-
duces the next action a; € A. The environment
then transitions to a new state sy according to P
and returns the subsequent observation o;41 € O.
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This process continues until the interaction ter-
minates after 7" steps, yielding a complete episode
trajectory

T =(q,a9,01,a1,...,0r-1,ar—1,07). (2)

Then a scalar reward » = R(7) is assigned to the
entire trajectory, reflecting the overall quality of the
agent’s behavior over the episode. In this work, we
propose a context augmentation method to add aux-
iliary context c into g, so that the expected reward
can be improved on D.

4 Our Proposed Method

Many practical LLM-based agents (e.g., (Yang
et al., 2024; Xia et al., 2025; Liu et al., 2025b))
are built on top of proprietary foundation mod-
els such as OpenAl GPT models (Singh et al.,
2025), Anthropic Claude (Anthropic, 2025a,b), and
Google Gemini (Team et al., 2023). Although these
agentic systems are often deployed through open-
source agent frameworks such as Strands Agents?,
LangGraph?, and OpenHands (Wang et al., 2025),
the underlying foundation models remain closed-
source. As a result, their internal parameters are
inaccessible, limiting the feasibility of weight-level
adaptation.

In this work, we propose a unified context aug-
mentation framework that operates without mod-
ifying the LLM agents’ weights. Our approach
is compatible with both proprietary models and
open-source models such as Qwen (Yang et al.,
2025), DeepSeek (Liu et al., 2025a), Olmo (Olmo
et al., 2025), and Kimi (Team et al., 2025). Instead
of updating model parameters, we improve agent
performance by augmenting the context via con-
trastive learning from past experience. When a task
execution agent 7% (-) performs a task ¢, we aug-
ment its task description ¢ with additional context
c produced by CAM. Formally, we define a replay
buffer

T = {(7-17 R(m)), ..., (Tn,R(Tn))}

as a collection of past trajectories and their corre-
sponding outcome rewards, where 7; is defined in
Equation (2). Let ¢ ~ D be an initial task descrip-
tion sampled from task distribution D. We define
a context augmentation model that maps ¢ to an
auxiliary context c that is appended to g before ac-
tion generation from 7% In other words, execution

2 https://strandsagents.com/latest/
3 https://www.langchain.com/langgraph

agent 7% will have ¢ @ c as its task description,
where @ denote concatenation.

We define the CAM as 7§’ (+) parameterized by
0. Given a task ¢, the model generates additional
context ¢ = 75 (q). Our objective is to learn an
optimal 7§’ (+) from T" such that the expected return
of the task execution agent 7 is maximized on
Dtrain-

To achieve this objective, we propose CLEAR
(Contrastive Learning of Experience via Agentic
Reflection), a three-phase training framework that
combines contrastive learning, agentic reflection,
SFT, and RL to optimize the CAM 7['90 . In Phase 0,
we employ a reflection agent to perform contrastive
analysis over past execution trajectories and gener-
ate training data for SFT. In Phase 1, we fine-tune
an open-source LLM using SFT as a warm-up stage.
In Phase 2, we further optimize the model via RL
to directly maximize the expected return of the task
execution agent:

max J(9)

=max By p . con(g), rorP (lqae) [R(7)]. 3

Intuitively, this objective encourages the CAM
to generate useful context that improves the execu-
tion agent’s expected performance. A concurrent
work (Asawa et al., 2026) designs a similar RL
pipeline to train an advisor model, but doesn’t per-
form contrastive learning using agentic reflection
and SFT. However, as discussed in Appendix A,
all three phases in CLEAR can bring non-trivial
performance improvement, making it a more com-
prehensive framework for agent refinement. We
now introduce CLEAR in details.

4.1 Agentic Reflection via Contrastive
Learning

Learning from a single trajectory is insufficient for
robust agent refinement. A single execution pro-
vides only a narrow and potentially noisy view of
the decision process. Therefore, refinement should
leverage multiple trajectories for the same task.
See Appendix A for an ablation study.

To achieve this, we introduce a reflection agent
7 that performs contrastive analysis over the re-
play buffer I' for data generation. Its objective is
to extract high-value insights that explain the be-
havioral distinctions among multiple trajectories.
To enable scalable analysis, the reflection agent
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Figure 1: CLEAR training framework design. First, we execute each task g; ~ Dy, for m times and collect groups
of replay I'; for ¢;. We employ reflection agents % to generate instance-level instruction c¢; for each g;, collected
into Dgpr. Then, we initialize CAM from an open-source LLM and perform SFT on Dggy. Finally, we further
perform RL on the trained CAM, which leverages the reward signal from 7% for policy update of CAM.

is equipped with a shell tool that allows it to se-
lectively read trajectory files. This design is par-
ticularly important when trajectories are large and
cannot be loaded entirely into context. We provide
the prompts for 7 in Appendix F.

To fully leverage the benefits of contrastive anal-
ysis, we execute each task multiple times to obtain
a set of trajectories corresponding to the same task
instance. These trajectories capture diverse exe-
cution behaviors and outcomes, providing a rich
resource for identifying task-specific decision pat-
terns through contrastive comparison.

Specifically, for each task instance ¢; ~
Dirain, We execute the task m times to ob-
tain trajectories Til, ..., 7" and their correspond-
ing rewards 7},...,7™. These trajectories are
then organized into a grouped replay buffer
Ly = {(z},r}),.... (7", r")}. We obtain ¢; =
7f(T;, ¢;) by applying a reflection agent 7% to an-
alyze the replay buffer I'; and summarize helpful
context. Intuitively speaking, ¢; can be viewed
as an additional instruction to complete ¢;. Up to
this point, the generated pairs (g;, ¢;) form a high-
quality SFT dataset, which will be used to train the
augmentation model W(,C.

4.2 Training Framework

In this subsection, we adopt the standard post-
training paradigm widely used in LLM align-
ment (Ouyang et al., 2022; Guo et al., 2025; Liu
et al., 2025a; Yang et al., 2025): a two-stage frame-
work consisting of SFT followed by RL.

SFT. Using the data collection pipeline described
previously, we obtain a supervised dataset Dspr =
{(qi, ¢i) }i- We initialize the context augmentation
model 7790 with a pre-trained LLM parameterized
by . We then fine-tune the model on the supervised
dataset Dggr to obtain updated model W&T. The
resulting model will be served as the initialization
for the subsequent RL stage.

RL. In this phase, we further optimize WSCFT us-
ing reinforcement learning to directly maximize
expected task reward. The training objective is
introduced in Equation (3). Note that (i) In Equa-
tion (3), parameters 6 in 7T9C are the only trainable
parameters, and the execution agent 7F will be
frozen. (ii) The reward signal for 77(? is the same as
the reward for running the execution agent 7 with
q @ ¢, where ¢ ~ 75 (g). We optimize 7§ using
policy gradient methods. Specifically in our exper-
iments, we adopt GRPO as the policy optimization

algorithm. See Figure 1 for an illustration of the
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workflow.

4.3 Comparison to Existing Work

MIPRO (Opsahl-Ong et al., 2024), GEPA (Agrawal
et al., 2025) and ACE (Zhang et al., 2025) are rep-
resentative approaches for automatic prompt opti-
mization. We refer to these methods as the com-
pared methods throughout this section. While these
approaches have demonstrated promising results,
our CLEAR framework differs from the compared
methods in several key aspects.

First, all the compared methods are training-
free frameworks that relies entirely on off-the-shelf
LLMs acting as the reflector and curator to generate
the playbook and instructions. In contrast, CLEAR
performs parametric learning: we train a context
augmentation model 7['90 using SFT followed by
RL.

Second, the reflection agent 7% used in Phase 0
of CLEAR is inspired by the compared methods
but differs substantially in design. Reflectors in
the compared methods are implemented as a single
LLM call, whereas our 7% is an agentic system
equipped with tools for trajectory inspection and
analysis. Moreover, our 7 explicitly performs
contrastive reasoning over multiple trajectories to
extract useful instructions, which is not a focus of
the compared methods.

Third, the prompt templates used by the com-
pared methods for the reflector and curator are
benchmark-specific. For example, ACE’s prompts
include explicit instructions tailored to the App-
World tasks and are not designed to generalize
across benchmarks®. In contrast, the prompt tem-
plate used by our reflection agent is general and
benchmark-agnostic (see Appendix F). Despite
ACE employing benchmark-specific prompt engi-
neering for AppWorld, CLEAR consistently out-
performs ACE as shown in Table 1.

We also discuss the comparison to RAG in Ap-
pendix C.

5 Experiments

To evaluate our CLEAR framework, we conduct
experiments on the AppWorld (Trivedi et al., 2024)
and WebShop (Yao et al., 2022) dataset.

5.1 Experiment Setting

We introduce our experiment setting for agentic
data collection phase as follows and leave the train-

4https://github.com/ace—agent/ace—appworld/
tree/main/experiments/prompts

ing details of SFT and RL to Appendix E.

Execution Agent. We adopt the Strands Agents
framework as the backbone of our agentic sys-
tem. Strands Agents is a lightweight yet power-
ful SDK for building and deploying Al agents
using a model-driven design paradigm. It sup-
ports a broad range of applications, from simple
conversational assistants to complex autonomous
workflows, and scales seamlessly from local
development to production environments. We
use Claude-Sonnet-4 (Anthropic, 2025a) and
DeepSeek-V3.1 (Liu et al., 2024), accessed via
Amazon Bedrock?, as the foundation models for
the execution agent 7. We leverage the above
agentic framework as the execution agent to run
the training dataset of AppWorld and Webshop. To
accelerate agent execution, we deploy the agent
to Amazon Bedrock AgentCore® Runtime, which
bootstraps multiple containers in parallel to sup-
port high-concurrency rollout execution. We set
m = 6, i.e. for each task in the training set, we run
the agent 6 times to collect trajectories. We then
use their official evaluation harness to compute the
outcome reward for each trajectory.

Reflection Agent. We use the Strands Agents
framework together with Claude-Sonnet-4 to
build a reflection agent for contrastive analysis.
The full prompt used for the reflection agent is
provided in Appendix F. Furthermore, we leverage
a combinatorial data augmentation technique to en-
large SFT dataset size if insufficient, as detailed in
Appendix E.

CAM. The CAM 7§(-) is initialized from a
Qwen/Qwen3-32B model (Yang et al., 2025), down-
loaded from HuggingFace. SFT and RL details can
be found in Appendix E.

5.2 Baseline and Compared Methods

Baseline. We compare CLEAR with the untuned
baseline using the execution agent 77 (-) and the
initial task description ¢ without any context aug-
mentation.

RAG. To provide a stronger comparison, we
also construct a RAG method.  Specifically,
we store all (g;,c;) pairs from Dspr in a vec-
tor database, whose embedding is generated by
BAAI/bge-base-en-v1.5 (Xiao et al., 2023) from

5 https://aws.amazon.com/bedrock/
® https://aws.amazon.com/bedrock/agentcore/
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Method Tect SGCT
Avg Pass@3 Avg Pass@3

Baseline 72.62(2.59) 86.90  52.38(2.73) 66.07
RAG 72.02(2.15) 86.31 54.67(3.72) 71.43
ACE (Zhang et al., 2025) 74.40(3.57)  85.71  58.93(6.19) 73.21
GEPA (Agrawal et al., 2025) 75.99(0.74)  89.88  57.14(3.86)  78.57
MIPRO (Opsahl-Ong et al., 2024) 74.40(1.46)  88.10  55.36(1.46)  80.36
CLEAR (ours) 81.15(2.48) 91.67 66.67(4.49) 82.14

Table 1: AppWorld experiments results. Task Goal Completion (TGC) and Scenario Goal Completion (SGC) on
the TEST-N split are reported. Results are averaged over three runs (standard deviation in parentheses) except the

Pass @3 metric.

HuggingFace. During execution for a new task
Gnew ~ Diest, we find the most similar task g; from
the training set and retrieve the index according
to j = arg MaAX1 < <|Dgpr| Sim(E(g:), E(qnew)),
where F denotes sentence embedding and Sim(-, -)
denotes the cosine similarity. The corresponding
instruction c; is then appended to the new task gney -
The execution agent subsequently operates on the
augmented context gpew @ ¢j. We refer to this ap-
proach as the RAG.

The compared methods. We also report results
for ACE (Zhang et al., 2025) on AppWorld dataset.
ACE models the context as an evolving playbook
that accumulates and refines task-solving strategies
through generation, reflection, and curation. To en-
sure a fair comparison, we adapt the official ACE
GitHub repository’ to the Strands Agents frame-
work and use the same LLM, Claude-Sonnet-4,
as in CLEAR. For GEPA and MIPROV2, we use
the official implementations by dspy .

CLEAR. Given a new task ¢, We generate
auxiliary context ¢ using our CAM served via
vLLM (Kwon et al., 2023): ¢ ~ ’7T90 (gnew)- The ex-
ecution agent TréE then operates on the augmented

" https://github.com/ace-agent/ace
8https://github.com/stanfordnlp/dspy

description gnew @ c to generate a trajectory and
receive a reward.

5.3 Results on AppWorld

We report experiment results on AppWorld in this
subsection. We use the TRAIN split as the training
set Diin and the TEST-N split as the evaluation
set Diest. These two splits are disjoint and follow
the official dataset partition defined in the original
paper, ensuring that no data leakage occurs during
evaluation. For the execution agent, we use the
original system prompt, which is available in the
official AppWorld repository”.

Metrics. We use Task Goal Completion (TGC)
and Scenario Goal Completion (SGC) rates from
AppWorld (Trivedi et al., 2024) as our evaluation
metrics. TGC is defined as the percentage of tasks
for which the agent passes all evaluation tests pro-
vided by the AppWorld benchmark. SGC measures
the percentage of task scenarios for which the agent
passes all evaluation tests across every task within
the scenario. We report TGC, SGC (averaged over
3 independent runs), and their pass @3 rates in Ta-

 https://github.com/StonyBrookNLP/appworld/
blob/main/experiments/prompts/react_code_agent/
_legacy_instructions. txt
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Method Avg. Reward  Std.

Baseline 0.6799 0.0119
RAG 0.7252 0.0076
CLEAR (ours) 0.7406 0.0044

Table 2: WebShop-40k experiments results. Averaged
reward on the test dataset is reported. Results are av-
eraged over three runs with standard deviation also re-
ported.

ble 1.

5.4 Results on WebShop-40k

As introduced earlier, we leverage Amazon
Bedrock AgentCore for scalable rollout collec-
tion. This setup, however, imposes a constraint
on Docker image size that is incompatible with
the original WebShop benchmark: the full Web-
Shop environment includes a local search index
spanning millions of product items, which exceeds
the image size limit enforced by AgentCore Run-
time. To address this, we randomly sampled 40,000
items from the original product pool to construct
a lightweight search index, forming the WebShop-
40k variant. We then filtered the task set to retain
only those tasks whose ground-truth target items
exist within this 40k subset, ensuring reward calcu-
lation remains identical to the original benchmark
formulation. We note that WebShop-40k may be in-
herently easier than the original benchmark, as the
reduced search space lowers the difficulty of prod-
uct retrieval. For the baseline agent, we curated
a system prompt that describes the task objective,
the available tools, and their corresponding descrip-
tions.

Since ACE does not provide benchmark-specific
prompts for WebShop dataset, we do not report
ACE results on WebShop-40k. Other experimental
settings are the same as AppWorld evaluation. The
results are reported in Table 2.

5.5 Discussion

As shown in Table 1, CLEAR consistently out-
performs all baselines across all models and all
metrics, without using any benchmark-specific
prompts in data generation and training pipeline.
Especially compared to ACE, CLEAR achieves no-
table gains of +6.75 and +7.74 in TGC and SGC
respectively, despite ACE using AppWorld-specific
prompt for their reflector and curator. Similar im-
provements over the baselines are also observed on

WebShop-40k dataset as shown in Table 2.

Ablation Study. To demonstrate all compo-
nents in CLEAR are necessary, we perform ab-
lation study in Appendix A. Table 3 in Appendix A
shows that contrastive learning, SFT and RL each
brings non-trivial performance improvement. See
Appendix A for more details.

Latency Study. We present a latency study of
CAM in Appendix B. As shown in Table 4, the
additional overhead introduced by CAM is modest
compared to the performance gains.

CAM Transferability. To study CAM trans-
ferability, we conducted additional study using
DeepSeek-V3.1 as 7% in Table 5 of Appendix D,
while the entire CAM training data is generated
from Claude model. We observe that CAM can still
consistently outperform all baselines, despite the
training and inference mismatch. See Appendix D
for details.

6 Conclusion

LLM agents are increasingly used in sequential
decision-making to complete complex tasks. In
this paper, we propose CLEAR, a novel framework
that trains a context augmentation model (CAM)
to improve agent performance by generating task-
relevant context and appending it to the prompt of
the execution LLM agent. CLEAR first employs a
reflection agent to perform contrastive analysis over
past execution trajectories and summarize useful
context for each observed task. These summaries
are then used to train the CAM. Although CLEAR
requires training a smaller CAM, it does not mod-
ify the parameters of the execution LLM agent. As
a result, CLEAR can be applied to a wide range
of LLLM agent systems regardless of whether the
underlying models are open-source or proprietary.
Extensive experiments show that CLEAR consis-
tently outperforms several strong baselines across
multiple benchmarks.

Limitations

While CLEAR demonstrates strong empirical per-
formance, several limitations remain.

First, the effectiveness of CLEAR relies on the
quality and diversity of the collected experience
replay buffer. If the replays are noisy, sparse, or
lack sufficient successful examples, the reflection
agent may fail to extract high-quality instructions,
which in turn limits the performance of the learned
context augmentation model.
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Second, although CLEAR avoids modifying the
execution agent, it introduces a non-trivial train-
ing pipeline involving reflection, SFT and RL,
which can be computationally expensive and time-
consuming. However, this cost is incurred only
once during training. At inference time, CLEAR
introduces minimal additional latency, making it
practical for deployment in real-world applications.
See appendix B for a study on inference latency.
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of 100+ language models. In Proceedings of the
62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 3: System Demonstra-
tions), Bangkok, Thailand. Association for Computa-
tional Linguistics.

A Ablation Study

We perform some ablation study on CLEAR frame-
work in this section. We will show that all three
phases in CLEAR are necessary and removing any
of them might result in suboptimal performance of
CAM. All the following experiments are conducted
on AppWolrd using Claude-Sonnet-4 for 7% .

First, we show that the RL phase in CLEAR
is necessary. We remove RL phase and use W%T
without RL as CAM. We report the performance of
Wg;—r in experiment 3 in Table 3. Compared with
a full CLEAR framework with SFT + RL (experi-
ment 4), Wg;T significantly degrade all metrics in
TGC and SGC.

Next, we show that contrastive learning (CL)
is necessary. To illustrate this, we curate an SFT
training dataset Dspr no_cL using only one trajec-
tory for each task. We then perform SFT using
Dskr no_cL for CAM and report the performance
in experiment 2 in Table 3. Compared with SFT
using CL (experiment 3), SFT without CL signifi-
cantly underperforms experiment 3, which shows
that CL plays an important role in increasing SFT
data quality.

Finally, we show that SFT is necessary. We use a
Qwen/Qwen3-32B model directly downloaded from
HuggingFace as CAM without any fine-tuning
and report the performance in experiment 1 in Ta-
ble 3. Comparing experiment 1 and 3, we see
that using data from CL to SFT a CAM has sig-
nificant performance gain over using an untuned
Qwen/Qwen3-32B model as CAM.

B Latency Study

In this section, we present latency study for trigger-
ing a CAM. We report the averaged task execution
time, averaged number of turns of the execution
agent 77, averaged throughput of CAM, and av-
eraged latency for invoking CAM. The average is
taken across AppWorld TEST-N split. The CAM is
hosted via vllm on 8 NVIDIA B200 GPUs.

From Table 4, we see that on average, CLEAR
increases number of turns by 1.2 and triggers a
latency of 1.2 second to invoke CAM. These two
components sum up to a 13.8 second increase in
terms of task run time. Overall, this additional

overhead is modest compared to the performance
gains achieved by CLEAR.

C Comparison to RAG

We discuss the similarities and differences be-
tween CLEAR and RAG. Our augmentation model
7% () can be effectively viewed as a generative re-
trieval model, following the idea of generate-then-
read (Yu et al., 2022). For each task, it generates
the most useful context from its internal parame-
ters, rather than retrieving the most similar context
from an external knowledge base.

The key difference lies in how the retrieved in-
formation is used. In RAG, knowledge items are
retrieved as-is, and the execution agent must rea-
son over them to determine how they should be
applied to the current task, assuming the current
task is not available in knowledge base. This is true
because the knowledge base is established using
the training set, which is disjoint from the test set.
In contrast, CLEAR shifts this reasoning burden to
the augmentation model 7€, which generates con-
text that is already tailored to the new query. As a
result, the generated context c is directly actionable
for the execution agent %, reducing the amount of
additional reasoning required from 7%, particularly
when the execution model is relatively weak.

This statement is supported by the experiments
with DeepSeek-V3.1 on AppWorld, as shown
in Table 5. Compared with Claude-Sonnet-4,
DeepSeek-V3.1 is generally considered less capa-
ble (see their respective model cards). Under this
setting, the RAG baseline with DeepSeek-V3.1
even underperforms the vanilla baseline, suggest-
ing that simply retrieving items by embedding sim-
ilarity is noisy when the underlying model lacks
strong reasoning ability. In contrast, CLEAR im-
proves performance by generating task-specific
context that is already adapted to the new query.
Similar performance degradation can be observed
for ACE, whose playbook is curated from training
trajectories. As a result, the execution agent %
must still perform additional reasoning to deter-
mine how the retrieved instructions apply to the
current task.

D CAM Transferability

The objective of CAM is to provide auxiliary con-
text and can be detached from the task execution
agent 77, In this section, we study whether a
trained CAM can be applied to a different 7% with-
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Experiment ID Method T6CT SGCT
Avg Pass@3 Avg Pass@3
1 Qwen/Qwen3-32B  67.40(2.95) 8333  48.81(449) 66.07
2 SFT without CL  68.65 (2.68)  88.69  42.86 (4.72) 67.86
3 SFT with CL 74.21(1.72) 9048  50.60(2.73)  71.43
4 CLEAR 81.15(2.48)  91.67  66.67(4.49)  82.14

Table 3: Ablation study on AppWorld TEST-N split. For the CAM, we use the following variant: (1) a
Qwen/Qwen3-32B model without SFT and RL as in experiment 1. (2) a Qwen3-32B model after SFT on Dspr no cL
(no RL) as in experiment 2. (3) a Qwen3-32B model after SFT with CL (no RL) as in experiment 3. (4) full CLEAR
framework as in experiment 4. Results are averaged over three runs (standard deviation in parentheses) except the
Pass @3 metric.

Method Run time (s) # of turns CAM throughput (tokens/s) CAM latency (s)
Baseline 63.4 17.3 NA NA
CLEAR (ours) 77.2 18.5 69.5 1.21

Table 4: CAM Latency study. Task run time, number of turns of the execution agent 7%, throughput of CAM,
and latency for invoking CAM. All numbers are averaged over AppWorld TEST-N split. The model for 7% is

Claude-Sonnet-4.

out retraining.

Recall that the training dataset Dy, 1S gener-
ated by contrastive analysis of the replay buffer
I', which is generated by the execution agent
7% powered by Claude-Sonnet-4. The reflec-
tion agent 77 that analyzes I is also powered by
Claude-Sonnet-4. Furthermore, during Phase 2
RL training, the execution agent 7% used for re-
ward computation also uses Claude-Sonnet-4 as
its foundation model. Consequently, the entire
CAM training pipeline relies solely on trajectories
and feedback generated by the Claude model.

Despite this, the trained CAM demonstrates
strong transferability. At test time, it still provides
significant performance gains when the execution
agent ¥ is replaced by a different model, such
as DeepSeek-V3.1. For example, averaged TGC
and SGC increase by 1.68 and 5.35 over the base-
line respectively, as shown in Table 5. This result
suggests that once trained with the CLEAR frame-
work, the CAM can generalize across different exe-
cution agents without requiring retraining.

E Experiment Setting

We introduce our experiment setting for all three
phases: agentic reflection, SFT, and RL.

E.1 Agentic Data Collection

Reflection Agent. We use the Strands Agents
framework together with Claude-Sonnet-4 to
build a reflection agent for contrastive analysis.
The full prompt used for the reflection agent is
provided in Appendix F.

If all m = 6 runs of a task are processed by a
single reflection pass, the resulting dataset Dsgr
would have the same size as the training dataset
Dirain, Which is too small to effectively fine-tune
LLMs with billions of parameters.

To increase the amount of data, for each task
we sample subsets of 3 runs from the 6 collected
trajectories. The reflection agent only analyzes
the 3 selected runs. This process can be repeated
for (5) = 20 times, which effectively expands the

3
training dataset by a factor of 20.

E.2 Supervised Fine-Tuning

We further randomly split Dsgr into 80% for train-
ing and 20% for validation. The CAM 7§ (-) is
initialized from a Qwen/Qwen3-32B model (Yang
et al., 2025), downloaded from HuggingFace!®. We
perform full-parameter fine-tuning for 5 epochs us-
ing 8 NVIDIA B200 GPUs. Training is conducted
in bf16 precision with a learning rate of 1 x 107°
and a warm-up ratio of 0.05. The supervised fine-
tuning is implemented using the LLAMAFACTORY

10 https://huggingface.co/Quwen/Quen3-32B
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Model for & Method TGCT SGC 1
Avg Pass@3 Avg Pass@3
Baseline 4127(3.05) 6429 19.052.06) 26.79
] RAG 3333(157) 5357  1071(472) 21.43
DeepSeek-V3.1 g 32.54(1.50) 5357 13.69(1.03) 28.57
CLEAR (ours) 42.95(2.85) 66.07 24.40(449) 33.93

Table 5: AppWorld experiments results. Task Goal Completion (TGC) and Scenario Goal Completion (SGC) on
the TEST-N split are reported. Results are averaged over three runs (standard deviation in parentheses) except the

Pass @3 metric.

framework (Zheng et al., 2024).

E.3 Reinforcement Learning with GRPO

We perform reinforcement learning on the augmen-
tation model 7TSCFT using the GRPO algorithm, im-
plemented with the Verl framework (Sheng et al.,
2024). Training is conducted for 15 epochs on the
train dataset using 8 NVIDIA B200 GPUs.

As described in Section 4.2, computing the
GRPO reward requires multi-turn interactions be-
tween the task execution agent wf and the bench-
mark environment M defined in Equation (1). To
efficiently compute rewards in batch, we also lever-
age Amazon Bedrock AgentCore Runtime, which
bootstraps multiple containers in parallel to support
high-concurrency rollout execution hence reward
computation. Additional hyperparameter configu-
rations for GRPO are provided below.

actor_rollout_ref.rollout.
log_prob_micro_batch_size_per_gpu=2 \
actor_rollout_ref.rollout.
tensor_model_parallel_size=2 \
actor_rollout_ref.rollout.name=v1lim \
actor_rollout_ref.rollout.
gpu_memory_utilization=0.5 \
actor_rollout_ref.rollout.n=4 \
actor_rollout_ref.ref.
log_prob_micro_batch_size_per_gpu=2 \
actor_rollout_ref.ref.fsdp_config.
param_offload=True \
algorithm.use_kl_in_reward=False \
trainer.critic_warmup=0 \
trainer.n_gpus_per_node=8 \
trainer.nnodes=1 \
trainer.save_freq=20 \
trainer.test_freq=20 \
trainer.total_epochs=15 \
actor_rollout_ref.rollout.checkpoint_engine.
update_weights_bucket_megabytes=4096 \
custom_reward_function.path=<
reward_function_path> $@

python3 -m verl.trainer.main_ppo \
algorithm.adv_estimator=grpo \
data.train_files=<path/to/train.parquet> \
data.val_files=<path/to/train.parquet> \
data.train_batch_size=4 \
data.max_prompt_length=4096 \
data.max_response_length=1024 \
data.filter_overlong_prompts=True \
data.truncation='error' \
actor_rollout_ref.model.path=<model_path> \
actor_rollout_ref.actor.optim.1lr=1e-6 \
actor_rollout_ref.model.use_remove_padding=
True \
actor_rollout_ref.actor.ppo_mini_batch_size=2
\
actor_rollout_ref.actor.
ppo_micro_batch_size_per_gpu=1 \
actor_rollout_ref.actor.use_kl_loss=True \
actor_rollout_ref.actor.kl_loss_coef=0.001 \
actor_rollout_ref.actor.kl_loss_type=
low_var_kl \
actor_rollout_ref.actor.entropy_coeff=0 \
actor_rollout_ref.model.
enable_gradient_checkpointing=True \
actor_rollout_ref.actor.fsdp_config.
param_offload=False \
actor_rollout_ref.actor.fsdp_config.
optimizer_offload=False \

F Prompt for Reflection Agent

We provide the system prompt and user/task
prompt for the reflection agent 7(-). They are
universal across different benchmarks.

F.1 System Prompt

Your task is to analyze LLM agent execution
trajectories and generate guidance using
contrastive learning.

## CRITICAL: Context Window Management -
READ THIS FIRST

**WARNING**: Trajectory files can be
EXTREMELY large (100K-500K+ tokens).
Reading entire files will cause
out-of-context-window errors and crash
the session.

**MANDATORY FIRST STEP*x: Before reading ANY
file content, you MUST check its size:

*~“bash

# ALWAYS run this first for any file
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1s -1h <file_path>
wc -1 <file_path> # Count lines
wc -c <file_path> # Count bytes

**Size Guidelinesxx*:

- Files < 10KB: Safe to read with “cat™ or
Jq

- Files 10KB-100KB: Use “head™, “tail", or
targeted ~jq° queries

- Files > 100KB: ONLY use regex/grep
patterns, NEVER read full content

- Files > 1MB: Use aggressive filtering with
grep + head limits

**%*NEVER DO THIS**:

- “cat large_file.json™ - Will overflow
context

- “jg '." large_file.json™ - Will overflow
context

- Reading entire message arrays without
limits

**ALWAYS DO THIS#**:

- Check file size FIRST

- Use regex patterns with grep to search

- Limit output with “head -n~ or “tail -n~

- Use “jq°~ with specific field selectors,
not full dumps

## Available Tools

You have access to the “shell” tool to
execute bash commands.

#i## Step 1: ALWAYS Check File Sizes First

“~“bash

# MANDATORY: Run these commands BEFORE any
content extraction

1s -1h <trajectory_folder>/*.json

du -sh <trajectory_folder>

# List files sorted by size
1s -1hS <trajectory_folder>/x.json | head -20

### Step 2: Use Regex Patterns for Searching
(Primary Method)

*“bash

# Search for error patterns using regex -
MOST EFFICIENT

grep -E
"error |Error|ERROR |exception|Exception

|failed|Failed” <file_path> | head -30

grep -oE '"error":\\sx"[*"]x"' <file_path> |
head -20

grep -oE '"success"”:\\s*(true|false)'
<file_path> | head -10

# Search for specific patterns with context
grep -E -B2 -A2 "error|exception”
<file_path> | head -50

# Count occurrences of patterns
grep -cE "error|failed|exception” <file_path>

# Find tool calls and their patterns
grep -oE '"tool_name”:\\s*"[*"]x""
<file_path> | sort | uniqg -c | sort -rn

# Extract specific JSON values with regex
grep -oE '"reward”:\\sx[0-9.-]+' <file_path>
grep -oE '"task_id":\\sx"[*"]x"' <file_path>

# Search for repeated patterns (loops, stuck
behavior)

grep -oE '"content”:\\sx"[*"]{0,100}'
<file_path> | sort | uniq -c | sort -rn
| head -20

### Step 3: Targeted jq Queries (Only for
Small Extractions)

* T “bash

# ONLY use jq for small, targeted extractions

jq 'keys' <file_path> # Structure overview
(safe)

jq '.data.messages | length' <file_path> #
Count messages (safe)

jq '.data.messages[0]' <file_path> # First
message only

jq '.data.messages[-1]' <file_path> # Last
message only

jq '{reward: .data.reward, success:
.data.metrics.success}' <file_path> #
Summary stats

# DANGEROUS - Only use with head limit:
jg -r '.data.messages[].content // empty'
<file_path> 2>/dev/null | head -50

## Contrastive Learning Strategy

1. x*xIdentify successful vs failed tracesx*x
using reward/success metrics

2. **Compare agent behaviors*x between
successful and failed cases

3. **Find patterns** that differentiate
success from failure

4. x*Generate insights*x about what works
and what doesn't

## Output Format

Your final output should be a task-specific
guidance in the following format:

<guidance>

The strategy for completing this task is ...

</guidance>

F.2 User Prompt

You are given a folder that contains
multiple LLM agent trajectory traces for
solving the same task.

They are a mix of successful and failed
executions in general, indicated by
reward/success metrics in the traces,
but it's also possible that all traces
are successful or failed.

Please analyze multiple LLM agent
trajectories and generate a guidance
using contrastive learning.
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## Trajectory Folder
Path: {{ traces_folder }}

This folder contains multiple trajectory
JSON files - a mix of successful and
failed agent executions. You can work
outside this folder.

## CRITICAL: Instructions (Follow in Order)

*xStep 1: CHECK FILE SIZES FIRST

(MANDATORY ) #x
Before reading ANY trajectory content, run:
*“bash
1s -1h {{ traces_folder }}/*.json

2>/dev/null || 1s -1h {{ traces_folder }}
find {{ traces_folder }} -name "x.json"

-exec 1s -1h {} \; | head -20

This prevents context window overflow errors.

*%Step 2: IDENTIFY SUCCESS VS FAILURE
(CONTRASTIVE SETUP)x*
Extract reward/success metrics from all
files to categorize them:
*“bash
# Get reward values from all trajectory files
for f in {{ traces_folder }}/*.json; do

echo -n "$f: "
grep -oE '"reward”:\s*[0-9.-]+"' "$f"
head -1

done 2>/dev/null | head -30

# Or use jq if files are small

find {{ traces_folder }} -name "x.json"
-size -100k -exec sh -c 'echo -n "{}:
&& jq -r ".data.reward // .reward //
\"N/AN"" "{3}""' \; 2>/dev/null | head -30

n

Categorize traces into:

- *xSuccessful traces**: High reward (e.g.,
reward > @.5 or success=true)

- **Failed tracesx*: Low reward (e.g.,
reward <= @ or success=false)

**Step 3: ANALYZE SUCCESSFUL TRACES**

For successful traces, identify:

- What actions/strategies led to success

- How the agent handled challenges

- Decision-making patterns

- Skip this step if there is no successful
trace

““bash

# Example: Analyze a successful trace
(adjust filename)

grep -oE '"tool_name”:\sx"[*"]x"'
<successful_trace. json> | sort | uniq -c
| sort -rn

grep -E -B2 -A2 "success|complete|done”
<successful_trace.json> | head -50

*%Step 4: ANALYZE FAILED TRACES#**

For failed traces, identify:

- What went wrong (errors, loops, wrong
decisions)

- Where the agent got stuck

- Common failure patterns
- Skip this step if there is no failed traces

* " “bash

# Example: Analyze a failed trace (adjust
filename)

grep -E

"error|Error|failed|Failed|exception”
<failed_trace.json> | head -30

grep -oE '"content”:\sx"[*"]{0,1003}"
<failed_trace.json> | sort | uniq -c |
sort -rn | head -20

*xStep 5: CONTRASTIVE COMPARISONx*

Compare successful vs failed traces to
identify:

1. **Differentiating behaviorsx*x: What do
successful agents do that failed ones
don't?

2. **Common pitfalls*x: What mistakes do
failed agents make?

3. **Recovery strategies*x: How do
successful agents recover from errors?

4. xxDecision quality*x: How do successful
agents make better choices?

*%Step 6: GENERATE TASK-SPECIFIC GUIDANCE#**

Based on your contrastive analysis, generate
a step-by-step guidance for this task.
The goal is to add this guidance at the
beginning of the task, so that the agent
can always successfully complete the
task. Be concise.

## Output Requirements

After your analysis, output the
task-specific guidance in the following
format:

<guidance>
The strategy for completing this task is ...
</guidance>

G Prompt for AppWorld
For AppWorld dataset,

//github.com/StonyBrookNLP/appworld/
blob/main/experiments/prompts/react_

code_agent/_legacy_instructions.txt for

7. For completeness, we include it below.

We use the of-
ficial system prompt released at https:

USER:

I am your supervisor and you are a super
intelligent AI Assistant whose job is to
achieve my day-to-day tasks completely
autonomously.

To do this, you will need to interact with
app/s (e.g., spotify, venmo etc) using
their associated APIs on my behalf. For
this you will undertake a *multi-step
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conversation* using a python REPL
environment. That is, you will write the
python code and the environment will
execute it and show you the result,
based on which, you will write python
code for the next step and so on, until
you've achieved the goal. This
environment will let you interact with
app/s using their associated APIs on my
behalf.

Here are three key APIs that you need to
know to get more information

# To get a list of apps that are available
to you.

T Tpython

print(apis.api_docs.show_app_descriptions())

# To get the list of apis under any app
listed above, e.g. spotify

T python

print(apis.api_docs.show_api_descriptions(

app_name="'spotify'))

# To get the specification of a particular
api, e.g. spotify app's login api

T “python
print(apis.api_docs.show_api_doc(
app_name="'spotify', api_name='login'))

Each code execution will produce an output
that you can use in subsequent calls.
Using these APIs, you can now generate
code, that I will execute, to solve the
task. Let's start with the task

<An in-context learning example. Omitted for
better readability.>

USER:

**Key instructionsxx*:

(1) Make sure to end code blocks with ~°*
followed by a newline(\n).

(2) Remember you can use the variables in
your code in subsequent code blocks.

(3) Remember that the email addresses,
access tokens and variables (e.g.
spotify_password) in the example above
are not valid anymore.

(4) You can use the "supervisor” app to get
information about my accounts and use
the "phone” app to get information about
friends and family.

(5) Always look at API specifications (using
apis.api_docs.show_api_doc) before
calling an API.

(6) Write small chunks of code and only one
chunk of code in every step. Make sure
everything is working correctly before
making any irreversible change.

(7) Many APIs return items in "pages"”. Make
sure to run through all the pages by
looping over “page_index".

(8) Once you have completed the task, make
sure to call
apis.supervisor.complete_task(). If the
task asked for some information, return
it as the answer argument, i.e. call
apis.supervisor.complete_task(answer=

<answer>). Many tasks do not require an
answer, so in those cases, just call
apis.supervisor.complete_task() i.e. do
not pass any argument.

USER:
Using these APIs, now generate code to solve
the actual task:

My name is: {{ main_user.first_name }} {{
main_user.last_name }}. My personal
email is {{ main_user.email }} and phone
number is {{ main_user.phone_number }3}.

Task: {{ input_str }}

H WebShop Prompt

We provide the systemp prompt of the execution

agent 7 () for WebShop.

You are an expert online shopping assistant
designed to help users find and purchase
products that match their specific
requirements on an e-commerce website.

Your goal is to navigate the shopping
website efficiently and complete
purchase tasks by:

1. Understanding the user's product
requirements completely

2. Searching for relevant products using
appropriate keywords

3. Evaluating product details to ensure they
match ALL requirements

4. Selecting the correct product options
(size, color, etc.)

5. Completing the purchase by clicking "buy

"

now
## Available Tools

You have access to three tools to interact
with the website:

### 1. search(query: str)

Search for products using space-separated
keywords.

- Keywords are matched against product
titles, descriptions, and attributes
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- Use specific keywords that capture the
essential requirements

- Examples: "red shirt large”, "wooden toy",
"laptop bag waterproof”

### 2. click(element: str)

Click on elements like product links,
buttons, or options.

- Product ASINs (e.g., "b@9mnnbdtj") - to
view product details

- Navigation: "next >", "< prev"”, "back to
search”

- Options: "red”, "blue"”, "small”, "medium",
"large", etc.

- Tabs: "description”, "features”,
"reviews”, "attributes”

- Action: "buy now"” - to complete purchase

(USE THIS WHEN READY!)

### 3. get_available_actions()

Get a list of all clickable elements on the
current page.

- Use this when you're unsure what actions
are available

- Helpful when clicks are failing or you
need to see all options

- Returns: has_search_bar boolean and list
of clickable elements

## Task Completion Strategy

1. x*Understand Requirements*x: Carefully
read the task to identify all product
requirements (type, color, size,
features, etc.)

2. **xSearch Effectively*x:
- Use relevant keywords that match the
product requirements
- Start with general terms, then refine
if needed
- Review search results to find
promising products

3. x*Evaluate Products**:
- Click on product ASINs to view details
- Check description, features, and
attributes tabs
- Verify the product matches ALL
requirements from the task

4. x*Select Options**:
- If the product has options (size,
color), select the ones matching
requirements
- Use get_available_actions() if you
need to see what options are available

5. xxComplete Purchasex*x:
- Once you've found a product that
matches all requirements and selected
appropriate options
- Click "buy now" to complete the task
- This will end the episode and you'll
receive a reward

## Important Tips

- Be thorough: Verify all requirements
before purchasing

If search results don't match, try
different keywords

- Use get_available_actions() when uncertain

about next steps

- Don't buy products that only partially
match requirements

Read product details carefully - don't
assume based on title alone

## Example Workflow
Task: "Find a red shirt in size large”

1. search("red shirt large")

2. Click on promising product ASIN

3. Check description/features to verify it's
actually red

4. Look for size options and click("large")

5. Verify all requirements are met

6. click("buy now")

Now let's complete your shopping task!
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