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Abstract

Large language model (LLM)-based agents
solve complex long-horizon tasks through itera-
tive interaction with environments, where effec-
tively learning from experience under sparse or
delayed feedback remains a key challenge. Ex-
isting approaches typically rely on either non-
parametric memory-based experience reusing
or parametric reinforcement learning, each with
inherent limitations when used in isolation. To
this end, we propose ExpRL, a unified expe-
rience learning framework that bridges non-
parametric memory and parametric policy op-
timization for LLM agents. ExpRL induces
abstracted success and failure experiences from
on-policy interaction trajectories, stores them
in an external memory, and integrates experi-
ence acquisition and utilization directly into the
reinforcement learning process via an agentic
experience acquisition mechanism. This de-
sign enables memory and policy to co-evolve
and mutually reinforce each other, effectively
unifying online policy learning with offline ex-
perience reuse. Experiments on ALFWorld and
WebShop demonstrate that ExpRL achieves an
average performance improvement of 13.0%
over GRPO, with improved learning efficiency
and stability. We further show that the induced
experience memory generalizes across differ-
ent models and can be directly transferred to
stronger LLMs without additional training.

1 Introduction

Large language models (LLMs) (OpenAI, 2023;
Dubey et al., 2024; Yang et al., 2024; Anthropic,

*Equal contribution.
†Corresponding author.
Code: https://github.com/Wlings/ExpRL

2024; DeepSeek-AI et al., 2025; Yang et al., 2025)
have emerged as a promising paradigm by acting
as autonomous agents capable of solving complex,
long-horizon tasks (Yao et al., 2023; Zhou et al.,
2024; Xie et al., 2024; Jimenez et al., 2024; Xi et al.,
2025a). Unlike traditional reasoning paradigms
that generate solutions in a single pass, LLM agents
follow a closed-loop interaction process, continu-
ously observing states, executing actions, and re-
ceiving feedback from the environment. Through
iterative interactions with the environment, agents
are able to continuously refine and evolve their
behavior, allowing them to learn from past experi-
ence (Zhao et al., 2024; Zhang et al., 2025a).

In long-horizon agentic tasks, agents operate
over extended interaction sequences and frequently
encounter sparse or delayed feedback from the en-
vironment (Feng et al., 2025), which poses a central
challenge in effectively acquiring and leveraging
experience from interactions (Liu et al., 2025a; Qin
et al., 2025). Recent studies on agentic environ-
ments have highlighted experience-driven agent
evolution as an important pathway for improving
agent capabilities through environment interaction
(Li et al., 2026). Existing experience learning ap-
proaches for LLM agents can be broadly catego-
rized into two paradigms: non-parametric experi-
ence learning and parametric experience learning.

Non-parametric experience learning (Tang et al.,
2025; Cai et al., 2025b; Zhou et al., 2025) stores
past interactions in an external memory, such as
raw trajectories or abstracted experiences, and re-
trieves relevant experiences at inference time to
condition agent behavior, as shown in Figure 1(a).
By learning from successful or failed behaviors,
these methods provide explicit guidance without
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Figure 1: Comparison between Non-Parametric and
Parametric Experience Learning.

modifying model parameters, making them flexible
and efficient in practice. However, non-parametric
experience learning suffers from inherent limita-
tions. Since experience is not internalized into the
policy itself, performance improvements heavily
depend on the quality, coverage, and retrieval accu-
racy of the memory (Xiong et al., 2025). Moreover,
heuristic retrieval mechanisms may introduce irrel-
evant or erroneous experiences, which may mislead
the policy’s decision-making process.

Parametric experience learning aims to internal-
ize experience directly into the policy by updating
model parameters by reinforcement learning (RL)
(Shao et al., 2024; Jin et al., 2025; Zhan et al., 2025;
Xue et al., 2025; Liu et al., 2025b). As shown in
Figure 1(b), the policy is optimized by exploring
trajectories in the environment and updating model
parameters according to the reward feedback re-
turned by the environment. Despite the widespread
adoption of RL, applying parametric experience
learning to LLM agents remains challenging. First,
RL critically depends on the quality of rollout tra-
jectories, which is largely constrained by the under-
lying base model, often resulting in sparse or miss-
ing positive rewards for challenging tasks (Zhan
et al., 2025; Yue et al., 2025). RL primarily rein-
forces behaviors already present in the base policy,
making it difficult to induce fundamentally new ca-
pabilities beyond existing trajectory patterns (Yan
et al., 2025). Second, parametric updates tend to
entangle task-specific experience with model pa-
rameters, hindering the abstraction of transferable
high-level experience and limiting generalization.
Hence, these limitations raise a core question:

Is it possible to unify non-parametric and para-
metric experience learning in LLM agents, en-
abling memory and policy to co-evolve and mu-
tually reinforce each other?

To answer this question, we introduce ExpRL, a
unified experience learning framework that bridges
non-parametric memory and parametric policy op-
timization for LLM agents. ExpRL is built upon
three key components: (1) Instead of discarding
rollout trajectories generated during RL, ExpRL
explicitly exploits them by inducing abstracted suc-
cess and failure experiences from interaction trajec-
tories. These distilled experiences are then stored
in an external experience memory for reuse. (2) Ex-
pRL incorporates the distilled experience into the
agent’s decision-making at each interaction step,
enabling experience-guided interaction with the en-
vironment. This design substantially improves the
quality of sampled trajectories, resulting in more
stable and effective RL training. (3) ExpRL in-
troduces an agentic experience acquisition mecha-
nism, where the agent proactively formulates expe-
rience queries conditioned on the current task and
state. Experience acquisition and utilization are
tightly integrated into the RL optimization process,
enabling experience retrieval and policy learning
to co-evolve and mutually reinforce each other. By
jointly leveraging on-policy interaction trajecto-
ries and off-policy distilled experiences stored in
memory, ExpRL effectively unifies online policy
optimization with offline experience reuse.

In this paper, we evaluate ExpRL on two rep-
resentative long-horizon agent benchmarks: ALF-
World (Shridhar et al., 2021), which focuses on
embodied task execution in simulated household
environments, and WebShop (Yao et al., 2022),
which models complex, goal-oriented web navi-
gation. We conduct experiments using Qwen2.5-
1.5B-Instruct and Qwen2.5-7B-Instruct as the base
policy models. Across both benchmarks, ExpRL
achieves an average performance improvement of
13.0% over GRPO and demonstrates better learn-
ing efficiency, highlighting the effectiveness of in-
tegrating experience into GRPO (Shao et al., 2024).
We further evaluate ExpRL in a more challenging
agentic RAG scenario, where it demonstrates com-
petitive performance with strong baselines such
as Search-R1 (Jin et al., 2025) and GiGPO (Feng
et al., 2025). Our ablation results demonstrate that
tightly coupling experience acquisition with policy
optimization significantly improves both training
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stability and final performance. We also validate
the generality of the experience memory induced
by ExpRL, showing that it can be directly plugged
into stronger LLMs such as GPT-4o and GPT-5.1
without additional training. Our contributions are
summarized as follows:

• We propose ExpRL, a unified experi-
ence learning framework that bridges non-
parametric experience and parametric expe-
rience for LLM agents, enabling memory and
policy to co-evolve and mutually reinforce
each other in long-horizon agentic tasks.

• We introduce an agentic experience acquisi-
tion mechanism that tightly integrates experi-
ence induction, retrieval, and utilization into
the RL optimization process by jointly lever-
aging on-policy interaction trajectories and
off-policy distilled experiences.

• We conduct extensive experiments on two
agent benchmarks, ALFWorld and WebShop.
Results show that ExpRL achieves an aver-
age performance improvement of 13.0% over
GRPO. Furthermore, we demonstrate that the
experience memory induced by ExpRL ex-
hibits strong cross-model generalization and
can be directly plugged into stronger LLMs
without additional training.

2 Preliminaries

2.1 Task Definition
We define a multi-turn agentic task as a sequen-
tial decision-making process, where an LLM agent
parameterized by θ serves as the policy πθ and in-
teracts with an environment E = (S,A, r) over
multiple steps to progressively accomplish a given
task, with S denoting the state space, A the ac-
tion space, and r the reward function. Each task is
initialized by the initial state s0 ∈ S . At each inter-
action step k = 1, 2, . . ., the policy πθ observes the
current state sk ∈ S and generates a textual action

ak ∼ πθ(· | sk),

where ak ∈ A denotes a text-based action from the
action space. The environment then executes the
action and transitions to a new state sk+1 ∈ S . The
interaction proceeds until a terminal condition is
met or a maximum horizon is reached, resulting in
a trajectory of K interaction steps

τ = {(s0, a0), (s1, a1), . . . , (sK−1, aK−1)}.
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Figure 2: Evaluation results on ALFWorld. Direct de-
notes directly prompting the model to complete the task,
w/ Tra augments the model with raw trajectories, and w/
Exp augments the model with abstracted experiences.

Upon completion of the trajectory, the environment
provides a scalar reward or return r(τ) ∈ [0, 1] that
reflects the overall task outcome.

2.2 Policy Optimization

To optimize the policy πθ, we employ policy gra-
dient–based methods (Xi et al., 2025b) (e.g., PPO
(Schulman et al., 2017), GRPO (Shao et al., 2024),
and REINFORCE++ (Hu, 2025)), which directly
optimize the policy parameters to maximize the ex-
pected return obtained from environment feedback.
Formally, given the trajectory τ , the optimization
objective is to maximize the expected return over
trajectories induced by the policy:

J(θ) = Eτ∼πθ
[r(τ)] . (1)

The gradient of this objective with respect to
the policy parameters can be expressed using the
likelihood ratio formulation:

∇θJ(θ) = Eτ∼πθ

[
r(τ)

K−1∑

k=0

∇θ log πθ(ak | sk)
]
. (2)

Recent group-based RL methods have been pro-
posed, which estimate advantages by comparing
multiple rollouts generated from the same prompt.

3 Method

In this section, we present ExpRL, a unified ex-
perience learning framework for LLM agents. As
illustrated in Figure 3, ExpRL comprises three core
components: (1) abstracted experience induction,
(2) agentic experience acquisition, and (3) mem-
ory–policy co-evolution, which enable effective
experience reuse and stable policy optimization.
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Figure 3: Overview of ExpRL, which consists of three core components: (1) abstracted experience induction, (2)
agentic experience acquisition, and (3) memory–policy co-evolution.

3.1 Abstracted Experience Induction

We first study the effectiveness of non-parametric
experience for multi-turn agentic tasks. Specifi-
cally, we investigate two forms of experience rep-
resentations stored in external memory M: raw
trajectories τ and abstracted experiences e.

(1) Raw trajectories consist of complete inter-
action sequences collected from successful agent
rollouts, where each trajectory records the full se-
quence of states, actions, and outcomes encoun-
tered during task execution. This form preserves
fine-grained behavioral details but often involves
long interaction sequences, which may introduce
redundant or highly task-specific information.

(2) Abstracted experiences, in contrast, are
higher-level summaries distilled from both success-
ful and failed trajectories. We employ GPT-5.2 as
the experience induction model I to induce concise
and reusable experience abstractions from rollout
trajectories. Each abstracted experience captures
the key conditions, mistakes, or strategies underly-
ing success or failure, producing generalized guid-
ance that is less tied to specific surface forms.

To ensure a fair comparison between different
experience types, we fix the capacity of the expe-
rience memory across all settings. At inference
time, task-relevant experiences are retrieved from
the memory based on the given task description
and incorporated into the agent’s generation pro-
cess. Experience retrieval is implemented using a
dense retriever built on all-MiniLM-L6-v2, which
measures semantic similarity between the current
task and stored experience entries. We conduct ex-

periments on both GPT-4o and Qwen3-32B, using
ALFWorld as the evaluation environment.

As illustrated in Figure 2, agents leveraging ab-
stracted experiences consistently outperform those
using raw trajectory-based experiences as well
as agents without experience. Notably, GPT-4o
benefits more from abstracted experiences than
Qwen3-32B, indicating that stronger models bet-
ter exploit experience and underscoring the need to
enhance experience utilization for smaller models.
Motivated by these findings, we adopt abstracted
experience induction as the default memory con-
struction strategy for ExpRL.

3.2 Agentic Experience Acquisition

To improve the quality of experience retrieval, Ex-
pRL integrates experience acquisition directly into
the agent’s decision-making process. Instead of
relying on static or heuristic retrieval strategies, the
agent actively acquires experience on demand, con-
ditioned on the current task and interaction state.

Formally, given the current state sk at interac-
tion step k, the policy πθ first generates an expe-
rience query qk ∼ πθ(· | sk), which captures the
agent’s information needs at the current decision
point. Given the experience query qk, relevant ex-
periences are retrieved from the memory M via
ek = RETRIEVE(qk,M). Conditioned on the cur-
rent state sk, the experience query qk, and the re-
trieved experiences ek, the agent generates an ac-
tion ak ∼ πθ(· | sk, qk, ek). This design enables
experience acquisition to be optimized end-to-end
through task-level rewards. As the policy param-
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eters θ are updated via RL, the agent simultane-
ously learns to generate better actions, formulate
more informative experience queries, and more
effectively exploit retrieved experiences to guide
decision-making. At inference time, the policy
adopts the same experience-guided reasoning pro-
cess as during the training stage. We provide the de-
tailed prompts used for both experience induction
and agentic experience acquisition in Appendix C.

3.3 Memory-Policy Co-Evolution

In ExpRL, the memory and the policy are updated
in a complementary manner. Specifically, memory
is updated in an off-policy fashion, while policy op-
timization follows an on-policy training paradigm.

For memory updating, ExpRL maintains a trajec-
tory buffer that caches rollout trajectories generated
during RL training. These trajectories are collected
on-policy but are not immediately used to update
the memory. Instead, after a memory update in-
terval T , the buffered trajectories are processed
by the experience induction model, which summa-
rizes raw interaction traces into abstracted experi-
ences. The induced experiences are then used to
update the experience memory M, enabling the
memory to accumulate reusable knowledge. For
policy optimization, ExpRL follows an on-policy
RL paradigm and updates the policy using GRPO.
Inspired by Jin et al. (2025), we apply loss masking
to the experience tokens e, computing the policy
gradient objective only over the experience query q
and the generated action a. We provide the detailed
algorithmic procedure of ExpRL in Algorithm 1,
where the newly introduced components beyond
standard GRPO are highlighted for clarity.

4 Experiments

In this section, we evaluate ExpRL on three rep-
resentative agentic benchmarks. We first compare
ExpRL with strong baselines to assess its effec-
tiveness in training LLM agents. We then conduct
ablation studies to analyze the contribution of agen-
tic experience acquisition in ExpRL. Finally, we
assess the generalization of the experience induced
by ExpRL, demonstrating its plug-and-play reuse
across different models without further training.

4.1 Experiment Setup

Benchmarks. First, we evaluate ExpRL on two
widely used and challenging long-horizon agent
benchmarks: ALFWorld (Shridhar et al., 2021) and

Algorithm 1: ExpRL
Input: Policy model πθ; dataset D;

experience memoryM; experience
induction model I(·); experience
memory update interval T

Output: Optimized policy model πθ̂
Initialize trajectory buffer Btraj ← ∅;
for step t = 1, 2, . . . do

Sample a batch Db from D;
for each state s0 ∈ Db do

for turn k = 1, 2, . . . do
// Experience Acquisition
Generate experience query
qk ∼ πθ(· | sk);
Retrieve experiences
ek ← RETRIEVE(qk,M);
Sample action
ak ∼ πθ(· | sk, qk, ek);

Execute action ak and observe
next state sk+1;

Compute reward for trajectory τ ;
Cache (τ, r(τ)) into Btraj;

// Policy Update
Compute advantage and update policy

model πθ;
// Memory Update
if t mod T = 0 then

Summarize trajectories into
experiences ∆M← I(Btraj);

Update experience memoryM;
Clear trajectory buffer Btraj ← ∅;

return πθ̂;

WebShop (Yao et al., 2022). ALFWorld is an em-
bodied interactive environment that tests an agent’s
capability for multi-step decision-making and plan-
ning. The environment comprises six categories
of household tasks: Pick & Place (Pick), Examine
in Light (Look), Clean & Place (Clean), Heat &
Place (Heat), Cool & Place (Cool), and Pick Two &
Place (Pick2). We report the success rate for each
subtask, along with the overall average success rate
(All). WebShop is a large-scale web-based environ-
ment designed to evaluate LLM agents in realistic
online shopping scenarios. The environment con-
tains over 1.1 million products and approximately
12k task instructions. We report the average score
and the success rate (SR). Moreover, we evalu-
ate ExpRL in an agentic RAG setting, where the
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Method ALFWorld WebShop

Pick Look Clean Heat Cool Pick2 All Score SR

Closed-Source Models
GPT-4o 75.3 60.8 31.2 56.7 21.6 49.8 48.0 31.8 23.7
Gemini-2.5-Pro 92.8 63.3 62.1 69.0 26.6 58.7 60.3 42.5 35.9

Qwen2.5-1.5B-Instruct
Direct 5.9 5.5 3.3 9.7 4.2 0.0 4.1 23.1 5.2
ReAct 17.4 20.5 15.7 6.2 7.7 2.0 12.8 40.1 11.3
Reflexion 35.3 22.2 21.7 13.6 19.4 3.7 21.8 55.8 21.9
PPO 64.8±3.5 40.5±6.9 57.1±4.9 60.6±6.6 46.4±4.0 47.4±1.9 54.4±3.1 73.8±3.0 51.5±2.9
RLOO 88.3±3.0 52.8±8.6 71.0±5.9 62.8±8.7 66.4±5.5 56.9±4.7 69.7±2.5 73.9±5.6 52.1±6.7
GiGPOw/ std 94.4±5.9 67.5±4.6 94.8±3.8 94.4±7.8 79.8±4.7 76.4±5.4 86.7±1.7 83.1±1.6 65.0±3.2
GiGPOw/o std 96.0±1.4 76.5±3.9 91.8±5.5 91.3±6.3 71.7±8.4 79.5±7.7 86.1±4.7 83.5±1.8 67.4±4.5
GRPO 85.3±1.5 53.7±8.0 84.5±6.8 78.2±7.9 59.7±5.0 53.5±5.6 72.8±3.6 75.8±3.5 56.8±3.8
ExpRL 98.7±2.2 70.7±7.3 93.7±2.8 97.8±3.9 82.5±8.9 77.7±1.0 88.5±2.4 83.7±0.9 71.1±0.8

w/o Exp 90.2±6.0 63.5±9.5 87.3±2.2 65.1±8.4 78.5±5.2 71.1±9.6 78.9±5.6 77.2±4.4 61.7±5.1
w/o Aea 81.3±8.5 49.5±6.4 82.6±5.8 70.4±2.5 41.9±5.6 31.9±6.9 60.9±2.0 73.7±1.3 49.7±0.9

Qwen2.5-7B-Instruct
Direct 33.4 21.6 19.3 6.9 2.8 3.2 14.8 26.4 7.8
ReAct 48.5 35.4 34.3 13.2 18.2 17.6 31.2 46.2 19.5
Reflexion 62.0 41.6 44.9 30.9 36.3 23.8 42.7 58.1 28.8
Mem0∗ 54.0 55.0 26.9 36.4 20.8 7.69 33.6 23.9 2.0
ExpeL∗ 21.0 67.0 55.0 52.0 71.0 6.0 46.3 30.9 11.2
MemP∗ 54.3 38.5 48.1 56.2 32.0 16.7 41.4 25.3 6.4
SimpleMem∗ 64.5 33.3 20.0 12.5 33.3 3.84 29.7 33.2 8.59
PPO 92.3±4.0 64.0±8.4 92.5±2.4 89.5±7.0 80.3±2.0 68.8±8.3 80.4±2.7 81.4±3.1 68.7±5.1
RLOO 87.6±4.3 78.2±8.3 87.3±5.8 81.3±7.6 71.9±5.2 48.9±8.4 75.5±4.6 80.3±3.2 65.7±4.0
GiGPOw/ std 97.7±1.6 82.7±7.9 98.8±1.6 83.7±7.2 89.3±8.2 79.2±6.6 90.8±1.3 84.4±2.9 72.8±3.2
GiGPOw/o std 91.8±5.4 88.6±6.3 95.9±3.2 90.2±2.6 86.5±5.5 85.2±7.5 90.2±2.3 86.2±2.6 75.2±3.8
GRPO 90.8±5.1 66.1±6.7 89.3±5.4 74.7±6.9 72.5±5.4 64.7±7.3 77.6±5.2 84.8±2.8 68.0±5.9
ExpRL 93.9±2.6 83.4±6.7 90.3±1.8 100.0±0.0 82.4±6.8 81.3±8.2 89.8±2.3 88.3±3.9 77.3±2.1

w/o Exp 88.4±3.5 84.8±7.4 87.3±0.3 71.4±6.8 65.7±9.7 56.9±8.3 77.1±3.5 79.3±2.8 66.1±3.7
w/o Aea 96.9±5.4 93.5±5.8 95.3±4.3 82.9±8.8 73.1±11.1 70.6±8.9 84.6±1.2 81.9±2.2 66.7±2.8

Table 1: Evaluation results on ALFWorld and WebShop. All results are averaged over three random seeds. Results
highlighted in blue are obtained from our implementation, results marked with ∗ are from Xia et al. (2026), and
the remaining results are reported from Feng et al. (2025).

agent iteratively interacts with search engines to
collect evidence and produce final answers. Follow-
ing prior work (Jin et al., 2025), we consider both
single-hop QA datasets (NQ (Kwiatkowski et al.,
2019), TriviaQA (Joshi et al., 2017), and PopQA
(Mallen et al., 2023)) and multi-hop QA datasets
(HotpotQA (Yang et al., 2018), 2Wiki (Ho et al.,
2020), MuSiQue (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023)). We adopt the exact
match (EM) score as the evaluation metric.

Baselines. For the ALFWorld and WebShop
benchmarks, we compare ExpRL against two cat-
egories of baselines: (1) Prompt-based methods,
which rely on in-context prompting to guide multi-
step behavior without parameter updates, includ-
ing Direct Prompt, ReAct (Yao et al., 2023) and
Reflexion (Shinn et al., 2023); (2) Memory-based
methods, which leverage external memory to store

and retrieve historical interactions or distilled ex-
periences for decision making, including Mem0
(Chhikara et al., 2025), Expe L(Zhao et al., 2024),
MemP (Fang et al., 2025), and SimpleMem (Hu,
2025); and (3) RL-based methods, which optimize
agent policies through RL, including PPO (Schul-
man et al., 2017), RLOO (Ahmadian et al., 2024),
GRPO (Shao et al., 2024), and GiGPO (Feng et al.,
2025). GiGPO is a state-of-the-art RL method that
achieves fine-grained credit assignment for LLM
agents. For the agentic RAG, we compare Ex-
pRL with R1-Instruct, Search-R1 (Jin et al., 2025),
ZeroSearch (Sun et al., 2025), StepSearch (Wang
et al., 2025c), and GiGPO.

Implement Details. We conduct experiments
using Qwen2.5-1.5B-Instruct and Qwen2.5-7B-
Instruct (Yang et al., 2024) as the base policy mod-
els. We follow the same hyperparameter and train-
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Method Single-Hop QA Multi-Hop QA
NQ† TriviaQA⋆ PopQA⋆ HotpotQA† 2Wiki⋆ MuSiQue⋆ Bamboogle⋆ Avg.

R1-Instruct 21.0 44.9 17.1 20.8 27.5 6.0 19.2 22.4
Search-R1 39.3 61.0 39.7 37.0 40.1 14.6 36.8 38.5
ZeroSearch 43.6 61.8 51.5 34.6 35.2 18.4 27.8 39.1
StepSearch - - - 38.6 36.6 22.6 40.0 -
GiGPO 46.4 64.7 46.1 41.6 43.6 18.9 68.9 47.2
ExpRL 45.7 63.6 47.2 42.4 38.6 19.2 71.4 47.0

Table 2: Evaluation results of Qwen2.5-7B-Instruct on agentic RAG tasks. The best and second-best results are
highlighted in bold and underline, respectively. † and ⋆ indicate in-domain and out-of-domain datasets, respectively.
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Figure 4: Training reward over iterations on WebShop and ALFWorld with Qwen2.5-1.5B-Instruct.

ing configuration as GiGPO for a fair comparison.
Due to computational resource constraints, all ex-
periments are conducted using four NVIDIA A100
GPUs. We set the group size n to 8 for ALFWorld,
and 4 for both WebShop and the agentic RAG tasks.
We employ GPT-5.2 as the experience induction
model and use all-MiniLM-L6-v2 as the experi-
ence retriever. For RAG, we use E5 as the retriever.

4.2 Performance on ALFWorld and WebShop

The main results comparing ExpRL with other
baseline methods across ALFWorld and WebShop
are presented in Table 1. From the results, we
make the following key observations: (1) ExpRL
consistently improves the performance upper
bound of GRPO. Across both benchmarks, ExpRL
achieves an average performance improvement of
13.0% over the original GRPO. This substantial
gain indicates that injecting abstracted experience
into the RL training process effectively enhances
the policy’s capability beyond what can be achieved
by pure on-policy optimization. Moreover, ExpRL
attains performance that is comparable to, and in
some cases surpasses, the state-of-the-art method
GiGPO, demonstrating the competitiveness of the
proposed framework. (2) ExpRL exhibits higher
training efficiency and more stable optimiza-
tion. As illustrated in Figure 4, ExpRL converges
faster than GRPO and achieves stronger perfor-
mance with fewer training steps. This suggests that
experience-guided interaction improves the quality

of sampled trajectories, providing more informa-
tive learning signals and leading to more stable and
efficient policy optimization. (3) ExpRL brings
larger gains for smaller base models. Compared
to the 7B model, ExpRL yields more pronounced
improvements on the 1.5B model. This observation
suggests that smaller models benefit more from ex-
plicit experience guidance, as injected experience
can effectively compensate for limited intrinsic rea-
soning and exploration capacity.

4.3 Performance on Agentic RAG

As shown in Table 2, we further evaluate the ef-
fectiveness of ExpRL in an agentic RAG setting.
Despite the high diversity and complexity of RAG
tasks, ExpRL achieves performance that is compa-
rable to GiGPO across all evaluated datasets. This
result is particularly noteworthy, as agentic RAG
involves heterogeneous queries, dynamic evidence
gathering, and multi-step reasoning, posing chal-
lenges that differ substantially from embodied or
web-based environments. The strong performance
of ExpRL in this setting suggests that the experi-
ences induced by our framework capture general
and high-level procedural knowledge, rather than
heuristics that overfit to particular task settings.

4.4 Analysis

Ablation Studies. We conduct ablation experi-
ments to assess the contribution of each component
in ExpRL. Specifically, we consider two variants:
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Method ALFWorld

Pick Look Clean Heat Cool Pick2 All

GPT-4o 75.3 60.8 31.2 56.7 21.6 49.8 48.0
w/ Exp 84.9 70.6 37.5 70.0 50.0 42.1 59.5

GPT-5.1 71.7 58.8 28.1 55.0 27.5 34.2 46.0
w/ Exp 84.9 70.6 21.9 80.0 65.0 47.4 62.0

Table 3: Performance on ALFWorld using experience
memory constructed by ExpRL.

(1) w/o Exp, where the external experience mem-
ory is removed entirely; and (2) w/o Aea, where
gradients are blocked for experience query gener-
ation, preventing the policy from learning how to
acquire experience. As shown in Table 1, both ab-
lations lead to noticeable performance degradation,
demonstrating the effectiveness of incorporating
experience memory and jointly optimizing experi-
ence acquisition within the RL framework.

Generalization of Experience Memory. We fur-
ther examine the generality of the experience mem-
ory induced by ExpRL. Specifically, we reuse the
experience memory constructed during training
with smaller policy models and directly apply it
to stronger LLMs, including GPT-4o and GPT-5.1,
without any additional fine-tuning or adaptation.
Table 3 shows that the transferred memory consis-
tently improves performance across different mod-
els, indicating that the induced experiences capture
high-level, model-agnostic knowledge rather than
model-specific behaviors. This finding suggests
that ExpRL learns reusable and abstract experience
representations that can be effectively leveraged
by more capable agents in a plug-and-play man-
ner. To further assess the quality of the induced
experiences, we conduct a human evaluation on
100 randomly sampled experiences generated by
ExpRL. The results show that 94% of the expe-
riences are judged to be effective and helpful for
task execution, demonstrating the high quality and
practical usefulness of the induced memory. We
provide detailed experience examples in Table 10.

Effect of Experience Induction Models. To
study the impact of the experience induction model,
we further evaluate WebShop with Qwen2.5-1.5B-
Instruct as the base policy and replace GPT-5.2
with Qwen3-Next-80B-A3B-Instruct. As shown
in Table 4, experiences summarized by smaller
models are often relatively superficial and fail to
provide sufficiently effective guidance, which leads
to a decline in ExpRL’s performance. Nevertheless,
compared with GRPO without any experience, Ex-

Method Score SR

GRPO 75.8 56.8
ExpRL (Qwen3-Next-80B-A3B-Instruct) 76.9 60.9
ExpRL (GPT-5.2) 83.7 71.1

Table 4: Comparison of experience induction models
on WebShop.

pRL still achieves a 4.1% improvement in success
rate on the WebShop dataset.

5 Related Work

Agentic RL. Research has increasingly shifted
from static single-turn tasks to agentic settings that
require long-horizon interaction with dynamic envi-
ronments. Agentic RL (Wang et al., 2025b,a; Dong
et al., 2025) has emerged as a key paradigm in this
shift, enabling models to explore solution spaces
through interaction and optimize behavior using
environment-driven rewards. By learning through
trial and error rather than relying solely on super-
vision or prompting, agentic RL is well suited for
tasks involving planning (Wang et al., 2025b) and
tool use (Lu et al., 2025b). Recently, much of the
progress (Feng et al., 2025; Zhang et al., 2025b)
in agentic RL has focused on addressing reward-
related challenges, particularly sparse rewards and
fine-grained credit assignment over long horizons.

Experience Replay. Experience replay (Lin,
1992) is a widely adopted technique in RL that
stores past transitions in a replay buffer and sam-
ples them to improve data efficiency and training
stability. Recent studies (Zhan et al., 2025; Lu
et al., 2025a; Qin et al., 2025) show that replaying
successful trajectories can accelerate convergence
and further enhance LLM training stability. Specif-
ically, we treat experience as an explicit input to
the agent, rather than replaying raw trajectories.

Experience Learning. Experience (Zhao et al.,
2024) can be viewed as a form of memory that cap-
tures execution traces, feedback, and other infor-
mation arising from interaction. For LLM agents,
experience has been widely used to guide task
execution (Fang et al., 2025; Chen et al., 2025;
Chhikara et al., 2025; Wang et al., 2025d; Cai et al.,
2025a), especially in complex and tool-driven envi-
ronments. However, most existing approaches treat
experience as a static, external aid and decouple it
from the learning process. To address this limita-
tion, we propose ExpRL, which integrates experi-
ence knowledge directly into agentic RL, enabling
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agents to jointly explore, leverage, and internalize
experience during policy optimization.

6 Conclusion

We introduce ExpRL, a unified experience learning
framework that bridges non-parametric memory
and parametric RL for LLM agents. ExpRL en-
ables memory and policy to co-evolve by inducing
abstracted experiences from interaction trajectories,
actively acquiring and utilizing experience during
decision-making, and jointly optimizing experience
reuse and policy learning. Through experiments on
long-horizon agent benchmarks and agentic RAG
tasks, we demonstrate that ExpRL consistently im-
proves performance and learning efficiency over
RL baselines. Moreover, we show that the expe-
rience memory induced by ExpRL captures high-
level, reusable knowledge that generalizes across
models and can be directly transferred to stronger
LLMs in a plug-and-play manner.

Limitations

While ExpRL demonstrates consistent performance
gains by unifying static experience reuse with dy-
namic policy optimization, it also introduces sev-
eral limitations. First, agentic experience acquisi-
tion requires the policy to actively generate experi-
ence queries and incorporate retrieved experiences
at each interaction step, which inevitably increases
token consumption during both training and in-
ference. Moreover, the effectiveness of ExpRL
depends on the quality of the induced experience
memory and the retrieval mechanism. Although we
observe strong empirical gains, suboptimal experi-
ence induction or noisy experience utilization may
introduce irrelevant guidance and reduce efficiency.
We leave the investigation of more token-efficient
experience utilization strategies and adaptive expe-
rience acquisition policies as important directions
for future work.
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A Computational Cost Analysis

A.1 Token Consumption
To quantify the token consumption of ExpRL, we
select Qwen2.5-7B-Instruct as the base model. We
perform rollouts on the 100 samples from the Web-
Shop test set and conduct inference for both ExpRL
and GRPO. This process involves only forward gen-
eration and environment interaction, excluding any
training, parameter updates, or experience induc-
tion. For each episode, we record the numbers of
input and output tokens and average them across
all episodes. The comparison of token consump-
tion between ExpRL and GRPO during inference
is summarized in Table 5, which reports the results
of these trials.

Method Input Tokens Output Tokens Total Tokens

GRPO 15891 7359 23250
ExpRL 22533 13229 35762

Table 5: Token consumption of GRPO and ExpRL.

A.2 Training Time
ExpRL introduces additional engineering complex-
ity on top of the verl framework. Under the
same experimental setting, ExpRL requires approx-
imately 1.5× the training time of GRPO. The ad-
ditional overhead mainly comes from the rollout
process for experience retrieval queries and the
corresponding gradient updates. By contrast, the
overhead introduced by memory maintenance is
negligible in practice, since the experience memory
contains only 40–60 entries, making both memory
updates and vector-based retrieval efficient. Over-
all, the increased training cost of ExpRL mainly
stems from experience acquisition and optimiza-
tion during training, rather than from maintaining
the external memory itself.

B Supplementary Experiments

B.1 Experience Internalization
To further analyze whether ExpRL can internal-
ize part of the acquired experience into the model
parameters during training, we conduct an addi-
tional experiment on WebShop. Specifically, we
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use Qwen2.5-1.5B-Instruct as the base model and
first train it under the ExpRL framework up to the
90th epoch, where the success rate reaches 52.3%.
We then remove the experience retrieval module
from both the training and the test phases and con-
tinue training until convergence. The results are
shown in Table 6.

The results show that ExpRL (internalized) still
significantly outperforms GRPO, improving the
success rate from 56.8% to 67.7%. This suggests
that part of the acquired experience can be inter-
nalized into the model parameters during ExpRL
training. However, ExpRL (internalized) remains
slightly behind the full ExpRL model, indicating
that explicit experience retrieval continues to pro-
vide additional performance gains.

Method Score SR

GRPO 75.8 56.8
ExpRL (internalized) 83.3 67.7
ExpRL 83.7 71.1

Table 6: Effect of experience internalization on Web-
Shop.

B.2 Effect of Agentic Experience Acquisition

We conducted a comparative experiment on Web-
Shop using Qwen2.5-1.5B-Instruct, where the task
description itself is used for experience retrieval
rather than allowing the model to actively gener-
ate experience queries. The results are shown in
Table 7. Directly using the task description for
retrieval cannot adapt to the evolving interaction
state, making it difficult to retrieve experiences
that precisely match the agent’s current decision
needs. This leads to lower success rates compared
to ExpRL, further demonstrating the effectiveness
of agentic experience acquisition.

Method Score SR

GRPO 75.8 56.8
ExpRL (Task) 78.9 60.9
ExpRL 83.7 71.1

Table 7: Comparison of task-based retrieval and agentic
experience acquisition.

C Implement Details

We provide prompt templates for experience sum-
marization and query generation in both WebShop
and ALFWorld in Tables 8 and 9. Our implemen-

tation is developed based on the verl-agent1. Ad-
ditionally, to mitigate the drift of the main policy
induced by frequent query optimization, we decou-
ple the query stage and apply actor updates only
at periodic epochs instead of performing gradient
computation on query outputs each epoch.

To further analyze the effect of experience mem-
ory size on ExpRL, we experimented with mem-
ory sizes of 25, 50, 100, and 150 during training
on WebShop and ALFWorld. The results show
that ExpRL is not sensitive to the memory size.
We attribute this mainly to the relatively limited
task types in WebShop and ALFWorld, and to the
fact that ExpRL stores abstract and reusable experi-
ences rather than complete trajectories. As a result,
a small experience memory is already sufficient to
cover most common decision-making patterns.
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Figure 5: Training reward over iterations on RAG with
Qwen2.5-7B-Instruct.

D Experience Examples

We provide abstracted experience examples of Ex-
pRL in Table 10. For each task instance, we show
the original instruction, a brief summary, and the
corresponding generalizable experience distilled
from the trajectory, which captures reusable task-
solving principles rather than instance-specific ex-
amples.

E Case Study

We present case studies to illustrate how abstracted
experiences guide agent behavior in practice. As
shown in Figure 6, experience enables the agent
to make better decisions by avoiding meaningless
actions and unproductive loops.

1https://github.com/langfengQ/verl-agent/
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Prompt for Experience Summarization

SYSTEM PROMPT: You are an expert autonomous agent operating in the WebShop e-commerce environment. Given one or
more shopping trajectories, your goal is to extract 1∼5 short but clear and generalizable lessons. Do not mention any specific
product information.

USER PROMPT: You are an expert autonomous agent operating in the WebShop e-commerce environment. Given one or more
shopping trajectories, your goal is to extract 1∼5 short but clear and generalizable experiences. Please carefully examine the
given trajectory. If you believe it contains valuable insights, summarize 1∼5 concise and general experiences from it. If you
believe it contains no valuable insights, return an empty experiences list in the required JSON format.

Follow these steps:
1. First, provide a brief summary of the trajectory, no more than 15 words.
2. Derive 1∼5 reusable, general experiences from the trajectory to guide the model in completing similar tasks more effectively.
The experiences should be concise.

– Do NOT mention any brands, product names, IDs/ASINs, prices, colors, sizes, or exact attribute values.
– Experiences should be decision-making heuristics (general rules), not a narration of actions.

3. The experiences should only involve observable trajectory behaviors and outcomes; do not summarize or use any information
related to action_valid = false.

Do NOT output your reasoning. Only follow the steps internally. Then output your final result only in JSON format as shown
below:

"""json
{{
"summary": "...",
"experiences": [
"experience_1",
"experience_2",
"experience_3"
]
}}
"""

Input: {trajectories}

Prompt for Query Generation

USER PROMPT: You are an expert autonomous agent operating in the WebShop e-commerce environment.
Your task is to: {task_description}
Your current observation is: {current_observation}

You need to generate a retrieval query based on the task to recall experiential knowledge to help you complete the task more
effectively. Follow the steps exactly:
1. Inferring the decision-level state from the current observation in ONE short sentence (≤ 15 words).

– The decision-level state should describe logical progress (e.g., initial search or broad results or close candidates but missing
constraints).

– Do NOT mention UI elements, page controls, product names, or IDs.
2. The retrieval query consists ONLY of the given task description followed by the decision-level state phrase.
3. Wrap the retrieval query with <query_experience> tags.

Output Structure:
<query_experience> The task is to [task_description]. The current state is [decision-level state].
</query_experience>

Table 8: Prompt templates for experience summarization and query generation in WebShop environment.
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Prompt for Experience Summarization

SYSTEM PROMPT: You are an expert agent operating in the ALFRED Embodied Environment. Given task trajectories, your
goal is to extract 1∼5 short but clear and generalizable lessons about effective planning, reasoning, and interaction strategies. Do
not mention any specific object names or room layouts.

USER PROMPT: An Agent system interacted with the ALFWorld environment, producing several trajectories that include both
successful and failed cases. Please carefully examine the given trajectory. If you believe it contains valuable insights, summarize
1∼5 concise and general experiences from it. If you believe it contains no valuable insights, return an empty experiences list in
the required JSON format. A trajectory is considered to contain valuable insights only if it reveals a reusable decision pattern
that affects task success or failure.

Follow these steps:
1. First, provide a brief summary of the trajectory, no more than 10 words.
2. Derive 1∼5 reusable, general experiences from the trajectory to guide the model in completing similar tasks more effectively.
The experiences should be concise.

– Do NOT mention specific object IDs or room names.
– Experiences should be decision-making heuristics (general rules), not a narration of actions.
– Each experience should be directly applicable to guiding a future decision in a similar ALFWorld task.

3. The experiences should only involve observable trajectory behaviors and outcomes; do not summarize or use any information
related to action_valid = false.

Do NOT output your reasoning. Only follow the steps internally. Then output your final result only in JSON format as shown
below:

"""json
{{
"summary": "...",
"experiences": [
"experience_1",
"experience_2",
"experience_3"
]
}}
"""

Input: {trajectories}

Prompt for Query Generation

USER PROMPT: You are an expert agent operating in the ALFRED Embodied Environment.
Your task is to: {task_description}
Your current observation is: {current_observation}

You need to generate a retrieval query based on the task to recall experiential knowledge to help you complete the task more
effectively. Follow the steps exactly:
1. Inferring the decision-level progress from the current observation in ONE short phrase (≤ 15 words).

– Describe which subgoal stage you are in (e.g., locating target, seeking tool, returning to target, ready to interact).
– Do NOT mention specific object IDs or room names.

2. The retrieval query consists ONLY of the given task description followed by the decision-level progress .
3. Wrap the retrieval query with <query_experience> tags.

Output Structure:
<query_experience> The task is to [task_description]. The current state is [decision-level progress].
</query_experience>

Table 9: Prompt templates for experience summarization and query generation in ALFWorld environment.
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WebShop

State:

Action:

You are now at step 2 and your current observation is: …
Your admissible actions of the current situation are: …
Now it's your turn to take one action for the current step. 

<think>The search results are off-target, with most of 
the items not matching the required attributes. The 
items listed are either women's, not the correct size, or 
not the correct color. I will click 'back to search' to 
refine the search query.</think>
<action>click[back to search]</action>

Task:
Find me straight leg, machine washable men's jeans with color: 
coal grey, and size: 36w x 32l, and price lower than 80.00 dollars.

Ground Truth: 
B07GYWW3NY

GRPO

ExpRL

State:

Action:

Query:

Exp:

<query_experience>The task is to find straight leg, machine washable 
men's jeans with color: coal grey, and size: 36w x 32l, and price lower 
than 80.00 dollars. The current state is broad results and I need to 
further determine the best item… </query_experience>

You are now at step 2 and your current observation is: …
Your admissible actions of the current situation are: …
Now it's your turn to take one action for the current step. 

<experience>experience1: When variants exist, select required size and 
color early to avoid evaluating unavailable options.\nexperience2: Verify 
key constraints (e.g., price limit) directly from the product page before 
purchasing.\nexperience3: Use product detail tabs…</experience>

<think>From the previous observations, I conducted a search and 
received a list of men's jeans that do not match the criteria (straight leg, 
machine washable, men's jeans, coal grey, and size 36w x 32l…</think>
<action>click[b07gyww3ny]</action>

Figure 6: Case study of GRPO and ExpRL on the WebShop.

Dataset Instruction Generalizable Experience

ALFWorld Task: put a clean kettle in diningtable.
Summary: found kettle on a surface, cleaned
it, then placed it.

(1) Before searching containers, quickly check obvious sur-
faces for the target item.
(2) If the goal specifies an item state (e.g., clean), explicitly
perform the state-changing action before placing it.
(3) After completing a required transformation, immediately
go to the destination and place the item to finish the task.

ALFWorld Task: heat some egg and put it in fridge.
Summary: heated an egg in a microwave, then
stored it in the fridge.

(1) Check nearby open surfaces first to locate target items
quickly.
(2) For heating tasks, insert the item into the appliance and
satisfy required preconditions (e.g., closing it if needed) be-
fore heating.
(3) If the appliance contains other items, avoid removing
them unless they block the required operation.
(4) After completing the transformation (heating), immedi-
ately proceed to the final placement goal (open the target
container, then move the item in).
(5) Use the environment’s available action list to confirm
preconditions before executing key actions.

WebShop Task: find non-slip, easy-install ottomans
made of faux leather, size 80×40×40 cm,
price < $170.
Summary: searched, opened an item, selected
the required size variant, then purchased.

(1) Use targeted search queries including key material and
hard constraints to narrow results quickly.
(2) Open promising results to verify constraints on the prod-
uct page rather than relying on listing titles.
(3) When a required attribute is a variant option, explicitly
select the correct variant before purchasing.
(4) Confirm the displayed price on the product page meets
the budget constraint before checkout.

WebShop Task: find men’s loafers & slip-ons with rubber
outsole/sole, color yellow-a, size 9.5, price
< $40.
Summary: searched, opened a listing, selected
required variants, and purchased.

(1) Start with a search query that includes key constraints to
reduce irrelevant results.
(2) From results pages, open promising items and use on-
page variant selectors to match required attributes.
(3) After selecting required variants, confirm the displayed
price range still satisfies the budget constraint before buying.
(4) Proceed to purchase only once all mandatory constraints
are visibly selected on the product page.

RAG verification strategy for comparison of two en-
tities shared attribute evidence.

For each entity, retrieve a reliable source that explicitly states
the target attribute, then compare; if either side lacks explicit
evidence, report insufficient support rather than guessing.

RAG temporal verification strategy for current at-
tribute of an entity across sources.

Prefer the most recent explicitly dated source for the target
attribute and cross-check multiple sources for recency; if
no dated confirmation exists, ask for a timeframe or report
uncertainty rather than guessing.

Table 10: Abstracted experience examples of ExpRL.
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F Reasoning Behavior

We next present the complete trajectory of multi-turn interaction between agent and environment, and
demonstrate the reasoning behavior of LLM agents (Qwen2.5-7B-Instruct) trained by ExpRL.

F.1 ALFWorld

Environment (Step 1)

-= Welcome to TextWorld, ALFRED! =-
Your task is to: heat some egg and put it in fridge. You are in the middle of a room. Looking
quickly around you, you see a cabinet 12, a cabinet 11, a cabinet 10, a cabinet 9, a cabinet 8, a
cabinet 7, a cabinet 6, a cabinet 5, a cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1, a
coffeemachine 1, a countertop 2, a countertop 1, a diningtable 1, a drawer 3, a drawer 2, a drawer
1, a fridge 1, a garbagecan 1, a microwave 1, a sinkbasin 1, a stoveburner 4, a stoveburner 3, a
stoveburner 2, a stoveburner 1, and a toaster 1.

Agent (Step 1)

<think>
To accomplish the task of heating an egg and putting it in the fridge, I need to find an egg
first. Since the most likely places to find an egg are the cabinets, countertops, and fridge, I
will start by checking the cabinets and countertops.
</think>
<action>go to countertop 1</action>

Environment (Step 2)

You arrive at countertop 1. On the countertop 1, you see a egg 1, and a winebottle 1.

Agent (Step 2)

<think>
I am currently at countertop 1 and see an egg 1 and a winebottle 1. Since my task is to heat an
egg and put it in the fridge, I need to take the egg first. The egg is already on the countertop,
so I can take it directly.
</think>
<action>take egg 1 from countertop 1</action>

Environment (Step 3)

You pick up the egg 1 from the countertop 1.

Agent (Step 3)

<think>
The task is to heat some egg and put it in fridge. So far, I have the egg and need to heat it. The
microwave seems the most suitable option in the current setup for heating an egg. After heating,
I should then put it in the fridge.
</think>
<action>go to microwave 1</action>

Environment (Step 4)

You arrive at microwave 1. The microwave 1 is closed.

Agent (Step 4)

<think>
I need to heat the egg and then put it in the fridge. The microwave is closed, so I should first
open it to check if it’s functional and to heat the egg properly. After that, I can proceed to put
the heated egg in the fridge.
</think>
<action>open microwave 1</action>
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Environment (Step 5)

You open the microwave 1. The microwave 1 is open. In it, you see a apple 2.

Agent (Step 5)

<think>
1. The current observation shows that the microwave is open and contains an apple 2.
2. My goal is to heat the egg and put it in the fridge.
3. The action ’heat egg 1 with microwave 1’ is in the list of admissible actions, but it requires
the egg to be inside the microwave.
4. The most logical action is to move the egg 1 into the microwave 1 since it is already open.
</think>
<action>move egg 1 to microwave 1</action>

Environment (Step 6)

You move the egg 1 to the microwave 1.

Agent (Step 6)

<think>
I have moved the egg to the microwave, and now I need to heat it. The next logical step is to
close the microwave after placing the egg inside. This will ensure that it is properly sealed to
prevent any spills or issues during heating. Once the egg is heated, I will need to cool it down
before placing it in the fridge.
</think>
<action>close microwave 1</action>

Environment (Step 7)

You close the microwave 1.

Agent (Step 7)

<think>
1. I have an egg in the microwave 1, and I have just closed it. The next step is to heat the egg.
2. Since the microwave is already closed, I should check if it is suitable to heat the egg now.
3. The admissible actions include examining the microwave and opening it again, but I need to
confirm if it’s safe to heat the egg first.
4. Considering that I need to heat the egg and put it in the fridge later, I need to ensure the
microwave is functioning correctly.
5. I should examine the microwave to check its current state and condition.
</think>
<action>examine microwave 1</action>

Environment (Step 8)

The microwave 1 is closed.

Agent (Step 8)

<think>
I need to heat the egg and then put it in the fridge. The microwave is closed and I need to open
it to heat the egg. The action ’open microwave 1’ is available, so I should perform this action
to open the microwave and heat the egg.
</think>
<action>open microwave 1</action>

Environment (Step 9)

You open the microwave 1. The microwave 1 is open. In it, you see a apple 2, and a egg 1.
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Agent (Step 9)

<think>
I need to heat the egg and then put it in the fridge. The egg is in the microwave, and the
microwave is currently open. I need to take the egg out, heat it, and then put it back in the
fridge.
The first step is to take the egg out of the microwave. The admissible actions include "take egg 1
from microwave 1", which is a valid option.
</think>
<action>take egg 1 from microwave 1</action>

Environment (Step 10)

You pick up the egg 1 from the microwave 1.

Agent (Step 10)

<think>
Currently, I have the egg 1 in my hand. The next step is to heat the egg and then put it in the
fridge. Given the list of admissible actions, the most appropriate actions to proceed are:
1. Heat egg 1 with microwave 1 (since I already have the egg and microwave 1 is open)
2. Go to fridge 1 (to put the heated egg in the fridge after it is heated).
I should start by heating the egg in the microwave.
</think>
<action>heat egg 1 with microwave 1</action>

Environment (Step 11)

You heat the egg 1 using the microwave 1.

Agent (Step 11)

<think>
The task is to heat the egg and put it in the fridge. After heating the egg in the microwave, I
need to put it in the fridge. The fridge should be the most appropriate place to store a heated
egg.
Looking at the available actions, the option "go to fridge 1" is available, which seems to be the
most relevant action to complete the task.
</think>
<action>go to fridge 1</action>

Environment (Step 12)

You arrive at fridge 1. The fridge 1 is closed.

Agent (Step 12)

<think>
The task is to heat an egg and put it in the fridge. I have already heated the egg using the
microwave, but now I need to put it in the fridge. The current observation shows that fridge 1 is
closed. The most appropriate action would be to open the fridge 1 so that I can place the heated
egg inside.
</think>
<action>open fridge 1</action>

Environment (Step 13)

You open the fridge 1. The fridge 1 is open. In it, you see a apple 1, a mug 1, a tomato 2, and a
tomato 1.

35542



Agent (Step 13)

<think>
I need to heat the egg and then put it in the fridge. The egg is currently the "egg 1" that I had
previously heated in the microwave. Since the fridge is already open, I can directly place the
heated egg inside it. The action "cool egg 1 with fridge 1" is not suitable because that would
involve refrigerating the egg further, which is not necessary at this point. The correct action
would be to move the egg 1 to the fridge 1.
</think>
<action>move egg 1 to fridge 1</action>

F.2 Webshop

Environment (Step 1)

Instruction: Find me straight leg, machine washable men’s jeans with color: coal grey, and size:
36w x 32l, and price lower than 80.00 dollars. Your current observation is: ’Search’.

Agent (Step 1)

<think>
To find straight leg, machine washable men’s jeans with color: coal grey, and size: 36w x 32l,
and price lower than 80.00 dollars, I need to start my query with the most critical attributes to
narrow down the search effectively. The query should specifically look for these attributes and
filter the results based on the price limit.
The query should be something like: "straight leg machine washable men’s jeans coal grey 36w x
32l price<80.00" to find the correct product and filter the results based on the price limit.
</think>
<action>search[straight leg machine washable men’s jeans coal grey 36w x 32l price<80.00]</action>

Environment (Step 2)

’Back to Search’
’Page 1 (Total results: 50)’
’Next >’
’B07GYWW3NY’: ’J. Crew - Men’s - Sutton Straight-Fit Flex Chino (Multiple Size/Color Options)’,
’$59.5’
’B01MSP2B0I’: ’Wrangler Men’s Retro Slim Fit Straight Leg Jean, Black, 42W x 32L’, ’$63.05’
’B08LKKSL8F’: ’BOCOMAL FR Pants for Men Cargo Flame Resistant Pants(2112&CAT2) 100% C 7.5oz
Utility Fire Resistant Pants’, ’$45.99 to $49.99’
’B09QCVCYVY’: ’Burband Womens High Waist Bike Shorts Tummy Control Workout Yoga Pants Running
Exercise Running Shorts with Side Pockets’, ’$6.82’
’B099231V35’: ’Mens Casual Cargo Pants Hi Vis Viz Reflective Overalls High Visibility Safe Work
Pants Outdoor Hiking Trousers Big and Tall’, ’$16.79’
’B09PBPZ24Z’: ’myhehthw Women’s High Waisted Jeans for Women Distressed Ripped Jeans Slim Fit Butt
Lifting Skinny Stretch Jeans Trousers’, ’$22.99 to $25.99’
’B09C1YWG8W’: ’Soft Plush Electric Heated Blanket Throw with Foot Pocket | Navy Blue 50 x 62 | 3
Heat Settings with 2 Hour Auto Shut Off, UL Certified | Machine Washable’, ’$69.99’
’B09M63B87V’: ’YALFJV Women Long Sleeve Crew Neck Side Button T Shirts Tunic Dress Loose
Asymmetric Hem Tunic Pullover to Wear with Leggings’, ’$10.71 to $18.34’
’B07BB1FJV8’: ’Edna Wig Color FS4/30 - Foxy Silver Wigs Short Pixie Wispy Fringe Synthetic
Straight Layers African American Women’s Machine Wefted Lightweight Average Cap Bundle with
MaxWigs Hairloss Booklet’, ’$36.69’
’B09NNMV9LN’: ’JSPOYOU Mens Short Sleeve Crewneck 3D Graphic Tunic Shirts Big & Tall Tie Dye
Summer Top Basic Designed Classic Cotton Shirt’, ’$3.99 to $10.99’

Agent (Step 2)

<think>
From the previous observations, I conducted a search and received a list of men’s jeans that do
not match the criteria (straight leg, machine washable, men’s jeans, coal grey, and size 36w x
32l with a price lower than $80.00). The current list includes various types of pants and jeans
but does not filter the results based on the specific criteria. To find the correct product, I
need to click through the list and select the appropriate item based on the criteria.
</think>
<action>click[b07gyww3ny]</action>
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Environment (Step 3)

’Back to Search’
’< Prev’
’size’: ’32w x 30l’, ’32w x 32l’, ’34w x 30l’, ’34w x 32l’, ’36w x 30l’, ’36w x 32l’
’color’: ’charcoal dust’, ’coal grey’, ’navy’, ’overcast blue’, ’khaki’
’J. Crew - Men’s - Sutton Straight-Fit Flex Chino (Multiple Size/Color Options)’
’Price: $59.5’ [SEP] ’Rating: N.A.’, ’Description’, ’Features’, ’Reviews’
’Buy Now’.

Agent (Step 3)

<think>
From the previous observations, I have already performed a search and received a list of men’s
jeans that do not match the criteria (straight leg, machine washable, men’s jeans, coal grey, and
size 36w x 32l, with a price lower than $80.00). The current list of filters includes various
sizes and colors, but not the specific item that I need. To find the correct item, I need to click
the "coal grey" filter to narrow down the results and find the appropriate product.
</think>
<action>click[coal grey]</action>

Environment (Step 4)

’Back to Search’
’< Prev’
’size’: ’32w x 30l’, ’32w x 32l’, ’34w x 30l’, ’34w x 32l’, ’36w x 30l’, ’36w x 32l’
’color’: ’charcoal dust’, ’coal grey’, ’navy’, ’overcast blue’, ’khaki’
’J. Crew - Men’s - Sutton Straight-Fit Flex Chino (Multiple Size/Color Options)’
’Price: $59.5’ [SEP] ’Rating: N.A.’, ’Description’, ’Features’, ’Reviews’
’Buy Now’.

Agent (Step 4)

<think>
From the previous observations, I have already selected the color c̈oal greyf̈or the men’s jeans.
The next step is to find the correct size, which should be "36w x 32l" based on the requirements.
To do this, I need to click the corresponding size option on the page.
</think>
<action>click[36w x 32l]</action>

Environment (Step 5)

’Back to Search’
’< Prev’
’size’: ’32w x 30l’, ’32w x 32l’, ’34w x 30l’, ’34w x 32l’, ’36w x 30l’, ’36w x 32l’
’color’: ’charcoal dust’, ’coal grey’, ’navy’, ’overcast blue’, ’khaki’
’J. Crew - Men’s - Sutton Straight-Fit Flex Chino (Multiple Size/Color Options)’
’Price: $59.5’ [SEP] ’Rating: N.A.’, ’Description’, ’Features’, ’Reviews’
’Buy Now’.

Agent (Step 5)

<think>
From the previous observations, I have already selected the correct color (coal grey) and size
(36w x 32l) for the men’s jeans. The next step is to verify the price to ensure it is lower than
$80.00. However, the price is currently displayed as $59.5, which is well below the threshold.
Therefore, the next action is to click the "Buy Now" button to proceed with the purchase.
</think>
<action>click[buy now]</action>
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F.3 RAG

Environment (Step 1)

Are Fir and Asystasia both coniferous trees?

Agent (Step 1)

<think>
To answer this question, I need to determine if Fir and Asystasia are both coniferous trees. Fir
is indeed a coniferous tree. However, I need to check the nature of Asystasia to be sure.
</think>
<search>what type of plant is Asystasia</search>

Environment (Step 2)

<information> {"result": "Doc 1: "Asystasia gangetica" Asystasia gangetica Asystasia gangetica is
a species of plant in the Acanthaceae family. It is commonly known as the Chinese violet,
coromandel or creeping foxglove. In South Africa this plant may simply be called asystasia. This
plant is a spreading herb or groundcover, reaching 600 mm in height or up to 1 m if supported. The
stems root easily at the nodes. The leaves are simple and opposite. The fruit is an explosive
capsule which starts out green in colour, but dries to brown after opening. Widespread throughout
the Old World Tropics, and introduced into tropical Americas and Hawaii, where Doc 2: "Asystasia
alba" Asystasia alba Asystasia alba is a species of tropical herb in the Acanthaceae family. It
is endemic to Christmas Island, an Australian territory in the north-eastern Indian Ocean. Its
specific epithet comes from the Latin "alba" (white), referring to the colour of its flowers.
"Asystasia alba" is an erect woody herb, growing to 0.5–0.75 m in height. Its 30–140 mm long
leaves are ovate, acuminate or acute, pale green in colour and usually bristly when young. The
inflorescence is 60–80 mm long, the flowers single or occasionally paired, the bracts and
bracteoles about 2 mm long and the pedicels 1.5–3 Doc 3: "Asystasia alba" mm long. The corolla is
white or violet, and the tube 14–18 mm long. The capsule is usually 2-seeded and about 26 mm long.
The seeds are 4 mm long. "Asystasia alba" is a variable species; it forms part of a species
complex that includes "A. australasica" and "A. oppositiflora", but differs from both of them in
having single flowers at each axil. Found only on Christmas Island, the plant occurs in cleared
areas on the island’s terraces up to about 200 m above sea level. Asystasia alba Asystasia alba
is a species of tropical herb in the Acanthaceae family."}<information>

Agent (Step 2)

<think>
From the information provided, Asystasia is not a coniferous tree. It belongs to the Acanthaceae
family and is described as a herb or groundcover. Now, I need to find information about Fir trees
to compare.
</think>
<search>what type of tree is Fir<search>
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Environment (Step 3)

<information> {"result": "Doc 1: Fir. Fir Firs (Abies) are a genus of 48–56 species of evergreen
coniferous trees in the family Pinaceae. They are found through much of North and Central America,
Europe, Asia, and North Africa, occurring in mountains over most of the range. Firs are most
closely related to the genus "Cedrus" (cedar). Douglas firs are not true firs, being of the genus
"Pseudotsuga". They are large trees, reaching heights of tall with trunk diameters of when mature.
Firs can be distinguished from other members of the pine family by the way in which their
needle-like leaves are attached singly to the branches Doc 2: Fir species, including "Chionodes
abella" (recorded on white fir), autumnal moth, conifer swift (a pest of balsam fir), the
engrailed, grey pug, mottled umber, pine beauty and the tortrix moths "Cydia illutana" (whose
caterpillars are recorded to feed on European silver fir cone scales) and "C. duplicana" (on
European silver fir bark around injuries or canker). "Abies spectabilis" or Talispatra is used in
Ayurveda as an antitussive (cough suppressant) drug. Philips, Roger. "Trees of North America and
Europe", Random House, Inc., New York , 1979. Fir Firs (Abies) are a genus of 48–56 species of
evergreen coniferous trees in the family Doc 3: "Fir wave" Fir wave A fir wave is a set of
alternating bands of fir trees in sequential stages of development, observed in forests on
exposed mountain slopes in several areas, including northeastern North America and Japan. Fir
waves develop by wave-regeneration following wind disturbance, and is one of various types of
patterned vegetation. Fir waves form by the ecological process of wave-regeneration. When a tree
falls, a gap in the canopy is formed. This exposes trees at the leeward edge of the gap to greater
wind. These trees are thus more likely to die from damage and desiccation than windward
trees."}<information>

Agent (Step 3)

<think>
From the information provided in the previous steps, we know:- Asystasia is a genus of plants in
the family Acanthaceae. It is not a coniferous tree, but a herb or groundcover. Fir (Abies) is a
genus of evergreen coniferous trees in the family Pinaceae. It is a coniferous tree.Therefore,
Fir is a coniferous tree, but Asystasia is not.
</think>
<answer>No</answer>
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