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Abstract

Reinforcement Learning (RL) has empowered
Large Language Model (LLM) agents to tackle
long-horizon tasks through multi-step interac-
tions with the environment. However, current
LLM agents still rely on inefficient trial-and-
error exploration, leading to frequent task fail-
ures and redundant actions. In this paper, we
propose MetaAct, an RL framework that incor-
porates a set of high-level meta-actions to ex-
plicitly guide the agent towards promising tra-
jectories and facilitate goal-aware exploration.
Specifically, the agent is required to predict one
of four meta-actions (FOCUS, GUESS, RESUME,
UNDO) to constrain the direction of its subse-
quent actions to minimize unproductive trials.
More importantly, we employ group-based RL
with episode-level and step-level advantages
to fine-tune the agent, enabling it to identify
strategic directions more accurately and gen-
erate effective task-specific actions. Experi-
mental results demonstrate that our method
consistently outperforms the state-of-the-art ap-
proaches on ALFWorld and WebShop, achiev-
ing higher success rates with fewer steps. Our
code and data are publicly available at https:
//github.com/HavenTong/MetaAct.

1 Introduction

Building autonomous agents (Russell and Norvig,
1995; Franklin and Graesser, 1996) that accom-
plish goals without human intervention is a core
objective of Artificial General Intelligence (AGI).
Recent advances in Large Language Models
(LLMs) (Jaech et al., 2024; Guo et al., 2025)
have unlocked their remarkable reasoning capa-
bilities, extending from single-step reasoning (Wei
et al., 2022) to multi-step decision-making. Con-
sequently, LLM-powered autonomous agents are
being applied to a wide range of domains, includ-
ing web navigation (Zheng et al., 2024; Zhou et al.,
2024a), coding (Trivedi et al., 2024; Wei et al.,
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Figure 1: The comparison between ReAct, Plan-and-
Execute and MetaAct (ours).

2026) and scientific discovery (Chen et al., 2025;
Lou et al., 2025), posing the challenge of solving
long-horizon tasks through multi-step interactions
with real-world environments.

To tackle such tasks, existing approaches pro-
pose various prompting paradiagms, such as Re-
Act (Yao et al., 2023) and Reflexion (Shinn et al.,
2023), to encourage LLM agents to reason and
reflect using environmental feedback. Further stud-
ies augment agents with planning (Erdogan et al.,
2025), searching (Li et al., 2025b) and memory (Xu
et al., 2026) to facilitate reasoning during multi-
step decision-making. However, static prompts and
hand-crafted workflows often lead to low success
rates in real-world, long-horizon settings. Recent
works adopt Reinforcement Learning (RL) (Wang
et al., 2025; Feng et al., 2025; Kalyan and Andrews,
2025) to train LLM agents through direct interac-
tion with the environment, enabling adaptation to
dynamic environments. However, they still rely
on inefficient trial-and-error exploration, leading to
frequent task failures, redundant actions, and low
adaptivity on unseen tasks and environments.

We argue that current LLM agents lack ex-
plicit goal awareness, which limits their ability
to identify promising directions towards task com-
pletion. To overcome this limitation, inspired by
Meta-Planning (Stefik, 1981), we introduce four
meta-actions (FOCUS, GUESS, RESUME, UNDO), a set
of high-level logical actions governing the strategic
direction of subsequent task-specific actions. Their
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Meta-action When to use Content

FOCUS You are on a deterministic path. Take a logically determined action with no uncertainty.

GUESS It is insufficient to determine a unique action. Make a heuristic choice to explore or try a plausible path.

RESUME A previously paused sub-goal becomes feasible after acquiring new information. Continue the previously paused sub-goal.

UNDO You detect a conflict, mistake, or dead end. Backtrack to correct errors or escape the dead end.

Table 1: The illustrations of four meta-actions.

definitions are in Table 1. Consider the household
task of "putting a cooled cup in the cabinet". FOCUS
applies when the next action is logically determin-
istic ("You arrive at a cabinet with a cooled cup.").
GUESS triggers when it is insufficient to determine a
unique action ("The cup might be located on a coun-
tertop, shelf, or table."). RESUME applies when a
previously paused sub-goal becomes feasible after
acquiring new information ("Now you have found
a cup and should begin to find a way to cool it.").
UNDO triggers when there is a conflict, mistake, or
dead-end ("There is no cup on any table, but you
keep finding a cup on a table."). According to Ste-
fik (1981), they form a minimal and functionally
orthogonal set that covers all fundamental planning
states via two complementary cycles: A determinis-
tic cycle (FOCUS, RESUME) and an exploratory cycle
(GUESS, UNDO). By identifying one of these meta-
actions prior to task-specific actions, as illustrated
in Figure 1, it encourages goal-aware exploration
with stronger strategic foresight than ReAct agents.
Unlike Plan-and-Execute agents that decouple plan-
ning from execution and often produce ungrounded
plans, it flexibly adjusts the direction of subsequent
actions during long-horizon tasks.

In this paper, we propose MetaAct, an RL frame-
work that incorporates a set of meta-actions to ex-
plicitly guide LLM agents towards promising tra-
jectories and facilitate goal-aware exploration. It
consists of an LLM agent guided by meta-actions
and a group-based RL algorithm with two-level
advantage estimation to fine-tune the agent. Specif-
ically, we augment the LLM agents with four meta-
actions (FOCUS, GUESS, RESUME, UNDO) to direct
subsequent task-specific actions. Given a task
that requires multi-step interactions with the en-
vironment, for each time step, the agent first iden-
tifies one of the four meta-actions based on the
current state and task description, and then gener-
ates the task-specific action guided by this meta-
action. Upon executing the action, the environment
returns the reward and next state. The process con-
tinues until the task is completed or the maximum

episode budget is reached. More importantly, we
fine-tune the agent through group-based RL with
episode-level and step-level advantages. Specifi-
cally, we roll out multiple episodes based on the
same task description and initial state to form an
episode group. Then we estimate the episode-level
advantage through group normalization to measure
trajectory quality. Furthermore, we construct step-
level groups by clustering the meta-actions and
actions taken under the same state, and estimate
their step-level advantages to capture their contri-
bution to task completion. Finally, we combine the
two-level advantages for policy optimization.

Our contributions are summarized as follows:

• We propose a novel LLM agent framework
that leverages high-level meta-actions for
goal-aware exploration in long-horizon tasks.
The characteristic of our framework is that it
requires the agent to identify its meta-action
prior to task-specific action, constraining its
direction towards promising trajectories.

• We propose a group-based RL algorithm with
episode-level and step-level advantages to
fine-tune the LLM agent with meta-actions,
enabling it to identify strategic directions and
generate effective task-specific actions.

• We conduct extensive experiments on two
challenging benchmarks. Experimental re-
sults demonstrate that our method consistently
outperforms the state-of-the-art approaches.
Further analysis reveals that our framework
ensures smart exploration, achieving higher
success rates with fewer steps.

2 Related Work

Large Language Model Agents. Large Lan-
guage Models (LLMs) have evolved from single-
step reasoning (Wei et al., 2022) to agents that in-
teract with external tools and environments (Schick
et al., 2023), enabling applications in scientific re-
search (Hubert et al., 2026; Li et al., 2025b), cod-
ing (Zhang et al., 2024), and simulation (Wang
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et al., 2024; Xi et al., 2025; Ye et al., 2025). Most
existing LLM agents rely on prompting paradigms
such as ReAct (Yao et al., 2023) and Reflex-
ion (Shinn et al., 2023), often enhanced with plan-
ning and memory modules to handle more complex
tasks (Li et al., 2025a; Xu et al., 2026). Recent
studies further extend single agent to multi-agent
systems, where multiple agents collaborate on tasks
(Qian et al., 2025; Bo et al., 2024). Despite these
advances, agents built on static prompts and pre-
defined workflows remain brittle in long-horizon
tasks with only partial observation. They often gen-
eralize poorly to unseen scenarios, leading to error
accumulation and low success rates. To address
this limitation, many studies adopt Reinforcement
Learning (RL) (Sutton and Barto, 2018) to train
robust agents for multi-step interactions.

Reinforcement Learning for LLM Agents. Ap-
plying RL to LLM agents for multi-step tasks in-
troduces unique challenges (Zhang et al., 2025,
2026). Recent works primarily address the sparse
and delayed rewards inherent in long-horizon prob-
lems and propose strategies for fine-grained credit
assignment. These include designing reasoning-
aware reward functions (RAGEN) (Wang et al.,
2025), shaping rewards at the step level (Zeng
et al., 2025), inferring implicit process rewards
without explicit labels (Liu et al., 2026), and es-
timating hierarchical advantages (GiGPO) (Feng
et al., 2025). Concurrently, another line of research
aims to improve training efficiency and stability
through hierarchical RL (Zhou et al., 2024b; Peng
et al., 2026), flow-based optimization (Li et al.,
2026) that makes on-policy training more tractable,
and Meta-RL for rapid in-context adaptation across
episodes (Jiang et al., 2026). The growth of this
subfield is further supported by newly emerged
training frameworks and practical guides (Wang
and Ammanabrolu, 2025; Cheng et al., 2025; Xi
et al., 2026). However, despite these advances in re-
ward engineering and training algorithms, a critical
challenge remains largely unresolved: inefficient
exploration. Current LLM agents still exhibit trial-
and-error exploration over long horizons, leading
to repetitive action loops and task failures.

3 Overview

In this section, we first formalize the setting where
an LLM agent interacts with the environment to
complete a task. Then we overview our framework
MetaAct, which is illustrated in Figure 2.

3.1 Problem Formulation

Given a task description x ∈ X , the goal of the
LLM agent π is to interact with the environment
over multiple steps to complete the task. Specif-
ically, for each time step t ∈ {1, 2, ..., T}, the
agent receives an observation st ∈ S from the
environment and generates an action at ∈ Vn,
where S denotes the state space, V denotes the
vocabulary space of the LLM and n denotes the
sequence length. The behaviour of the LLM agent
πθ(at|st,x) is modeled by a probability distribu-
tion over outputs conditioned on the state st and
the task description x, parameterized by θ. Upon
executing the action at, the environment returns
a scalar reward rt and the next state st+1. Conse-
quently, an episode is represented by the trajectory
τ = {(st,at, rt)}Tt=1. In practice, the environment
may provide sparse, delayed rewards at the end of
the episode to indicate task success or weak process
rewards in the intermediate time steps.

3.2 Framework

Our framework consists of an LLM agent guided
by meta-actions and a group-based RL algorithm
with two-level advantages for fine-tuning. Given
a task description x ∈ X , we augment the agent
with four meta-actions (FOCUS, GUESS, RESUME,
UNDO). For each time step t ∈ {1, 2, ..., T}, the
agent first produces one of four meta-actions mt

based on the current state st and task descrip-
tion x, and then generates a task-specific action
at guided by mt. Upon executing at, the en-
vironment yields a reward rt and the next state
st+1. An episode is represented by the trajec-
tory τ = {(st,mt,at, rt)}Tt=1. We further fine-
tune the agent through group-based RL using both
episode-level and step-level advantages. Specifi-
cally, we roll out the agent πθ for N times with the
same task description x and initial state s1, yield-
ing N trajectories {τ (i)}Ni=1, along with their re-
turns {R(τ (i))}Ni=1. Consequently, we estimate the
episode-level advantages {AE(τ (i))}Ni=1 through
group normalization. We further perform anchor
state grouping following Feng et al. (2025) to clus-
ter the meta-actions and actions under the same
state s̃, respectively. This enables the estimation of
the step-level advantages AS(m

(i)
t ) and AS(a

(i)
t )

for meta-actions and actions through group normal-
ization. Finally, we combine two-level advantages
through weighted sum and use the aggregated ad-
vantage for policy optimization of the LLM agent.
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Figure 2: The overview of MetaAct. It consists of an LLM agent guided by meta-actions (left) and the group-based
RL algorithm that fine-tunes the agent with both episode-level and step-level advantages (right).

4 Methodology

In this section, we detail our framework, including
the LLM agent guided by meta-actions and the RL
algorithm with two-level advantages.

4.1 LLM Agent Guided by Meta-Actions

The goal of the LLM agent guided by meta-actions
is to complete multi-step tasks through goal-aware
exploration. Current LLM agents often exhibit trial-
and-error exploration, leading to task failures and
redundant actions. To overcome this limitation, we
propose that the agent generates one of four meta-
actions (FOCUS, GUESS, RESUME, UNDO) prior
to each task-specific action, guiding the agent to-
wards promising trajectories. Specifically, given
the task description x ∈ X , for each time step
t ∈ {1, 2, ..., T}, the LLM agent πθ first gener-
ates the meta-action mt based on the current state
st and task description x, i.e., mt = πθ(·|st,x).
Next, the agent generates the task-specific action
at guided by mt based on st and x, i.e., at =
πθ(·|mt, st,x). After executing at in the environ-
ment, the agent receives a reward rt and the next
state st+1. Ultimately, an episode is represented
by the trajectory τ = {(st,mt,at, rt)}Tt=1. The
prompts for the agent are illustrated in Appendix B.

4.2 RL for LLM Agent with Meta-Actions

The goal of fine-tuning the LLM agent with meta-
actions is to enable it to identify the promising
directions toward the goal from the current state

and generate effective, task-specific actions to com-
plete long-horizon tasks. Existing group-based RL
algorithms such as GRPO (Shao et al., 2024) and
RLOO (Ahmadian et al., 2024) assign a uniform
episode-level advantage to all steps, failing to dis-
tinguish effective actions from ineffective ones and
thus limiting performance on long-horizon tasks.
Therefore, inspired by GiGPO (Feng et al., 2025),
we incorporate two levels of advantages: (1) an
episode-level advantage computed from a group of
complete trajectories to measure overall trajectory
quality; (2) a step-level advantage computed from
a group of meta-actions or actions under the same
state to capture their individual effectiveness. In
the following sections, we first detail the episode-
level advantage and the step-level advantage with
the anchor state grouping mechanism, followed by
the policy optimization of the LLM agent.

Episode-level Advantage. The goal of the
episode-level advantage is to provide a global train-
ing signal that indicates whether the task is success-
fully completed. Specifically, we roll out the LLM
agent for N times with the same task description x
and initial state s1, yielding N complete trajecto-
ries {τ (i)}Ni=1. For each trajectory τ (i), we define
its return as R(τ (i)) =

∑︁
t r

(i)
t , where r(i)t denotes

the reward rt in trajectory τ (i). In practice, the
environment may only provide a sparse reward at
the end of each episode to indicate whether the task
is successfully completed. Therefore, a successful
trajectory τ (i) has a return of R(τ (i)) = 1, while
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a failed trajectory has R(τ (i)) = 0. Consequently,
we organize the above N rollouts along with their
returns into a group GE described in equation (1):

GE = {(τ (i), R(τ (i)))}Ni=1 (1)

Within GE , we compute the episode-level advan-
tage AE(τ (i)) of each trajectory τ (i) using group
normalization, which is described in equation (2):

AE(τ (i)) =
R(τ (i))− mean({R(τ (j))}Nj=1)

Fnorm({R(τ (j))}Nj=1)
(2)

where mean(·) is the arithmetic mean and Fnorm(·)
is the normalization factor. Although GRPO (Shao
et al., 2024) defines this factor as the standard
deviation (Fnorm = std), recent work (Liu et al.,
2025) shows that it may cause the trajectories in
a low-variance group (e.g., all trajectories are suc-
cessful or failed) to receive higher weights dur-
ing policy updates, leading to biased advantage
estimation and unstable training. Therefore, we
adopt both Fnorm = std and Fnorm = 1 following
GiGPO (Feng et al., 2025), and compare their per-
formance in Section 5.2.

Step-level Advantage. The goal of the step-level
advantage is to provide a fine-grained training sig-
nal that indicates which meta-actions guide to-
wards promising trajectories and which actions con-
tribute to successful outcomes. To achieve this, we
build step-level groups to estimate advantages of
meta-actions and actions. Since all N trajectories
{τ (i)}Ni=1 are rolled out from the same task descrip-
tion and initial state, there are many shared states
across trajectories or even within a single trajectory.
Therefore, we follow GiGPO (Feng et al., 2025)
and adopt an anchor state grouping strategy that
groups the meta-actions and actions under the same
state. Specifically, we first collect all the unique
states that appear in the N trajectories to form the
state set U = {s̃i}Ui=1. Then we treat each s̃ ∈ U
as the "anchor state" to group the meta-actions
and actions with corresponding rewards under s̃,
as described in equation (3) and (4):

GM (s̃) =
{︂
(m

(i)
t , r

(i)
t )

⃓⃓
⃓ s

(i)
t =s̃,

i∈[1,N ],t∈[1,T ]

}︂
(3)

GA(s̃) =
{︂
(a

(i)
t , r

(i)
t )

⃓⃓
⃓ s

(i)
t =s̃,

i∈[1,N ],t∈[1,T ]

}︂
(4)

where GM (s̃) and GA(s̃) denote the groups of
meta-action and action under s̃, respectively.

However, real-world environment may only pro-
vide a sparse reward at the end of each episode,
i.e., r(i)t = 0 for intermediate steps. To mitigate

this sparsity and capture the long-term effects of
both meta-actions and actions, we compute their
discounted returns instead. Specifically, since meta-
actions and actions are generated alternatively, i.e.,
{m1,a1,m2,a2, ...,mT ,aT }, we compute their
discounted returns following equation (5) and (6):

R(m
(i)
t ) = γR(a

(i)
t ) (5)

R(a
(i)
t ) = r

(i)
t + γR(m

(i)
t+1), R(a

(i)
T ) = r

(i)
T (6)

where R(m
(i)
t ) and R(a

(i)
t ) denote the discounted

returns of the meta-action m
(i)
t and action a

(i)
t ,

respectively. γ ∈ (0, 1] is the discount factor. Con-
sequently, the step-level groups of meta-action and
action are described in equation (7) and (8):

GM (s̃) =
{︂
(m

(i)
t , R(m

(i)
t ))

⃓⃓
⃓ s

(i)
t =s̃,

i∈[1,N ],t∈[1,T ]

}︂
(7)

GA(s̃) =
{︂
(a

(i)
t , R(a

(i)
t ))

⃓⃓
⃓ s

(i)
t =s̃,

i∈[1,N ],t∈[1,T ]

}︂
(8)

Eventually, for each s̃ ∈ U , we compute the
step-level advantages of meta-action AS(m

(i)
t ) and

action AS(a
(i)
t ) within GM (s̃) and GA(s̃), respec-

tively, which is described in equation (9) and (10):

A
S
(m

(i)
t ) =

R(m
(i)
t ) − mean({R(m

(j)
t ) | (m(j)

t , R) ∈ GM (s̃)})
Fnorm({R(m

(j)
t ) | (m(j)

t , R) ∈ GM (s̃)})
(9)

A
S
(a

(i)
t ) =

R(a
(i)
t ) − mean({R(a

(j)
t ) | (a(j)

t , R) ∈ GA(s̃)})
Fnorm({R(a

(j)
t ) | (a(j)

t , R) ∈ GA(s̃)})
(10)

In this way, we evaluate meta-actions and actions
within GM (s̃) and GA(s̃) using their respective
step-level advantages, AS(m

(i)
t ) and AS(a

(i)
t ).

Policy Optimization for LLM Agent. The goal
of policy optimization is to incorporate episode-
level and step-level advantages to update the pol-
icy πθ of the LLM agent guided by meta-actions,
maximizing its expected returns. Specifically, we
aggregate two-level advantages through a weighted
sum, which is described in equation (11) and (12):

A(m
(i)
t ) = AE(τ (i)) + ωMAS(m

(i)
t ) (11)

A(a
(i)
t ) = AE(τ (i)) + ωAAS(a

(i)
t ) (12)

where A(m
(i)
t ) and A(a

(i)
t ) represent the final ad-

vantages of the meta-action m
(i)
t and action a

(i)
t ,

respectively. ωM ∈ R+ and ωA ∈ R+ denote the
weighting coefficients between the episode-level
and step-level advantages of m(i)

t and a
(i)
t , respec-

tively. Consequently, we optimize the policy πθ
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of the agent using a clipped policy optimization
objective described in equation (13):

J (θ) = E x∼X
{τ (i)}Ni=1∼πθold[︄
1

2NT

N∑︂

i=1

T∑︂

t=1

(︂
Lclip(m

(i)
t ) + Lclip(a

(i)
t )

)︂]︄

− βDKL (πθ(· | x) ∥ πref(· | x))

(13)

where πθold denotes the old policy, DKL(· ∥ ·) de-
notes the KL penalty term that keeps the policy πθ
from drifting too far from a reference policy πref,
and β is the coefficient that controls the strength of
penalty. The clipping loss items Lclip(m

(i)
t ) and

Lclip(a
(i)
t ) are described in equation (14) and (15):

Lclip(m
(i)
t ) = min

(︂
ρθ(m

(i)
t )A(m

(i)
t ),

clip
(︁
ρθ(m

(i)
t ), 1± ϵ

)︁
A(m

(i)
t )

)︂

(14)

Lclip(a
(i)
t ) = min

(︂
ρθ(a

(i)
t )A(a

(i)
t ),

clip
(︁
ρθ(a

(i)
t ), 1± ϵ

)︁
A(a

(i)
t )

)︂
(15)

where ρθ(m
(i)
t ) =

πθ(m
(i)
t |s(i)t ,x)

πθold (m
(i)
t |s(i)t ,x)

and ρθ(a
(i)
t ) =

πθ(a
(i)
t |m(i)

t ,s
(i)
t ,x)

πθold (a
(i)
t |m(i)

t ,s
(i)
t ,x)

denote the importance sam-

pling ratio of m(i)
t and a

(i)
t , respectively. clip(·, ·)

is the clipping function and ϵ is the clipping hyper-
parameter indicating how far new policy is allowed
to go from the old. Consequently, we optimize
the parameters θ of the LLM agent πθ, aiming to
maximize its policy optimization objective J (θ).

5 Experiments

5.1 Experimental Setup
Benchmarks. We conduct experiments on two
challenging benchmarks that require multi-step
decision-making in an environment: ALF-
World (Shridhar et al., 2021) and WebShop (Yao
et al., 2022). ALFWorld is a text-based embodied
environment for household tasks, where the agent
must interact with the environment over multiple
steps to complete them. It consists of six core
task types: pick and place (Pick), examine in light
(Look), clean and place (Clean), heat and place
(Heat), cool and place (Cool), and pick two and
place (Pick2). ALFWorld provides a binary reward
∈ {0, 1} to indicate task success. WebShop is a
web-based environment where the agent must nav-
igate a simulated shopping website to locate and

purchase specific items. It provides a dense reward
∈ [0, 1] based on progress, and a task is considered
successful only if the reward reaches 1. The statis-
tics of the benchmarks are shown in Appendix A.1.

Baselines. We compare our method against three
categories of baselines: (1) Closed-source LLMs,
including GPT-4o (Achiam et al., 2023) and
Gemini-2.5-Pro (Team et al., 2023). (2) Prompting-
based methods, which design advanced strategies
to prompt the LLMs to interact with the environ-
ments without parameter updates, including Zero-
Shot, ReAct (Yao et al., 2023) and Reflexion (Shinn
et al., 2023). (3) RL-based methods, which adopt
RL algorithm to fine-tune the LLM agent through
environment feedback, including PPO (Schulman
et al., 2017), RLOO (Ahmadian et al., 2024),
GRPO (Shao et al., 2024) and GiGPO (Feng et al.,
2025) (the state-of-the-art RL-based method).

Implementation Details. We adopt Qwen2.5-
7B-Instruct (Yang et al., 2024) as our backbone.
For RL training, we set the temperature to 1.0,
group size N to 8, discount factor γ to 0.95, weight-
ing coefficients of advantages ωM and ωA both to
1.0. We adopt Fnorm = 1 unless otherwise spec-
ified. All RL-based methods are trained for 150
steps. More details are described in Appendix A.2.

Metrics. We report success rate for both bench-
marks. For WebShop, we also report the task score
provided by the environment.

5.2 Main Results

The overall performance is presented in Table 2.
We conclude that: (1) MetaAct consistently out-
performs the state-of-the-art approaches, achieving
success rates of 95.7% on ALFWorld and 79.7% on
WebShop, respectively. The improvements of 4.9%
and 4.5% over the previous best results highlight
the effectiveness of our framework. (2) MetaAct
with different Fnorm both outperform their GiGPO
counterparts , indicating its robustness to the choice
of Fnorm. (3) All RL-based methods outperform
both prompt-based methods and the state-of-the-art
closed-source LLMs. It underscores the necessity
of post-training LLM agents for long-horizon tasks.

5.3 Ablation Study

To assess the impact of key components, we con-
duct ablation studies on WebShop by removing
individual meta-actions, advantage terms and the
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Method Type ALFWorld WebShop

Pick Look Clean Heat Cool Pick2 All Score Succ.

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

Qwen2.5-7B-Instruct
Zero-shot Prompting 33.4 21.6 19.3 6.9 2.8 3.2 14.8 26.4 7.8
ReAct Prompting 48.5 35.4 34.3 13.2 18.2 17.6 31.2 46.2 19.5
Reflexion Prompting 62.0 41.6 44.9 30.9 36.3 23.8 42.7 58.1 28.8
PPO (with critic) RL Training 92.3 64.0 92.5 89.5 80.3 68.8 80.4 81.4 68.7
RLOO RL Training 87.6 78.2 87.3 81.3 71.9 48.9 75.5 80.3 65.7
GRPO RL Training 90.8 66.1 89.3 74.7 72.5 64.7 77.6 79.3 66.1
GiGPOw/ std RL Training 97.7 82.7 98.8 83.7 89.3 79.2 90.8 84.4 72.8
GiGPOw/o std RL Training 91.8 88.6 95.9 90.2 86.5 85.2 90.2 86.2 75.2
MetaActw/ std RL Training 100.0 92.3 100.0 100.0 92.0 83.3 95.0 85.8 74.2
MetaActw/o std RL Training 100.0 92.3 100.0 100.0 88.0 91.7 95.7 88.2 79.7

Table 2: Overall performance on ALFWorld and WebShop. For ALFWorld, we report success rates (%) for sub-tasks
and the overall (All) performance. For WebShop, we report the score and success rate (%). "Succ." denotes the
success rate. "w/ std" denotes Fnorm = std, and "w/o std" denotes Fnorm = 1. The best results are bold, and the
second best results are underlined.

Method Score Succ.

MetaAct 88.2 79.7

w/o FOCUS 88.8 72.7
w/o GUESS 88.0 70.3
w/o RESUME 87.6 74.2
w/o UNDO 86.4 70.3

w/o AE 88.4 73.4
w/o AS 82.1 64.1

w/o γ
(︂

i.e.,R(m
(i)
t ) = R(a

(i)
t )

)︂
87.4 71.1

Table 3: The results of ablation study on WebShop.

intra-step discount factor γ formulated in equation
(5). The results are shown in Table 3.

We conclude that: (1) Removing any meta-
action causes substantial performance drop , sug-
gesting that all meta-actions are necessary. Notably,
omitting FOCUS yields a slightly higher task score
but a lower success rate. We suppose that the rea-
son is that FOCUS helps the agent shift from explo-
ration to exploitation. Without it, the agent keeps
exploring without leveraging valuable information,
resulting in higher progress rewards without com-
pleting the task. (2) Removing either advantage
term decreases the performance, proving that train-
ing LLM agents with meta-actions requires both
the trajectory-level signals for global supervision
and the step-level signals for intermediate guid-
ance. (3) Eliminating γ between meta-action and
action under the same step leads to performance
drop, suggesting the effectiveness of decoupling
strategic intent from low-level execution.

Method In-Distribution Out-of-Distribution

GiGPO 90.8 86.6
MetaAct 95.7 94.0

Table 4: The success rates (%) on in-distribution and
out-of-distribution tasks in ALFWorld.

5.4 Analysis

MetaAct generalizes better on unseen tasks. To
assess whether MetaAct achieves stronger general-
ization through smarter exploration, we compare
the success rates of MetaAct and GiGPO (Feng
et al., 2025) on the out-of-distribution test set of
ALFWorld in Table 4. Our method outperforms
GiGPO with a 7.4% higher success rate on un-
seen tasks, indicating superior generalization. No-
tably, MetaAct yields only a 1.7% performance
drop when transitioning from seen to unseen tasks,
while GiGPO shows a 4.2% decrease. This further
demonstrates that MetaAct learns an exploration
strategy that is decoupled from specific tasks, en-
abling it to generalize effectively to unseen tasks.

MetaAct boosts success rates with fewer steps.
In this section, we further investigate how MetaAct
exhibits smart exploration and reduces unproduc-
tive trials. Specifically, we first categorize the
tasks in ALFWorld into three difficulty levels: easy,
medium, and hard, based on the number of steps
GiGPO takes to complete them. Easy tasks are
within 5 steps, medium tasks between 5 and 15
steps, and hard tasks require more than 15 steps.
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Figure 3: The success rates (Succ.) and average num-
ber of steps taken in the tasks in ALFWorld across all
difficulty levels. The easy, medium and hard tasks refer
to the tasks that are completed within 5 steps, between
5 and 15 steps and more than 15 steps, respectively. A
step refers to an interaction with the environment.

Then we compare the success rates of MetaAct and
GiGPO, along with the average number of steps on
the tasks that are successfully completed by both
methods. The results are illustrated in Figure 3.

We conclude that: (1) MetaAct significantly out-
performs GiGPO in success rates on hard tasks
under both in-distribution and out-of-distribution
settings, with relative improvements of 54.5% and
43.5%. This suggests that our method effectively
facilitates smart exploration to solve more chal-
lenging tasks. (2) MetaAct consistently requires
fewer steps to complete tasks across all difficulty
levels under both settings. This indicates that our
method learns a goal-aware exploration strategy
that generalizes well to both unseen tasks and vary-
ing difficulties. (3) MetaAct substantially reduces
the number of steps on hard tasks, yielding rela-
tive improvements of 55.9% and 51.7% under both
settings. This highlights that our method not only
achieves higher success rates on hard tasks but also
omits many unnecessary trials. Consequently, the
agent navigates towards promising trajectories and
avoids repetitive loops during long-horizon tasks.

Although MetaAct substantially reduces environ-
mental interactions, it incurs additional computa-
tional overhead due to meta-action prediction. To
measure this overhead, we compare the average
token consumption of MetaAct and GiGPO on hard
ALFWorld tasks (completed with more than 15
steps), following the setup in Figure 3. Detailed
results are reported in Appendix A.3. Despite its
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Figure 4: The performance comparison on ALFWorld
and WebShop over the first 60 training steps.

FOCUS GUESS RESUME UNDO

Avg. step index 6.8 4.4 3.2 2.7

Table 5: The average step index at which each meta-
action is triggered on in-distribution ALFWorld tasks.

higher token consumption, MetaAct will reduce
end-to-end latency in real-world scenarios, where
environmental interactions, such as tool calls and
web searches, typically dominate execution time.

MetaAct performs better in fewer training steps.
To investigate whether goal-aware exploration en-
hanced by MetaAct further improves sample effi-
ciency in RL training, we compare the performance
of MetaAct and GiGPO on the validation sets of
ALFWorld and WebShop within the first 60 train-
ing steps in Figure 4. We conclude that MetaAct
consistently outperforms GiGPO with fewer train-
ing steps. On ALFWorld, MetaAct surpasses a
success rate of 80% in 30 training steps, achiev-
ing nearly 10% absolute improvement over GiGPO.
A similar trend is also shown on WebShop. Al-
though MetaAct reaches performance comparable
to GiGPO at 60 training steps on WebShop, it still
outperforms GiGPO after 150 training steps, as re-
ported in Table 2. These highlight that MetaAct sub-
stantially improves sample efficiency in RL train-
ing, which is critical for training LLM agents in
real-world environments where training samples
are extremely difficult to acquire.

Analysis of Meta-Action Usage. We provide a
comprehensive analysis of meta-action usage on
the in-distribution test set of ALFWorld to demon-
strate their learned behaviors.

First, we assess the validity of meta-actions and
find that 99.7% of predictions produce one of four
valid meta-actions, indicating that the agent reliably
learns the meta-action space. Second, we report the
average step index where each meta-action is trig-
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gered in Table 5. It reveals a consistent behavioral
pattern of "GUESS → UNDO/RESUME → GUESS →
FOCUS", where the agent first gathers information
and recovers from mistakes in the early stages and
then switches to deterministic execution. Finally,
we cluster the actions associated with each meta-
action and find that only "FOCUS" is associated with
task-completing actions such as "move", "clean"
and "heat", while the others mostly involve inter-
mediate actions such as "go", "take" and "open".
These findings provide empirical evidence that the
learned meta-actions exhibit meaningful behaviors.

Analysis of Hyperparameters. To prove the ro-
bustness of MetaAct to hyperparameters, we com-
pare its performance against GiGPO across varying
group sizes. More details are in Appendix A.4.

Case Study. We present qualitative examples to
intuitively illustrate the goal-aware exploration of
MetaAct in Appendix A.5.

6 Conclusion

In this paper, we propose MetaAct, an RL frame-
work that incorporates four meta-actions (FOCUS,
GUESS, RESUME, UNDO) to explicitly guide LLM
agents towards promising trajectories through goal-
aware exploration. It consists of an LLM agent
augmented with meta-actions and a group-based
RL algorithm to fine-tune the agent with two-level
advantages. Specifically, the agent identifies one of
four meta-actions to constrain the directions of its
subsequent actions. More importantly, we fine-tune
the agent with group-based RL using episode-level
advantages that capture trajectory quality and step-
level advantages that measure the contribution of
each meta-action and action to task completion. Ex-
perimental results demonstrate that our method con-
sistently outperforms state-of-the-art approaches,
achieving higher success rates with fewer steps.

Limitations

Despite outperforming existing baselines, this work
has several limitations. First, our framework adopts
Qwen2.5-7B-Instruct as the backbone of the LLM
agent with meta-actions. Future work could further
reveal its potential by investigating other model ar-
chitectures and scales. Second, requiring the agent
to predict a meta-action prior to task-specific action
introduces additional computational overhead, even
though it achieves higher success rates with fewer

environmental interactions. Future work could de-
velop more advanced reasoning paradigms that in-
tegrate goal-aware exploration into the model’s rea-
soning process, eliminating the need for explicit
meta-action prediction. Finally, the step-level ad-
vantage in RL training of our framework relies on
the anchor state grouping strategy that discovers
identical states across trajectories, which is chal-
lenging in complex and noisy real-world environ-
ments. Future work could investigate more robust
state grouping mechanisms to enable accurate ad-
vantage estimation under such conditions.

Ethical Considerations

In this paper, we aim to improve the goal-awareness
of LLM agents and facilitate smart exploration dur-
ing long-horizon tasks. Regarding transparency
and fairness, all data sources used in our evaluation
are publicly available, contain no personally iden-
tifiable information, and introduce no offensive or
biased content at the data level. While there are
many potential societal consequences of our work,
none we feel must be specifically highlighted here.
Furthermore, this research does not raise immedi-
ate ethical considerations regarding potential risks
and does not involve human subjects.
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A Experimental Details

A.1 The Statistics of Benchmarks
We conduct experiments on ALFWorld and Web-
Shop and report their statistics in Table 6.

A.2 Training Details
Hyperparameters for ALFWorld. All experi-
ments are conducted under identical hyperparam-
eter settings. The maximum prompt and response
lengths are set to 4096 and 1024 tokens, respec-
tively. Each episode is limited to a maximum of 50
steps, with each step comprising one meta-action
and one action. We set the actor’s learning rate to
1e-6 and the critic’s to 1e-5 (only for PPO). We
employ a rule-based reward function that grants
10 for task success, 0 for failure, and a penalty of
−0.5 for invalid actions. All group-based RL meth-
ods utilize a group size of 8 and sample 16 groups
per rollout, totaling 16 × 8 = 128 parallel envi-
ronments. During training rollouts, the sampling
temperature is set to 1.0. For validation, we use
a temperature of 0.7, with top-p sampling at 0.8
and top-k at 20. The mini-batch size is 256. For
GiGPO, the weighting coefficient ω is set to 1.0.
For MetaAct, ωM and ωA are both set to 1.0.

Hyperparameters for WebShop. All experi-
ments are conducted under identical hyperparam-
eter settings. The maximum prompt and response
lengths are set to 8192 and 1024 tokens, respec-
tively. Each episode is limited to a maximum of 15
steps, with each step comprising one meta-action
and one action. We set the actor’s learning rate to
1e-6 and the critic’s to 1e-5 (only for PPO). We
employ a rule-based reward function that grants
10 for task success, 0 for failure, and a penalty of
−0.5 for invalid actions. All group-based RL meth-
ods utilize a group size of 8 and sample 16 groups
per rollout, totaling 16 × 8 = 128 parallel envi-
ronments. During training rollouts, the sampling
temperature is set to 1.0. For validation, we use
a temperature of 0.7, with top-p sampling at 0.8
and top-k at 20. The mini-batch size is 256. For
GiGPO, the weighting coefficient ω is set to 1.0.
For MetaAct, ωM and ωA are both set to 1.0.

A.3 Analysis of Computational Overhead
As shown in Figure 3, MetaAct substantially re-
duces environmental interactions, but incurs addi-
tional computational overhead from meta-action
prediction. To measure this overhead, we com-
pare the average token consumption of MetaAct
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Benchmark Train Test (In-Distribution) Test (Out-of-Distribution)

ALFWorld 3553 140 134
WebShop 1824 200 -

Table 6: The statistics of ALFWorld and WebShop.

Method In-Distribution Out-of-Distribution

All hard tasks
GiGPO 4.7 4.4
MetaAct 14.8 12.6

Jointly solved hard tasks
GiGPO 2.9 2.9
MetaAct 4.8 6.6

Table 7: Average token consumption (×103) per task on
hard ALFWorld tasks, defined as tasks requiring more
than 15 steps. Jointly solved hard tasks refer to tasks
successfully completed by both methods.

Group Size N Method Score Succ.

N = 8
GiGPO 86.2 75.2
MetaAct 88.2 79.7

N = 16
GiGPO 84.5 74.2
MetaAct 88.4 78.1

Table 8: The results of different group sizes N on Web-
Shop. "Succ." denotes the success rate.

and GiGPO on hard ALFWorld tasks (completed
with more than 15 steps), following the setup in
Figure 3. The results are reported in Table 7.

As shown in Figure 3 and Table 7, despite con-
suming more tokens, MetaAct achieves substan-
tially higher success rates on hard tasks: 73.9%
versus 47.8% for GiGPO under the in-distribution
setting, and 80.5% versus 56.1% under the out-of-
distribution setting. This additional token cost is
accompanied by substantial gains in task success.
Moreover, on hard tasks successfully completed
by both methods, MetaAct substantially reduces
environmental interactions, from 26.3 steps to 11.6
steps (-55.9%) under the in-distribution setting and
from 26.5 steps to 12.8 steps (-51.7%) under the
out-of-distribution setting. Therefore, despite its
higher token consumption, MetaAct will reduce
end-to-end latency in real-world scenarios where
environmental interactions such as tool calls and
web searches typically dominate execution time.

A.4 Analysis of Group Size

To demonstrate that our method is robust to the
choice of key hyperparameters, we conduct exper-
iments on group size N by comparing the perfor-

mance of GiGPO and MetaAct on WebShop with
N = 16 (N = 8 by default). The results are shown
in Table 8. It proves that MetaAct consistently out-
performs GiGPO and exhibits stable performance
across different group sizes.

A.5 Case Study

To illustrate how MetaAct achieves goal-aware ex-
ploration in a more intuitive way, we present a
case study on the out-of-distribution test set of
ALFWorld to compare how MetaAct and GiGPO
perform on unseen hard tasks. The results are
presented in Figure 5 and 6. MetaAct solves the
tasks much more efficiently than GiGPO, reducing
the number of steps from 44 to 13 on the clean-
and-place task and from 36 to 8 on the heat-and-
place task. These results demonstrate that MetaAct
achieves more efficient exploration and switches to
exploitation once sufficient information is available,
while GiGPO incurs many unproductive trials.

B Prompts

We provide examples of prompts for each bench-
mark. Our method utilizes a two-stage prompt-
ing mechanism to guide the agent towards promis-
ing trajectories through meta-actions. There are
two prompts: (1) the Meta-Action Prompt, where
the agent identifies the high-level meta-action (i.e.,
FOCUS, RESUME, GUESS, UNDO) to direct subsequent
task-specific action; (2) the Action Prompt, where
the agent predicts the task-specific action strictly
aligned with the determined meta-action.

The prompts contain variables (e.g.,
{current_trajectory}) and task-specific
placeholders (e.g., {init_observation}). These
are omitted in the descriptions below for clarity but
are replaced with actual context during runtime.

In the responses, the agent is instructed
to provide step-by-step reasoning fol-
lowed by the final decision. We use the
<meta_action></meta_action> block to indi-
cate the meta-action and the <action></action>
block to indicate the final task-specific action.
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Case Study: Clean and Place Task in ALFWorld

Initial State & Task

Initial State: You are in the middle of a room. Looking quickly around you, you see a cabinet 6, a cabinet 5, a
cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1, a coffeemachine 1, a countertop 3, a countertop 2, a countertop 1, a
drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a shelf 3, a shelf 2, a shelf 1, a sinkbasin
1, a stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner 1, and a toaster 1.

Task: clean some pan and put it in countertop.

MetaAct (Ours) → Success in 13 steps

(GUESS, go to countertop 1)
(GUESS, go to countertop 2)
(GUESS, go to shelf 1)
(GUESS, go to countertop 3)
(GUESS, go to garbagecan 1)
(GUESS, go to sinkbasin 1)
(GUESS, go to stoveburner 1)
(GUESS, go to stoveburner 2)
(FOCUS, take pan 1 from stoveburner 2)
(FOCUS, go to sinkbasin 1)
(FOCUS, clean pan 1 with sinkbasin 1)
(FOCUS, go to countertop 1)
(FOCUS, move pan 1 to countertop 1)

GiGPO (Baseline) → Success in 44 steps

go to countertop 1
go to countertop 3
go to countertop 2
go to fridge 1
go to countertop 1
go to countertop 3
go to stoveburner 1
go to countertop 1
go to sinkbasin 1
go to countertop 1
go to countertop 3
go to sinkbasin 1
go to countertop 3
go to stoveburner 1
go to fridge 1
go to countertop 2
go to sinkbasin 1
go to sinkbasin 1

... (20 unproductive steps omitted)

go to stoveburner 2
take pan 1 from stoveburner 2
go to sinkbasin 1
clean pan 1 with sinkbasin 1
go to countertop 1
move pan 1 to countertop 1

Figure 5: A comparative case study of Clean and Place task in ALFWorld. MetaAct completes the task in 13 steps
by strategically switching between exploration (GUESS) and execution (FOCUS), while GiGPO takes 44 steps.
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Case Study: Heat and Place Task in ALFWorld

Initial State & Task

Initial State: You are in the middle of a room. Looking quickly around you, you see a cabinet 6, a cabinet 5, a
cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1, a coffeemachine 1, a countertop 3, a countertop 2, a countertop 1, a
drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a shelf 3, a shelf 2, a shelf 1, a sinkbasin
1, a stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner 1, and a toaster 1.

Task: put a hot cup in cabinet.

MetaAct (Ours) → Success in 8 steps

(GUESS, go to countertop 1)
(GUESS, go to fridge 1)
(GUESS, open fridge 1)
(FOCUS, take cup 3 from fridge 1)
(FOCUS, go to microwave 1)
(FOCUS, heat cup 3 with microwave 1)
(FOCUS, go to cabinet 1)
(FOCUS, move cup 3 to cabinet 1)

GiGPO (Baseline) → Success in 36 steps

go to countertop 1
go to countertop 2
go to fridge 1
go to sinkbasin 1
go to countertop 3
go to sinkbasin 1
go to countertop 3
go to sinkbasin 1
go to countertop 1
go to countertop 3
go to sinkbasin 1
go to countertop 1
go to countertop 2
go to sinkbasin 1

... (15 unproductive steps omitted)

go to fridge 1
open fridge 1
take cup 3 from fridge 1
go to microwave 1
heat cup 3 with microwave 1
go to cabinet 1
move cup 3 to cabinet 1

Figure 6: A comparative case study of Heat and Place task in ALFWorld. MetaAct completes the task in 8 steps by
strategically switching between exploration (GUESS) and execution (FOCUS), while GiGPO takes 36 steps.
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B.1 ALFWorld
The meta-action prompt and action prompt of ALF-
World are shown in Figure 7 and Figure 8.

B.2 WebShop
The meta-action prompt and action prompt of Web-
Shop are shown in Figure 9 and Figure 10.
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ALFWorld Meta-Action Prompt

You are an expert agent and meta-planner operating in the ALFRED Embodied Environment.
Before taking a physical action, you must determine your current strategic state (Meta-Action).
{init_observation}{current_trajectory}

As a meta-planner, you must first select one of the following 4 Meta Actions for the current
situation to guide your next move:

1. **FOCUS**: Use this when the next step is logically certain or mandatory based on current
constraints. You are following a clear, deterministic path without needing to gamble.
2. **RESUME**: Use this when a previously suspended sub-goal or task (which was "waiting" for
certain conditions) can now be continued because you have acquired new information or reached
the right location.
3. **GUESS**: Use this when the logic is insufficient to determine a unique "correct" action. You
must make a heuristic choice to explore the environment or try a plausible path.
4. **UNDO**: Use this when you detect a conflict, a mistake, or a dead-end. You need to
backtrack, correct a previous "GUESS" or switch to a different high-level approach.

Now it’s your turn to determine the Meta-Action.

- Your response should start with step-by-step reasoning. Analyze the current situation, your past
failures (if any), and whether your next move is a certainty (FOCUS), a continuation (RESUME),
an exploration (GUESS), or a correction (UNDO).
- Once you’ve finished your reasoning, you must output exactly one Meta-Action from the four
options above within <meta_action> </meta_action> tags.

Figure 7: The meta-action prompt of ALFWorld.
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ALFWorld Action Prompt

You are an expert agent operating in the ALFRED Embodied Environment.
You have already decided on a strategic direction (Meta-Action) for this step. Your task now is to
execute a physical action that strictly aligns with that strategy.
{init_observation}{current_trajectory}

Based on the Meta-Action above, follow these guidelines to select your action:
- If **FOCUS**: Choose the most logically certain action. Avoid any exploratory or risky moves.
- If **RESUME**: Identify a previously paused task or a goal you were waiting to complete, and
take the next step toward it.
- If **GUESS**: Since no certain path exists, select a plausible action to explore or gather more
information.
- If **UNDO**: You have detected a mistake or a dead-end. Select an action that backtracks or
tries an alternative path different from your previous failed attempts.

Your admissible actions of the current situation are:
[ {admissible_actions} ]

Now it’s your turn to take an action.

- Your response should first be step-by-step reasoning about the current situation.
- Once you’ve finished your reasoning, you should choose an admissible action for current step and
present it within <action> </action> tags.

Figure 8: The action prompt of ALFWorld.
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WebShop Meta-Action Prompt

You are an expert autonomous agent and meta-planner operating in the WebShop e-commerce
environment.
Before taking a physical action, you must determine your current strategic state (Meta-Action).
Your task is to: {task_description}.{current_trajectory}

As a meta-planner, you must first select one of the following 4 Meta Actions for the current
situation to guide your next move:

1. **FOCUS**: Use this when the next step is logically certain or mandatory based on current
constraints. You are following a clear, deterministic path without needing to gamble.
2. **RESUME**: Use this when a previously suspended sub-goal or task (which was "waiting" for
certain conditions) can now be continued because you have acquired new information or reached
the right location.
3. **GUESS**: Use this when the logic is insufficient to determine a unique "correct" action. You
must make a heuristic choice to explore the environment or try a plausible path.
4. **UNDO**: Use this when you detect a conflict, a mistake, or a dead-end. You need to
backtrack, correct a previous "GUESS" or switch to a different high-level approach.

Now it’s your turn to determine the Meta-Action.

- Your response should start with step-by-step reasoning. Analyze the current situation, your past
failures (if any), and whether your next move is a certainty (FOCUS), a continuation (RESUME),
an exploration (GUESS), or a correction (UNDO).
- Once you’ve finished your reasoning, you must output exactly one Meta-Action from the four
options above within <meta_action> </meta_action> tags.

Figure 9: The meta-action prompt of WebShop.
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WebShop Action Prompt

You are an expert autonomous agent operating in the WebShop e-commerce environment.
You have already decided on a strategic direction (Meta-Action) for this step. Your task now is to
execute a physical action that strictly aligns with that strategy.
Your task is to: {task_description}.{current_trajectory}

Based on the Meta-Action above, follow these guidelines to select your action:
- If **FOCUS**: Choose the most logically certain action. Avoid any exploratory or risky moves.
- If **RESUME**: Identify a previously paused task or a goal you were waiting to complete, and
take the next step toward it.
- If **GUESS**: Since no certain path exists, select a plausible action to explore or gather more
information.
- If **UNDO**: You have detected a mistake or a dead-end. Select an action that backtracks or
tries an alternative path different from your previous failed attempts.

Your admissible actions of the current situation are:
[ {admissible_actions} ]

Now it’s your turn to take one action for the current step.

- Your response should first be step-by-step reasoning about the current situation, then think carefully
which admissible action best advances the shopping goal.
- Once you’ve finished your reasoning, you should choose an admissible action for current step and
present it within <action> </action> tags.

Figure 10: The action prompt of WebShop.

4388


