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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse
domains, yet they struggle with agent task plan-
ning in dynamic environments requiring con-
tinuous observation and sequential decision-
making. Current methods generate static action
sequences from pre-trained knowledge without
learning from environmental feedback, limit-
ing their effectiveness in partially observable
settings. We present Interactive Planner-R1,
a novel trajectory-level reinforcement learn-
ing framework that enables LLMs to develop
interactive planning capabilities through au-
tonomous environmental exploration. Our ap-
proach addresses three key challenges: (1) lim-
ited exploration diversity by introducing multi-
trajectory autonomous exploration through par-
allel group rollouts, (2) sparse reward signals
by developing a completion-driven reward ar-
chitecture that promotes genuine environmen-
tal understanding, and (3) single-step optimiza-
tion constraints by proposing Interactive Pol-
icy Optimization (IPO) that extends group-
relative policy optimization for multi-step tra-
jectory learning. Extensive experiments on
ALFWorld and ScienceWorld demonstrate that
Interactive Planner-R1 achieves substantial im-
provements over existing approaches, reach-
ing 97.55% completion rate on ALFWorld and
79.92% on ScienceWorld, with strong general-
ization exhibiting only 3.33% performance gap
in unseen environments. Our work establishes a
new paradigm for LLM-based interactive plan-
ning through trajectory-level policy learning.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of tasks, from open-domain dialogue to complex
reasoning (Brown et al., 2020; OpenAl, 2023;
DeepSeek-Al et al., 2025; Shao et al., 2024; Team
et al., 2024; Yang et al., 2024a). However, translat-
ing these capabilities into effective planning in in-
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Figure 1: Overview of Interactive Planner-R1, which en-
courages agents to autonomously explore environments
and trains them with binary rewards based on task com-
pletion status.

teractive environments remains a fundamental chal-
lenge. Planning agents must continually perceive,
reason about, and act upon their environment, form-
ing a tightly coupled decision-making loop. Cur-
rent LLMs still lack the situational and interactive
awareness required for robust planning. In contrast,
humans actively probe their surroundings, learning
how actions transform the environment and refining
both perception and world understanding through
exploration (Gibson, 1979). While intuitive for
humans, such exploration-driven learning remains
challenging for artificial intelligence—especially
when applying LLMs to interactive planning do-
mains, such as robotics and embodied agents.

Traditional LLM-based planners treat the model
as a static decision-maker (Chen et al., 2023b; Min
et al., 2022), generating fixed action sequences
from pre-trained knowledge and ignoring real-time



feedback. While Yao et al. (2023) improved task
performance by introducing reasoning processes
into planning, these methods still primarily per-
form offline rollouts based on prior knowledge,
failing to establish crucial causal links between
actions and environmental feedback during inter-
action. This limitation is particularly problematic
in partially observable or unfamiliar environments,
where agents must continually update their world
models to succeed. Recent work (Song et al., 2024;
Wang et al., 2024b; Chen et al., 2023a; Zeng et al.,
2024a) has attempted to bridge this gap by incor-
porating human-curated demonstrations or hand-
crafted knowledge. However, heavy reliance on
human priors restricts scalability and limits the
overall capability of LLMs. This raises a funda-
mental question: Can we instead encourage au-
tonomous exploration with minimal supervision,
enabling LL.Ms to acquire robust interaction and
generalization abilities?

Inspired by human cognition, we introduce In-
teractive Planner-R1, a reinforcement learning
framework that enables LLMs to learn interactive
planning through environmental exploration, re-
quiring only minimal task-specific supervision.

Extensive experiments demonstrate the effective-
ness of Interactive Planner-R1, achieving 97.55%
and 79.92% cumulative reward on the ALFWorld
and ScienceWorld benchmarks, respectively, signif-
icantly outperforming existing approaches. These
results validate the framework’s capability to foster
genuine environmental understanding and adaptive
behavior in interactive planning tasks.

In summary, our main contributions are as fol-
lows:

¢ We introduce Interactive Planner-R1, a novel
trajectory-level reinforcement learning frame-
work that enables LLMs to learn interactive
planning through autonomous environmental
exploration with minimal supervision.

* We propose three key technical innovations:
(1) parallel group rollouts for diverse trajec-
tory collection, (2) completion-driven sparse
rewards that prevent reward hacking while en-
couraging genuine environmental understand-
ing, and (3) Interactive Policy Optimization
(IPO) that extends group-relative optimization
to multi-step sequential planning.

* We achieve state-of-the-art performance
on ALFWorld (97.55%) and ScienceWorld

(79.92%) with superior generalization (only
3.33% performance gap on unseen environ-
ments), demonstrating the effectiveness of au-
tonomous exploration over human-supervised
approaches.

2 Preliminaries

Following established researches (Qiao et al.,
2024), we formalize embodied planning tasks
within the framework of a Partially Observable
Markov Decision Process (POMDP) due to the
agent’s inability to directly observe the environ-
ment’s complete state. Within this framework, the
agent interacts within a partially observable envi-
ronment and develops plans based on environmen-
tal feedback. The POMDP is defined by a 7-tuple:
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where S represents the state space defined by the
environment, A denotes the action space available
to the agent, O constitutes the observation space
of the agent, ¥ : S x A — S is the state transi-
tion function determining how actions will have
effect on environmental states, M : S — O is the
observation function of the agent. Due to partial
observability constraints, the agent cannot directly
access states s € S, but rather obtains partial ob-
servations of the current environment via the obser-
vation function, such that o = M(s), where o € O
and s € S. Additionally, R represents the reward
function, and + is the discount factor.

In the context of planning tasks, the agent re-
ceives a task ¢, typically expressed as a natural
language instruction. The agent’s objective is to
complete this instruction through environmental in-
teraction. During this interaction process, the agent
initially obtains an observation og from the environ-
ment and initializes a trajectory 79 = (g, 09). At
each time step ¢, the policy model 7y generates the
current action based on the historical trajectory:

ar = mo(1) = mo(q, 00, a0, 01, ..., a1—1,0¢). (2)

When performed, the action will lead to a change
to the environment, resulting in a new state sy =
(s, at), Following this transition, the agent re-
ceives a new partial observation 041 = M(s41).
Subsequently, the trajectory is updated to 7441 =
(g, 00, a0, 01, ..., at, 0411 ), incorporating all past ac-
tions and observations with the new observation.
The reward for the agent is defined with a binary
signal, where the agent receives a reward of 1 if the



new state sy 1 meets the predefined goal conditions
specified by ¢, otherwise the reward is 0.

3 Interactive Planner-R1

3.1 Overview

In this section, we introduce Interactive Planner-
R1, an end-to-end training framework designed
for long-term planning. Interactive Planner-R1
learns solely from outcome-based reward signals
without requiring additional human supervision.
Our key insight is to unleash the latent reasoning
and planning capabilities of large language mod-
els (LLMs) through direct interaction with the en-
vironment, allowing them to self-evolve via rein-
forcement learning. To better model the interaction
process, we formulate it as ReAct-style trajecto-
ries, where progress is made through continuous
‘Observation — Think — Action’ cycles un-
til task completion. Interactive Planner-R1 con-
sists of three tightly integrated core components:
Firstly, to address the problem of sparse rewards,
we develop a parallel sampling strategy that si-
multaneously generates multiple trajectories form-
ing trajectory groups to establish stable statistical
baselines, which we call Group Rollout with In-
Environment Interaction . Secondly, we design a
pure Completion-based Sparse Reward structure
that encourages development of genuine environ-
mental understanding through autonomous interac-
tion. Finally, and most importantly, we introduce
the Interactive Policy Optimization (IPO) algo-
rithm, which is specifically designed for ReAct-
style multi-turn interactions as its POMDP-oriented
extension.

3.2 ReAct Paradigm

As described above, at time step ¢, the agent gen-
erates an action based on a trajectory that includes
environmental observations and previous actions.
However, mapping directly from such a trajectory
to action demands complex reasoning capabili-
ties, like task goal decomposition, common sense
knowledge application, and extraction of key in-
formation from observations is exceptionally chal-
lenging. Following Yao et al. (2023), we adopt the
ReAct paradigm that introduces the thought pro-
cess (Wei et al., 2022) into LLM-based planning
trajectories, as demonstrated in Figure 3. Unlike
traditional approaches, with the historical trajectory
as input, the agent generates a thought context:

Tt+1 = (Q7007 y 01y ooy ’OtJrl)v (3)

where denotes the model’s response for ¢-th
step, it consists of thoughts and a text-form action:

my = (P, ar). 4

We extract action a; from m;, which is then used
to interact with the environment to obtain the new
observation oy 1.

3.3 Group Rollout with In-Environment
Interaction

To effectively train an LLM for solving interac-
tive environment tasks, we introduce a group roll-
out procedure that improves exploration efficiency
while preserving a simple and well-defined interac-
tion protocol.

Episode-level Parallel Rollout. Our group roll-
out mechanism should be distinguished from step-
level branching or tree-search-based rollouts. In-
stead of expanding multiple actions from a shared
intermediate environment state at each timestep,
we perform episode-level parallel rollouts. Specif-
ically, for each sampled task—environment pair,
we initialize n independent and identical environ-
ment replicas at the beginning of an episode. Each
replica maintains its own environment state, obser-
vation history, and trajectory buffer throughout the
rollout.

A single frozen policy my,, is used as the
decision-maker for all replicas. At timestep ¢, the
action for replica ¢ is sampled from 7y (- | hf),
where h! denotes the unique history of that replica
up to step t. Due to policy stochasticity and envi-
ronment dynamics, trajectories naturally diverge
over time. This procedure constitutes a set of in-
dependent episode-level simulations rather than a
branching rollout from shared intermediate states.

Parallel Rollout Procedure. At each training it-
eration, we sample K task—environment pairs from
the distribution D and create n parallel replicas for
each pair. Each replica is initialized with a reset en-
vironment and an empty trajectory buffer. For up to
max_steps interaction steps, the frozen policy g,
generates a ReAct-style response conditioned on
the task instruction and the current trajectory his-
tory. From each response, we parse an executable
action.

To allow explicit termination, we introduce a
special done action. The policy may generate done
when it determines that the task has been completed
or is unsolvable. If done is generated before the
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Figure 2: The Interactive Planner-R1 consists of three tightly integrated core components: 1) Group Rollout with
Environment Interaction, a parallel sampling strategy that simultaneously generates multiple trajectories to form
trajectory groups; 2) Completion-driven Sparse Reward; 3) Interactive Policy Optimization algorithm that redesigns
probability ratios and advantage allocation, and updates the policy function based on group relative rewards. The
KL divergence between policy and reference model serves as a regularization term to prevent over-optimization.

Trajectory with ReAct paradigm

System:

You are an intelligent agent in a household
environment...

User:

Your task is to: put some pencil on dresser.
Observation:

You are in the middle of a room. Looking quickly
around you, you see a armchair 1...

Assistant:

Thought: The pencil could be in any of the drawers or

shelves. | will start by checking the drawers.
Acton:{go o drawer 1)
Observation: Qo

<Observation from Environment >
Assistant:

Thought: The drawer is closed, | need to open it to

check if there is a pencil inside.
aq
Assistant:
Thought: | have put the pencil on the dresser, task
have complete.
Acnona
t

Figure 3: We employ the ReAct paradigm during gener-
ation and extract the action from the response m;.

environment confirms task completion, the corre-
sponding trajectory receives zero reward.

The rollout for a task terminates when all repli-
cas either emit done or reach the maximum step
limit. All collected trajectories are then aggregated
into a global buffer 7, from which trajectory-level
returns are computed and used to update the policy
according to Egs. (7)—(8). We provide the algo-
rithm pseudo code in Appendix B and an illus-
trative example of the parallel rollout process is
provided in Appendix C.

3.4 Completion-driven Reward

To encourage autonomous exploration, we use only
a rule-based completion reward without further re-

striction to optimize the model:

0 if the task is incomplete, 5)
T =
1 if the task is completed.

Unlike previous approaches that introduced for-
mat rewards or length penalty, we do not explicitly
provide such constraints. On the one hand, we
found that LLMs can maintain a clear response
structure with guidance from the system prompt,
and only a parsable and valid response can interact
with the environment to complete the task. On the
other hand, we argue that reducing human priors in
reward design can lower the risk of reward hacking
and encourage the model to explore autonomously,
generating more flexible and diverse trajectories.

3.5 Interactive Policy Optimization (IPO)

To enable efficient environment interaction and
planning while substantially reducing training
cost, we introduce Interactive Policy Optimiza-
tion (IPO). IPO relies on the group rollout with In-
Environment Interaction to make the policy model
Ty generate multiple trajectories. We employ the
group-normalized advantage estimator, which has
no learnable critic model, but its probability ratio
is calculated over the designated trajectories tokens
prefix up to step ¢, including all preceding thought
¢ and action a tokens:

7o (P, at | Ti,<t) ©)

Pri(0) = .
t( ) T4 (¢ta ag | 7—2',<t)

We optimize the policy model by maximizing



the following objective function:
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where A;; is the advantage of i-th trajectory in
the group for time step ¢, which is calculated as
follows:

Ay =" (8)

Or

where t represents the ¢-th step of the trajectories,
1 s the mean reward of the group, and o, is the
reward deviation of the whole group. Additionally,
the objective of IPO integrates a KL divergence
penalty term between the training policy and the
reference policy to prevent the model from deviat-
ing too much (Eq.7).

4 Experiments

4.1 Implementation

Evaluation To assess model capabilities in in-
teractive planning tasks, we conducted systematic
evaluations using two text-based embodied world
simulator benchmarks: ALFWorld (Shridhar et al.,
2021) and ScienceWorld (Wang et al., 2022). ALF-
World encompasses six categories of planning tasks
set primarily in home environments, covering not
only basic object manipulation (such as “pick and
place”) but also tasks requiring complex interac-
tion sequences. ScienceWorld presents a more chal-
lenging benchmark, requiring models to complete
scientific experiments in a highly interactive envi-
ronment. Each task was evaluated only once, with
interaction steps limited to 30 to ensure evaluation
efficiency and consistency. More evaluation and
benchmark details will introduced Appendix D.1.

Baseline We compared our Interactive Planner-
R1 against three state-of-the-art training-based
methods: SFT (Zeng et al., 2024a), NAT (Wang
et al., 2024b), and ETO (Song et al., 2024).
We also evaluated larger foundation models in-
cluding GPT-3.5 Turbo (Brown et al., 2020)(gpt-
3.5-turbo-0125), GPT-4 (OpenAl, 2023)(gpt-4o-
2024-08-06), DeepSeek-V3 (DeepSeek-Al et al.,
2024)(DeepSeek-V3-0324), and InternLM 2.5
20B (Team et al., 2024). All training-based meth-
ods are fine-tuned on Qwen2.5-7B-Instruct (Yang
et al., 2024a). Detailed baseline descriptions are
provided in Appendix D.2.

Training Details We implemented our approach
using the verl library and trained on 8 NVIDIA
A100 80GB GPUs. Each training step sampled 128
tasks with 5 trajectories per task. Additional imple-
mentation details are provided in Appendix D.3.

4.2 Main results

As shown in Table 1, we conducted comprehensive
evaluations of prompt-based and training-based ap-
proaches on two challenging interactive environ-
ments, ALFWorld and ScienceWorld. The experi-
mental results reveal several key findings:

First, current state-of-the-art foundational LLMs
demonstrate notable limitations in interactive plan-
ning capabilities. While GPT-4 achieved the best
performance (55.41% on ALFWorld and 58.18%
on ScienceWorld), it still lags behind training-
based approaches , indicating the challenges large
language models face in environmental interaction
tasks.

Compares with other baseline, Interactive
Planner-R1 demonstrates consistent improvements
across all evaluation metrics. On the ALFWorld
benchmark, it achieved accuracy rates of 98.57%
and 96.52% in seen and unseen scenarios, respec-
tively, surpassing the ETO by 14.28% and 16.67%.
On the ScienceWorld dataset, Interactive Planner-
R1 achieved accuracy rates of 83.66% and 76.18%
in seen and unseen scenarios, outperforming com-
petitive methods by 28.58% and 18.86%, respec-
tively. The performance improvement from the
Qwen2.5-7B-Instruct (averaging 31.05% on ALF-
World and 22.05% on ScienceWorld) to Interactive
Planner-R1 demonstrates the effectiveness of our
reinforcement learning framework.

We evaluate three trajectory-based baselines in
ALFWorld that leverage human prior knowledge to
construct training datasets and observe their perfor-
mance clustering around 80%, suggesting a perfor-
mance ceiling imposed by the reliance on human-
annotated data. In contrast, Interactive Planner-R1
easily surpasses this ceiling, achieving over 95%
by leveraging reinforcement learning.

4.3 Ablation Study

To comprehensively understand the contribution
of each component in Interactive Planner-R1, we
conduct systematic ablation studies across three
key dimensions: policy learning architecture, Re-
Act paradigm integration, group rollout mechanism.
All ablation experiments are performed on ALF-
World to ensure consistent evaluation conditions.



ALFWorld ScienceWorld
Method Seen Unseen  Avg. Seen Unseen  Avg.
GPT-3.5-Turbo (Brown et al., 2020) 7.14 7.46 7.30 28.03 21.63 24.83
GPT-40 (OpenAl, 2023) 58.57 52.24 55.41 59.6 56.75 58.18
Deepseek-v3 (DeepSeek-Al et al., 2024) 36.43 31.34 33.89 29.28 27.45 28.37
InternL.M 2.5 20B Chat (Team et al., 2024) 7.86 11.94 9.90 33.66 31.15 32.41
Qwen2.5-72B-Instruct (Yang et al., 2024a) 25.71 26.12 25.92 29.38 27.96 28.67
Qwen?2.5-7B-Instruct (Yang et al., 2024a) 30.00 32.09 31.05 28.01 16.09 22.05
Qwen2.5-7B-Instruct + SFT(Zeng et al., 2024a) 80.71 79.10 79.91 68.81 55.7 62.26
Qwen?2.5-7B-Instruct + NAT(Wang et al., 2024b) 63.57 66.42 65.00 58.56 49.75 54.16
Qwen?2.5-7B-Instruct + ETO(Song et al., 2024) 84.29 79.85 82.07 55.08 57.32 56.20
Qwen2.5-7B-Instruct + Interactive Planner-R1(Ours) 98.57 07 96.52 119 97.55 83.66 05 76.18 100 79.92

Table 1: Main Results. The best results are marked in bold. We compare our Interactive Planner-R1 with represen-
tative baselines including vanilla language models and training-based methods on ALFWorld and ScienceWorld
benchmarks, evaluating performance on both seen and unseen task scenarios. See Table 5 for complete comparison

with additional baselines.

Seen Unseen Avg. A
Interactive Planner-R1  98.57 96.52  97.55 0
w/o React 96.56 95.71 96.14 -1.41
w/oIPO 2143 26.11 2377 -73.78
w/o group N/A -

Note: ‘wlo group’ (k = 1) is not applicable to IPO, as within-
group normalization collapses and the advantage estimator
degenerates, resulting in non-learning behavior. We therefore
report it as N/A.

Table 2: Ablation study on ALFWorld. A denotes the
performance difference compared to the full model.

As shown in Table 2, the experimental results
reveal several critical insights about our framework
design:

Trajectory-level vs. Single-turn Policy Learning
The most significant finding concerns the impor-
tance of Interactive Policy Optimization (IPO) for
multi-turn planning tasks. To isolate the effect
of the optimization objective from increased ex-
ploration, we compare IPO with a naive GRPO
baseline (denoted as w/o IPO) under identical roll-
out and optimization budgets, including the same
group size (k = 5), the same number of rollouts
per task, and the same number of gradient updates.

Removing IPO and replacing it with this single-
turn optimization objective results in a dramatic
performance collapse, dropping from 97.55% to
merely 23.77%—a substantial decrease of 73.78%.
Despite having access to the same amount of in-
teraction data, the naive GRPO baseline fails to
learn effective multi-step strategies, demonstrating
that performance gains do not arise from collecting
more trajectories alone. Instead, effective inter-
active planning critically depends on trajectory-

level, group-relative optimization that captures
long-horizon credit assignment across action se-
quences.

ReAct Paradigm Contribution The structured
Observation — Think — Action paradigm
shows measurable but moderate impact on perfor-
mance. Removing the explicit reasoning chains
(w/o React) leads to a 1.41% performance decrease,
from 97.55% to 96.14%. While this decline ap-
pears modest, it represents consistent degradation
across both seen and unseen scenarios, indicating
that structured reasoning helps the model better
understand environmental contexts and maintain
performance stability during planning.

Group Rollout Necessity The group rollout
mechanism proves fundamental to our approach’s
functionality. As indicated by the missing results
for "w/o group" in Table 2, this ablation becomes
infeasible because group-normalized advantages
require multiple parallel trajectories for statistical
baseline computation. Without diverse trajectory
groups, the advantage estimation becomes unstable,
preventing effective policy learning entirely. This
dependency underscores that parallel exploration is
not merely beneficial but architecturally essential
for our framework.

These ablation results collectively demonstrate
that Interactive Planner-R1’s superior perfor-
mance stems from the synergistic combination of
trajectory-level optimization, structured reasoning,
and parallel exploration, with IPO serving as the
most critical component for achieving effective in-
teractive planning capabilities.
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Figure 4: Completion rates of Qwen2.5-7B-Instruct on various ALFWorld tasks, covering both seen and unseen
scenarios. We compare the prompt-based method ReAct with the training-based method ETO and Interactive

Planner-R1.

Pick Look Heat Clean Cool Pick Two Avg.
ETO -9.89 -1582 +6.95 -594 4539 -2472 -7.34
Ours -420 -1250 -4.55 -3.13 0.00 +4.38  -3.33

Table 3: ETO and Interactive Planner-R1’s relative im-
provement on unseen tasks compared with seen tasks
in ALFWorld, where Interactive Planner-R1 maintains
strong generalization ability even on unseen tasks.

4.4 Training Analysis

Interactive Planner-R1 maintains high-level per-
formance even on more difficult problems and
unseen environments. Figure 4 compares the
performance differences among various methods
across different ALFWorld tasks, revealing clear
difficulty hierarchies and capability differentials
among the methods. As shown in the Figure, the
“Pick” single-object task is relatively the most ba-
sic, where all training-based methods perform well,
while purely prompt-based methods achieve less
than 60% task completion rate. The “Pick Two”
task is clearly the most challenging, with ReAct
performing worst on this task (only 20.8% in seen
and 17.6% in unseen), and ETO also showing sig-
nificant decline (62.5% in seen, 47.05% in unseen).
Only Interactive Planner-R1 maintains high-level
performance (95.8% in seen, 100% in unseen).
This difficulty distribution reflects the challenges
drastically increase when tasks involve more object
interactions, complex state transitions, or environ-
mental reasoning. However, Interactive Planner-R1
maintains stable performance across the different
tasks.

Generalization capabilities in unseen environ-
ments. To evaluate the generalization capability
of different methods, we define the generalization
gap A(abs) as the difference between task com-
pletion rates on unseen and seen tasks: A(abs) =

Accynseen — AcCCseen, as shown in Table 3. Ex-
perimental results demonstrate that our method
exhibits significant advantages in generalization
performance. Overall, our approach achieves a
smaller average generalization gap (-3.33%) com-
pared to the baseline method ETO (-7.34%). No-
tably, in the complex “Pick Two” task, our method
not only overcomes the generalization challenge
but achieves positive improvement (+4.38%), while
ETO shows substantial performance degradation (-
24.72%). This superior generalization ability is par-
ticularly evident in handling complex tasks. Further
analysis reveals that our method also demonstrates
stronger stability, with a relatively smaller perfor-
mance variance across different task types (ranging
from -12.50% to +4.38%). These results indicate
that Interactive Planner-R1 effectively enhances the
model’s adaptability to variations in task scenarios
while maintaining cross-task stability.

Efficient planning through invalid action re-
duction. Figure 5 demonstrates how Interactive
Planner-R1 achieves efficient planning by system-
atically reducing invalid actions during training in
the ScienceWorld. The reward curve shows steady
improvement as the model learns to generate more
valid action sequences (see Figure 5a). Notably,
the average response length decreases from ap-
proximately 900 tokens to 500 tokens by step 50,
reflecting more concise and efficient action plan-
ning. This efficiency gain is directly linked to the
model’s ability to avoid invalid actions, as shown
in Figure 5b. The total number of action steps (red
line) reduces from an initial 20 steps to a consis-
tent 12.5 steps, while invalid actions (blue line)
are nearly eliminated after 50 training steps. This
substantial reduction in invalid actions indicates
that Interactive Planner-R1 has developed a robust
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length in multi-round exploration; (b) illustrates the decreasing trends in both total and invalid action steps during
training; (c) reveals the sustained performance trends across varying difficulty modes.

understanding of environmental constraints, lead-
ing to more efficient planning strategies and more
efficient plans.

Robust Performance Under Increased Environ-
ment Complexity Level. Figure Sc further val-
idates this capability by comparing learning per-
formance in ScienceWorld under "Easy" and "Nor-
mal" difficulty modes. While "Normal" mode re-
quires complete environmental interactions (nav-
igation, container manipulation, fundamental ac-
tions), Interactive Planner-R1 demonstrates notable
progress in both settings. Though "Easy" mode
shows faster convergence (0.6 reward at 50 steps
vs 100 steps) and higher final performance ( 0.88
vs 0.82), the model maintaining flexible explo-
ration strategies and planning capabilities even un-
der challenging environmental constraints.

5 Related Work

LLM-based Long-Horizon Planning. LLMs
have been widely studied for long-horizon plan-
ning in interactive environments (Liu et al., 2024a;
Xi et al., 2025). Prompt-based methods, such as
ReAct (Yao et al., 2023) and its extensions (Shinn
et al., 2023; Yao et al., 2024), enhance planning
via structured prompting without additional train-
ing, but often struggle in complex or partially ob-
servable environments. Training-based approaches
typically rely on supervised fine-tuning or behav-
ioral cloning on static expert trajectories (Yin et al.,
2024; Song et al., 2024), which limits exploration
diversity and generalization.

In contrast, our work learns planning policies
through online environment interaction, enabling
LLM agents to actively explore and adapt their
strategies under partial observability.

Interactive Agents and Reinforcement Learn-
ing. Recent work shows that reinforcement learn-
ing with simple rewards can drive strong self-

improvement in LLMs (Lightman et al., 2024;
DeepSeek-Al et al., 2025), but most studies focus
on static or single-turn reasoning tasks. Concur-
rently, interactive agent frameworks such as API-
Gen (Liu et al., 2024b) and LAM Simulator (Hoang
et al., 2025) explore tool use or language-based hu-
man feedback as supervision.

Different from these approaches, our method
targets text-based embodied environments and
learns long-horizon interactive planning purely
from sparse, outcome-level environment rewards
via trajectory-level reinforcement learning, without
dense supervision or human feedback.

More detailed discussions of related work are
provided in Appendix A.

6 Conclusion

In this paper, we propose Interactive Planner-R1,
a reinforcement learning framework that enables
LLMs to achieve self-evolution in multi-turn en-
vironmental interaction planning tasks. Our ap-
proach demonstrates that models can autonomously
develop effective planning strategies through care-
fully designed prompt constraints and outcome-
based reward mechanisms, without relying on ex-
pert trajectories or extensive human priors. Ex-
perimental results across multiple environments
show that Interactive Planner-R1 significantly out-
performs existing baselines, validating the effec-
tiveness of self-evolution via reinforcement learn-
ing in complex interactive scenarios. Notably, our
analysis reveals that multi-turn interactive planning
benefits from shorter context lengths, as perfor-
mance improves when ineffective actions are re-
duced. This suggests that interactive planning tasks
prioritize efficient action planning over lengthy
deliberation. These findings may provide some
insights for LLM-based interactive planning sys-
tems.



Limitations

While Interactive Planner-R1 demonstrates strong
performance on interactive planning tasks, several
limitations merit consideration for future research:

Environment Scope. Our evaluation focuses ex-
clusively on text-based environments (ALFWorld
and ScienceWorld). Although the underlying prin-
ciples of multi-trajectory reinforcement learning
are domain-agnostic, empirical validation in mul-
timodal settings—particularly vision-language en-
vironments—remains an important direction for
establishing broader applicability.

Computational Requirements. The group roll-
out mechanism, while effective for exploration di-
versity, introduces substantial computational over-
head compared to single-trajectory methods. Train-
ing requires 8 A100 GPUs for several hours,
which may limit accessibility for researchers with
constrained resources. Developing more sample-
efficient variants or exploring distributed training
strategies could address this scalability concern.
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A Related Work

A.1 Long-Horizon Planning with Large
Language Models

Large language models (LLMs) have recently
demonstrated strong potential for long-horizon
planning in interactive environments (Liu et al.,
2024a; Xi et al., 2025; Duan et al., 2022). Existing
approaches can be broadly categorized into prompt-
based methods and training-based methods.

Prompt-based methods aim to enhance planning
capabilities through carefully designed prompts
or exemplars without additional training. Re-
Act (Yao et al., 2023) introduces an explicit think—
act paradigm that enables LLMs to interleave rea-
soning with environment interaction. Subsequent
work extends this framework by incorporating skill
abstraction (Nottingham et al., 2024; Qiao et al.,
2024; Zhao et al., 2023), reflection or revision
mechanisms (Shinn et al., 2023; Yao et al., 2024),
and improved prompt engineering strategies (Sun
et al., 2023a). While these approaches are flexible
and easy to deploy, they largely rely on pre-trained
knowledge and often struggle in complex or par-
tially observable environments.

Training-based methods directly optimize LLMs
for environmental interaction, typically via super-
vised fine-tuning or behavioral cloning on expert
trajectories (Yin et al., 2024; Zeng et al., 2024a;
Chen et al., 2023a; Qiao et al., 2024). To enrich
training signals, some works incorporate negative
or suboptimal trajectories (Song et al., 2024; Wang
et al., 2024b). However, these methods usually de-
pend on static, pre-collected datasets, which limits
exploration diversity and leads to distribution shifts
between training and test environments.

Our proposed Interactive Planner-R1 addresses
these limitations by learning planning policies
through online interaction with the environment,
allowing LLM agents to actively explore and adapt
their strategies under partial observability using
sparse, outcome-level feedback.

A.2 Self-Evolution and Interactive Agents

Reinforcement learning has been shown to effec-
tively drive self-improvement in LLMs across a va-
riety of reasoning and problem-solving tasks (Sun
et al., 2023b; Lightman et al., 2024; DeepSeek-Al
et al., 2025). Building on this idea, prior work has
achieved strong performance in domains such as
mathematics, logical reasoning, and visual under-
standing (Hu et al., 2025; Lyu et al., 2025; Xie
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et al., 2025; Liu et al., 2025). However, these set-
tings are predominantly static or single-turn, and
do not involve long-horizon interaction with an
external environment.

Beyond reinforcement learning for static rea-
soning, several recent studies investigate interac-
tive agents under alternative forms of supervision.
APIGen (Liu et al., 2024b) focuses on synthe-
sizing tool-using trajectories to train agents for
API invocation, emphasizing tool generation and
execution rather than long-horizon environment
planning. LAM Simulator (Hoang et al., 2025)
leverages language-based human feedback to guide
agent behavior, providing rich semantic supervi-
sion through simulated human interactions. These
approaches rely on dense or structured supervision
signals and primarily target tool use or instruction-
following scenarios.

In contrast, our work focuses on text-based em-
bodied environments and studies whether LLM
agents can acquire long-horizon interactive plan-
ning capabilities purely from sparse, outcome-level
environment rewards via trajectory-level reinforce-
ment learning, without dense supervision, human
feedback, or learned evaluators.

B Pseudo Code of Group rollout of
interaction with environment

Algorithm 1 presents the detailed procedure for our
group rollout strategy, which is a key component
of our Interactive Planner-R1 approach. The group
rollout mechanism enables efficient data collection
by running multiple parallel trajectories for each
task, thereby increasing sample diversity and im-
proving training stability.

The algorithm operates in three main phases.
First, it freezes the current policy to ensure consis-
tent behavior during the rollout phase and samples
a batch of task-environment pairs from the training
dataset. Second, for each task in the batch, it cre-
ates multiple independent environment instances
and initializes separate trajectory buffers. This par-
allel setup allows the agent to explore different
action sequences for the same task, capturing vari-
ous solution strategies and potential failure modes.
Third, the algorithm executes the interaction loop
where the frozen policy generates responses for
each trajectory simultaneously, extracts actions
from these responses, and updates the environment
states accordingly.

The key advantage of this group rollout approach



Algorithm 1 Group rollout of interaction with environment

Input: Initial policy mp,, dataset D = {(q,¢) : ¢ € Q, e € £}, where Q is the set of instructions and & is
the set of environments with the group size set to n.

1: Freeze old policy g, < g

2: Sample batch B = {(g;, ;) }£, ~ D

3: Initialize global trajectories buffer 7 < ()
4: for (g;,e;) € Bdo

5. Create n environment instances {e;}" copied from e;
6:  Initialize n trajectory buffers {7;}" < () for environment instances {e;}"
7. forj=1tondo
8: 0j,0 + ej.reset()
9: Tj < (Qi, Ojjo)
10:  end for
11:  for k = 1 to max steps do
12: Generate responses {m , ~ g, (-|7j)}" for each trajectory 7;
13: Extract actions {a; }" from responses {m; ;, }"
14: Get observations {0; 1., done; . < e;.step(a;)}"
15: Update trajectories {7; <— 7; ® (mjx,05%)}"
16: if all done then
17: break
18: end if
19:  end for
20:  Save trajectories 7 < T U {7;}"

21: end for
Output: The grouped trajectories T

lies in its ability to collect diverse training data effi-
ciently. By running n parallel trajectories for each
task, we obtain multiple examples of agent behav-
ior under identical initial conditions, which helps
the learning algorithm better understand the conse-
quences of different action choices. The parallel ex-
ecution also reduces the overall data collection time
compared to sequential rollouts. The algorithm ter-
minates when all environments reach their done
states or the maximum number of steps is reached,
ensuring that we collect complete episodes for train-
ing. The collected trajectories are then used in
subsequent training phases to update the policy
parameters through our reward modeling and opti-
mization procedures.

C Illustration of Parallel Group Rollout

In this section, we provides a concrete illustration
of the group rollout mechanism used in Interactive
Planner-R1, with the goal of clarifying its seman-
tics and distinguishing it from step-level branching
or tree-search-based rollout methods.
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C.1 Conceptual Clarification

Our group rollout mechanism performs parallel and
independent simulations at the episode level, rather
than branching from a shared intermediate environ-
ment state at each timestep. For a given task, we
initialize n identical environment instances at the
beginning of an episode. Each instance maintains
its own environment state, observation history, and
reward sequence throughout the rollout.

A single frozen policy g, is used to inter-
act with all environment replicas. For any trajec-
tory 4 at timestep ¢, the action a! is sampled from
7o, (- | hY), where h} denotes the unique history
of that trajectory. Importantly, trajectories do not
share intermediate states or observations, and no
information is exchanged between replicas during
rollout. Any divergence among trajectories arises
solely from policy stochasticity and environment
dynamics.

This procedure should be understood as a set
of parallel episode-level simulations, rather than a
step-level branching search from a common state.



C.2 Example: Parallel Rollout for a Simple
Task

We illustrate the group rollout process using a sim-
ple example with two parallel replicas (n = 2).

Task. Put the apple on the table.

Step 1. The frozen policy g, generates actions
for two independent environment instances initial-
ized from the same task configuration.

* Trajectory 1 history: (obs: see kitchen) —
Action: go to fridge

* Trajectory 2 history: (obs: see kitchen) —
Action: go to counter

Step 2. Each environment updates independently
based on the executed action. The policy then gen-
erates the next action conditioned on each trajec-
tory’s unique observation and history.

* Trajectory 1 history: (..., obs: at fridge) —
Action: open fridge

* Trajectory 2 history: (..., obs: at counter, see
apple) — Action: take apple

As the rollout proceeds, trajectories continue
to evolve independently, potentially reaching task
completion at different times or following different
action sequences. This example highlights that tra-
jectories within a group do not branch from shared
intermediate states and that the frozen policy serves
as a consistent action generator across all replicas
during a rollout phase.

D Implementation Details

D.1 Evaluation and Benchmark Details

ALFWorld (Shridhar et al., 2021) ALFWorld en-
compasses six categories of planning tasks set pri-
marily in home environments, covering not only ba-
sic object manipulation (such as pick and place) but
also tasks requiring complex interaction sequences.
For example, the heating task requires models to
first identify target objects, move them to heating
devices (like microwave), execute the heating oper-
ation, and finally place them in designated locations
to complete the task.

Following prior research (Yao et al., 2023; Song
et al., 2024), we evaluate model performance under
two conditions: seen and unseen scenarios. Seen
scenarios consist of task instances from rooms en-
countered during training, unseen scenarios com-
prise task instances from entirely new rooms with
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container arrangements and scene organizations
distinctly different from training tasks, designed
to evaluate the model’s zero-shot generalization
capabilities.

ScienceWorld (Wang et al., 2022) Science-
World presents a more challenging benchmark, re-
quiring models to complete scientific experiments
in a highly interactive environment. This environ-
ment contains approximately ten interconnected
rooms, over 200 object types, and 25 executable
actions. Compared to ALFWorld, ScienceWorld
integrates a more sophisticated physics simulation
engine, including thermodynamic and electrical
systems, which places more rigorous demands on a
model’s planning capabilities and causal reasoning.

Following prior research (Yao et al., 2023; Song
et al., 2024), we assessed model performance under
two conditions: seen and unseen scenarios. Seen
scenarios consist of task instances from rooms en-
countered during training, including the same task
types, objects, containers, and room layouts, but
with variations in object positions, quantities, and
visual features (e.g., two blue pencils on a shelf
instead of three red pencils in a drawer as seen
in training data). Unseen scenarios comprise task
instances from entirely new rooms with container
arrangements and scene organizations distinctly
different from training tasks, designed to evalu-
ate the model’s zero-shot generalization capabili-
ties. During evaluating ScienceWorld, we main-
tained the “easy” setup consistent with previous
work (Song et al., 2024), enabling all five assistive
features: instant teleportation, pre-opened contain-
ers, self-watering flower pots, and two additional
aids that remove similar micro-action bottlenecks,
thus reducing the burden of low-level operations
and focusing the evaluation on high-level planning
abilities. We also adopted the same balancing strat-
egy as previous work (Song et al., 2024), imple-
menting fair sampling at the task level.

D.2 Baseline

To benchmark our Interactive Planner-R1 against
other training-based approaches, we compared
it with three state-of-the-art methods that in-
corporate human priors: SFT (Zeng et al.,
2024a), which fine-tunes on expert trajectories to
learn interaction capabilities; NAT (Wang et al.,
2024b), which incorporates learning from re-
jected trajectories; and ETO (Song et al., 2024),
which learns from expert trajectories through
DPO. Our evaluation also includes larger mod-



Category Setting / Description
Backbone model Qwen2.5-7B-Instruct
Context length 4096
Random seed 42

Rollout batch size 128

Group size 5

Learning rate le-6

Batch size 32

Max trajectory length 30

Clip parameter € 0.2

KL penalty coefficient 3 0.001
Optimizer AdamW
Learning rate schedule Constant

Table 4: Training, optimization, and implementation
details for Interactive Planner-R1.

els: GPT-3.5 Turbo (Brown et al., 2020)(gpt-
3.5-turbo-0125), GPT-4 (OpenAl, 2023)(gpt-4o-
2024-08-06), DeepSeek-V3 (DeepSeek-Al et al.,
2024)(DeepSeek-V3-0324), and InternLM 2.5
20B (Team et al., 2024), to demonstrate the current
performance of foundation large language models
(both open-source and closed-source) on interactive
planning tasks. All our implemented training-based
methods are exclusively fine-tuned on Qwen?2.5-
7B-Instruct (Yang et al., 2024a), and all models are
evaluated using a consistent set of prompts. Ad-
ditionally, while many methods cannot be directly
compared due to differences in models and evalu-
ation approaches, we still provide these results in
Table 5 for reference.

D.3 Training Details

We implemented Interactive Planner-R1 based on
the verl framework!, a flexible reinforcement
learning library for large language models, and
extended it with an interaction module to support
multi-turn environment rollouts. For clarity and
reproducibility, we summarize the key training hy-
perparameters, optimization settings, and rollout
configurations in Table 4.

Rollout and Data Collection. At each train-
ing iteration, we sample a batch of 128
task—environment pairs. For each task, we perform
grouped rollouts with a group size of 5, where each
group consists of independent environment repli-
cas initialized from the same task configuration.
Each trajectory follows the ReAct paradigm and
is capped at a maximum of 30 interaction steps.
A special done action is introduced to explicitly
terminate a trajectory when the model determines

"https://github.com/volcengine/verl
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that the task has been completed or is unsolvable.
If done is generated prematurely without satisfy-
ing the task completion condition, the trajectory
receives zero reward.

Policy Optimization. All trajectories within a
group share a binary, completion-driven reward (1
if the task is completed, O otherwise). Advantages
are computed using group-normalized returns as
described in Eq. (8), which requires multiple paral-
lel trajectories and is not well-defined for a single-
trajectory setting. We optimize the policy using
Interactive Policy Optimization (IPO), with clipped
probability ratios (¢ = 0.2) and a KL divergence
penalty with respect to a fixed reference model.
Unless otherwise stated, the KL coefficient is set
to 8 = 0.001, which we found to provide a good
trade-off between training stability and exploration
performance.

Model and Optimization. We use
Qwen2.5-7B-Instruct (Yang et al., 2024a)’
as the backbone policy model. Training is
conducted with a maximum context length of 4096
tokens, which includes the instruction, observation
history, and previous ReAct steps. The reference
model is initialized from the same checkpoint
and kept frozen throughout training. We use
the AdamW optimizer with default parameters
provided by verl. The random seed is fixed to 42
for all experiments.

Training Setup and Evaluation. All experi-
ments are conducted on 8 NVIDIA A100 GPUs
with 80GB memory. Grouped rollouts are only
used during training; during evaluation, we perform
single-trajectory inference with a maximum of 30
steps and report pass @1 task completion rates. The
sampling temperature is set to 1.0 during evalua-
tion unless otherwise specified. Each experiment is
repeated 5 times with different random seeds, and
we report the mean and standard deviation.

E Prompt Design

In our research, prompt engineering accomplishes
three interconnected objectives: (i) enumerating
permissible action, guiding the model to execute
effective commands; (ii) mitigating common hal-
lucinations, preventing the model from falling into
blind trial-and-error loops; and (iii) enforcing a
concise ReAct paradigm that clearly demonstrates

2https://huggingface.co/Qwen/QwenZ.
5-7B-Instruct
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ALFWorld Templates:

Environment description

You are an intelligent agent in a household environment and your target is to perform actions
to complete the task goal. At the beginning of your interactions, you will be given the detailed
description of the current environment and your goal to accomplish.

For each of your turn, you will be given the observation of the last turn. You should first think
about the current condition and plan for your future actions, and then output your action in this
turn. Your output must strictly follow this format: Thought: <your thoughts> ; Action: <your

next action>.
Available actions & required format
The available actions are:

1.go to (receptacle)
2.0pen (receptacle)

locations.

Avoid hallucination

invalid and you should try more options.

down any object you are currently holding.
you should only execute one action at a time.
environment after your action.

Output template

Your response should use the following format:

Thought: [your thoughts]
Action: [your next action]

13.inventory:check your current inventory
14.done:Indicate that you believe the task is complete
Where (object) refers to manipulable objects and (receptacle) refers to receptacles or

After your each turn, the environment will give you immediate feedback based on which you plan
your next few steps, if the environment output: Nothing happens, that means the previous action is

You can only hold one object at a time. Before taking a new object, make sure you have placed
You should not assume or anticipate the feedback. Even if you have planned multiple steps ahead,

Do not proceed with any further exploration or actions until you receive the feedback from the

Figure 6: Prompt for ALFWorld

reasoning chains and actions, facilitating straight-
forward extraction of selected operations. Follow-
ing (Qiao et al., 2024), we enhanced the system
instructions to explicitly highlight the allowable
action set, and required output format, while specif-
ically addressing common hallucination patterns.
This approach significantly increasing the probabil-
ity of obtaining initial successful trajectories neces-
sary for guided learning. The prompt is detailed in
Figure 6 and Figure 7.

F More experimental results

Figure 9a illustrates the metrics of the Interactive
Planner-R1 during the training process in ALF-
World, which yields results similar to those in Sci-
enceWorld. The reward curve exhibits a similar
upward trend. Meanwhile, the response length sig-
nificantly decreases from the outset, dropping from
approximately 750 tokens initially to around 450 to-
kens by the end. The relationship between response
length and action steps is also evident in Figure 5b,



ScienceWorld Templates:

System Prompt:

Environment description

You are a helpful assistant to do some scientific experiment in an environment.

You should explore the environment and find the items you need to complete the experiment.

In the environment, there are several rooms: kitchen, foundry, workshop, bathroom, out-
side, living room, bedroom, greenhouse, art studio, hallway.You can teleport to any room in one
step.

Available actions & required format
The available actions are:

activate OBJ

close OBJ

waitl: wait 1 step
done: indicate that you believe the task is complete

Avoid hallucination

When arrive a new location, you should use look around to check the OBj you can interact with.
Use focus on OBJ only neccessary as incorrect use will cause environment ends. Do not proceed
with any further exploration or actions until you receive the feedback from the environment after

your action.
Output template

Thought: [your thoughts]
Action: [your next action]

Your response should use the following format:

Figure 7: Prompt for ScienceWorld

where total actions, invalid actions, and response
length show a consistent downward trend. Due to
the reduced difficulty compared to ScienceWorld,
invalid steps have been almost entirely eliminated
in the final results.

In Figure 8, we present the task completion per-
formance of our trained agents in ScienceWorld,
alongside a comparison with ReAct and ETO. This
comparison underscores the effectiveness and gen-
eralization capabilities of our Interactive Planner-
R1. While prompt-based and previous training-
based methods often exhibit strong performance
on tasks that emphasize common sense reasoning
(e.g., chemistry), their success rates plummet when
faced with tasks that heavily rely on environmen-
tal interaction (e.g., classification). In fact, many
of these tasks remain unsolvable for prompt-based
approaches. In contrast, our method demonstrates
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exceptional completion rates across both seen and
unseen tasks, highlighting its robustness and adapt-
ability in complex and varied scenarios.

Table 5 presents a comprehensive comparison of
our Interactive Planner-R1 against existing meth-
ods on both ALFWorld and ScienceWorld bench-
marks. The table is organized into two main sec-
tions to ensure fair evaluation: referenced results
from original papers (marked with *) and our own
implementations using identical experimental set-
tings. The referenced results section includes a
wide range of state-of-the-art methods, from tra-
ditional approaches like CoLLA and IPR to more
recent advances such as CoPS and AgentPRM,
with some methods achieving impressive perfor-
mance on ALFWorld (e.g., CoPS reaching 94.0%
average completion rate). However, it is impor-
tant to note that these results may not be directly



3 ReAct (Seen)
[ ReAct (Unseen)

ACC.

Matter Measure

[ ETO (Seen)
[ ETO (Unseen)

Classification

I Interactive Planner-R1 (Seen)
[Z3 Interactive Planner-R1 (Unseen)

Biology Chemistry Electricity

Figure 8: Completion rates of Qwen2.5-7B-Instruct on various ScienceWorld tasks, covering both seen and unseen
scenarios. We compare the prompt-based method ReAct with the training-based method ETO and Interactive

Planner-R1.

1.0-

Rewards

Response Length

Rewards
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(a) Rewards and response length

— Total steps
Invalid steps
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(b) Total and invalid action steps

Figure 9: Training progress of Interactive Planner-R1 in ALFWorld: (a) shows the rewards (task completion rate)
and total response length in multi-round exploration; (b) illustrates the decreasing trends in both total and invalid

action steps during training.

comparable due to potential differences in exper-
imental configurations, evaluation protocols, or
implementation details. Our implementation sec-
tion provides a controlled comparison using con-
sistent experimental settings across all methods.
The results demonstrate that vanilla large language
models with ReAcT prompting generally strug-
gle on these tasks, with even GPT-40 achieving
only 55.41% on ALFWorld and 58.18% on Sci-
enceWorld. Training-based methods show signif-
icant improvements, with ETO achieving 82.07%
on ALFWorld, though its performance on Science-
World remains limited at 56.20%. In contrast, our
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Interactive Planner-R1 achieves remarkable perfor-
mance across both benchmarks, reaching 97.55%
average completion rate on ALFWorld and 79.92%
on ScienceWorld. Notably, our method demon-
strates strong generalization capabilities, maintain-
ing high performance on both seen and unseen
scenarios, with minimal performance degradation
between the two settings. This consistent perfor-
mance across different task distributions highlights
the robustness and effectiveness of our approach in
complex interactive environments.

G More ablation study



ALFWorld ScienceWorld
Method Seen Unseen  Avg. Seen Unseen  Avg.
Referenced Results (Not Directly Comparable)
KnowAgent* (Zhu et al., 2025) 66.71 62.69 64.70 58.67 49.18 53.93
CoLA* (Jia et al., 2025) 77.90 74.60 76.30 28.40 21.80 25.10
IPR* (Xiong et al., 2024) 70.30 74.70 72.50 - - -
STeCa* (Wang et al., 2025) 74.30 76.10 75.20 - - -
Agent-R* (Yuan et al., 2025) - - - - - 70.23
DEP* (Wang et al., 2023) - - 76.00 - - -
WKM* (Qiao et al., 2024) 68.57 65.93 67.25 58.67 49.18 53.93
OREO* (Wang et al., 2024a) 79.10 80.70 79.90 - - -
QLASS* (Lin et al., 2025) 77.90 82.80 80.40 75.30 66.40 70.90
AgentLM* (Zeng et al., 2024b) - - 86.00 - - 20.80
AgentPRM* (Choudhury, 2025) - - 91.00 - - -
AdaPlanner* (Sun et al., 2023a) - - 91.79 - - -
CoPS* (Yang et al., 2024b) - - 94.00 - - -
Our Implementation
GPT-3.5-Turbot(Brown et al., 2020) 7.14 7.46 7.30 28.03 21.63 24.83
GPT-407(OpenAl, 2023) 58.57 52.24 55.41 59.6 56.75 58.18
Deepseek-v3f(DeepSeek-Al et al., 2024) 36.43 31.34 33.89 29.28 27.45 28.37
InternLM 2.5 20B Chat{(Team et al., 2024) 7.86 11.94 9.90 33.66 31.15 32.41
Qwen?2.5-7B-Instructf(Yang et al., 2024a) 30.00 32.09 31.05 28.01 16.09 22.05
Qwen2.5-7B-Instruct + SFT(Zeng et al., 2024a) 80.71 79.10 79.91 68.81 55.7 62.26
Qwen?2.5-7B-Instruct + NAT(Wang et al., 2024b) 63.57 66.42 65.00 58.56 49.75 54.16
Qwen?2.5-7B-Instruct + ETO(Song et al., 2024) 84.29 79.85 82.07 55.08 57.32 56.20
Qwen2.5-7B-Instruct + Interactive Planner-R1(Ours) 98.57 +0.7 96.52 119 97.55 83.66 +05 76.18 £09 79.92

Table 5: Complete experimental results on ALFWorld and ScienceWorld benchmarks. The best results are
marked in bold. T indicates vanilla models tested with ReAcT prompting, and * denotes the best results reported in

the original papers.

Group Size Seen Unseen  Avg. Temperature  Seen Unseen Avg.
2 97.86 +0.4  92.68 +0s 95.27 0.5 96.43 2 94.78 +0.3  95.61
3 98.14 +04  97.31 04 97.73 0.7 97.86 +2  97.02+11 97.44
5 98.57 0.7 96.52 +19 97.55 1.0 98.57 0.7 96.52 +19 97.55
7 98.93 105 959 105 9741

Table 6: Performance across different group sizes on
ALFWorld. Group size 5 provides the optimal balance
between exploration diversity and computational effi-
ciency.

Group Size Analysis The group rollout mecha-
nism is central to Interactive Planner-R1’s explo-
ration strategy. We systematically examine how
group size affects both exploration diversity and
computational efficiency by varying the number
of parallel trajectories from 2 to 7 and shown in
Table 6.

As the Table 6 shown, the results reveal an inter-
esting pattern: performance initially improves with
group size (from 95.27% at size 2 to 97.73% at
size 3), suggesting that increased trajectory diver-
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Table 7: Impact of temperature parameter on ALFWorld
performance. Higher temperature enables better explo-
ration while maintaining action quality.

sity enhances learning quality. However, beyond
group size 5, we observe diminishing returns, par-
ticularly on unseen environments (95.9% for size
7 vs. 96.52% for size 5). This suggests that while
larger groups provide more exploration diversity,
they may also introduce noise that interferes with
policy learning. Group size 5 emerges as the opti-
mal configuration, balancing exploration breadth
with learning stability.

Temperature Sensitivity Analysis Sampling
temperature critically controls the exploration-
exploitation trade-off during trajectory generation.
We evaluate three temperature values to understand



how randomness affects both exploration quality
and final performance.

Temperature 1.0 achieves the highest overall per-
formance (97.55%), indicating that sufficient explo-
ration randomness is essential for discovering ef-
fective action sequences. Lower temperatures (0.5
and 0.7) result in more conservative exploration,
limiting the model’s ability to discover optimal
strategies. Interestingly, temperature 0.7 shows the
best generalization (only 0.84% gap between seen
and unseen), while temperature 1.0 provides the
best overall performance despite a larger general-
ization gap (2.05%).

KL Weight Seen Unseen Avg.
0 99.29 11 96.27 £2a1  97.78
0.001 98.57 07 96.52 +19 97.55
0.1 971511 97.01 &1 97.08

Table 8: Effect of KL penalty on ALFWorld perfor-
mance. Removing KL constraints yields optimal per-
formance, suggesting sparse rewards provide sufficient
regularization.

KL Divergence Constraint Effects Kullback-
Leibler (KL) penalty is commonly used in RL to
prevent the policy from deviating too far from the
reference model. We investigate whether such con-
straints are necessary given our sparse reward struc-
ture.

As shown in Table 8, removing KL penalty en-
tirely (8 = 0 in Equation 7) yields the highest
performance (97.78%), outperforming both light
(8 = 0.001) and moderate (8 = 0.1) regular-
ization. This finding suggests that our sparse,
completion-based reward structure inherently pro-
vides sufficient regularization against reward hack-
ing and policy drift. The strong KL constraint (0.1)
actually hurts performance by overly restricting
policy updates, preventing the model from learning
effective exploration strategies. However, we ob-
served some degree of instability in unconstrained
training, manifested as significant training curve
fluctuations and inconsistent convergence rates.
Based on this finding, we adopted light KL reg-
ularization (6 = 0.001) as a compromise in our
final implementation.

H Error Analysis

To better understand the behavioral differences be-
tween Interactive Planner-R1 and prior multi-turn
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reinforcement learning baselines, we conduct a de-
tailed error analysis against ETO under identical
evaluation settings. The analysis is performed on
the same set of tasks using fixed checkpoints for
both methods, without any additional training.

For each failed trajectory, we manually assign
one or more high-level error categories, including:
(1) execution errors after sufficient information has
been obtained, (ii) oscillatory or contradictory ac-
tion sequences, (iii) goal misunderstanding after
locating key objects, (iv) insufficient exploration
(failing to locate required objects or locations), (v)
inefficient execution, (vi) parsing errors, and (vii)
unknown failure causes. The aggregated statistics
are summarized in Table 9.

As shown in Table 9, failures of ETO are dom-
inated by execution-stage errors. A substantial
portion of failed trajectories execute incorrect ac-
tion sequences despite already observing the key
object or location, while many others exhibit re-
peated or oscillatory behaviors. This indicates that
ETO often struggles to convert acquired informa-
tion into stable and coherent multi-step plans. In
contrast, Interactive Planner-R1 significantly re-
duces execution-stage failures, with only a small
fraction of errors occurring after sufficient informa-
tion has been obtained. Moreover, the proportion
of unknown failure cases is lower, suggesting more
interpretable and structured failure modes.

The remaining failures of Interactive Planner-
R1 are primarily attributed to occasional goal mis-
understanding or insufficient exploration, rather
than breakdowns in planning or execution once
the relevant information is available. This analysis
suggests that the performance gains of Interactive
Planner-R1 mainly stem from improved planning
stability and execution quality under partial observ-
ability, rather than solely from increased explo-
ration.

I Case Study: Model’s Knowledge about
Environment

Beyond the model’s successful generalization to
both seen and unseen examples, which already in-
dicates its understanding of environmental knowl-
edge, we conducted a case study in ALFWorld to
further compare the differences in environmental
knowledge mastery between Interactive Planner-R1
and the SFT model.

To demonstrate that the model has acquired en-
vironmental knowledge through exploration, we



Error Type ETO Planner-R1
Executed wrong action sequence after having enough information 9 (0.33) 1(0.20)
Repeated contradictory or oscillatory actions 9(0.33) 2 (0.40)
Found key object but misunderstood the goal 6(0.22) 2 (0.40)
Never found key object / location (insufficient exploration) 6(0.22) 2 (0.40)
Insufficient exploration (generic) 3(0.11) -
Inefficient execution 1(0.04) -
Misunderstood goal 1 (0.04) -
Parsing error 1(0.04) -

Table 9: Breakdown of failure modes for ETO and Interactive Planner-R1. Each failed trajectory may be assigned
to multiple error categories; therefore, percentages do not sum to 1. Values are reported as number of trajectories

followed by the ratio in parentheses.

Search CD with Original Task Format

SFT

System:

You are an intelligent agent in a household
environment...

User:

Your task is to: put some cd on sidetable.

System:

You are an intelligent agent in a household
environment...

User:

Your task is to: put some cd on sidetable.

Observation: Observation:
<Observation from Environment > <Observation from Environment >
Assistant: Assistant:

Thought: | need to locate a CD to place on
the side table as per the task. | should look
around the room to find one.

Action: go to diningtable 1

Action: go to diningtable 1

Figure 10: Comparison between Interactive Planner-R1
and SFT using the original task format,where Interactive
Planner-R1 pointed out the possible position of CD
and SFT exhibited inconsistency between thought and
action .

Ask Model's Knowledge about CD

SFT

System:

You are an intelligent agent in a household
environment...

User:

Your task is to: answer where is cd most
likely to appear.

System:

You are an intelligent agent in a household
environment...

User:

Your task is to: answer where is cd most likely to
appear.

Observation: Observation:
<Observation from Environment > <Observation from Environment >
Assistant: Assistant:

Thought: | need to locate a CD. | will start
by checking the nearest surfaces which
could hold small items, such as side tables.
Action: go to sidetable 1

Action: go to diningtable 1

Figure 11: Comparison between Interactive Planner-R1
and SFT when asked about the location of CD, showing
SFT suffered from prior knowledge bias while Interac-
tive Planner-R1 still succeeded.

identified an object, CD, that appears in numerous
tasks positioned on dining tables, which contra-
dicts common expectations where CDs would more
likely be stored in drawers or on shelves.

In Figure 10, we first maintained the input for-
mat used during training and found that although
both SFT and Interactive Planner-R1 models made
correct actions, the SFT model’s thoughts did not
strongly correlate with its actions. In contrast, In-
teractive Planner-R1 demonstrated awareness of
CD locations in its thought process.

To further verify that Interactive Planner-R1 has
mastered knowledge related to the environment, we
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modified the input format as shown in the Figure 11,
changing the task to ask the model where CDs are
most likely to appear. The SFT model failed to
complete this type of task, with its thoughts still
reflecting the influence of prior knowledge without
recognizing that CD locations in ALFWorld differ
from common expectations. Interactive Planner-
R1, however, still made the correct analysis in its
thoughts, proving that the model has successfully
captured this implicit spatial relationship during its
exploration phase.
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