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Abstract

Large Language Models (LLMs) are increas-
ingly deployed as autonomous agents that solve
tasks through multi-step interactions. However,
most post-training methods are designed for
single-turn reasoning or instruction-following
tasks and provide limited supervision for long-
horizon conversational decision making. In this
work, we investigate whether Self-Correction
via Reinforcement Learning (SCoRe), origi-
nally proposed for single-step mathematical
reasoning and code generation, can improve
agentic performance in multi-turn dialogue
games. We adapt SCoRe to the PLAYPEN
benchmark by fine-tuning Qwen3.5-9B on five
single-player dialogue games using interaction-
level rewards and iterative self-correction. Ex-
perimental results show that the resulting model
substantially improves performance on the
trained single-player games and further gen-
eralizes to unseen multi-player dialogue games,
increasing the overall ClemScore from 41.18 to
43.31. Although a slight decrease is observed
on the aggregate StatScore, the model largely
retains its general language understanding and
reasoning capabilities. These findings demon-
strate that self-correction reinforcement learn-
ing is an effective approach for improving long-
horizon conversational agent behavior beyond
single-step reasoning tasks.

1 Introduction

LLMs have achieved remarkable performance
across a wide range of natural language process-
ing tasks, including question answering (Lucas
et al., 2024; Borroto Santana et al., 2025), code
generation(Dolcetti et al., 2026; Dong et al., 2024),
and instruction following(Dong et al., 2025; Wu
et al., 2024). Most existing LLMs are trained to
generate a single response given an input prompt
(Marvin et al., 2024), making them highly effective
for both traditional single-turn applications (Nadi
et al., 2024) and instruction-following (Heo et al.,

2025) tasks. More recently, LLMs have also been
deployed as autonomous agents that interact with
external environments by planning, reasoning, and
taking actions over multiple steps to accomplish
complex tasks (Kannan et al., 2024; Janakiraman,
2026).

Unlike single-turn settings, agentic applications
require LLMs to maintain context, adapt to feed-
back, and make decisions throughout an interaction
(Ouyang et al., 2026). However, most foundation
models are pre-trained on static text corpora and
instruction-tuned on single prompt-response pairs,
providing limited supervision for multi-step con-
versational decision making. Reinforcement learn-
ing has therefore become a common approach for
improving agentic behavior by optimizing models
based on interaction outcomes rather than individ-
ual responses (Horst et al., 2025; Zhou and Zanette,
2024).

The LM Playschool Challenge1 investigates
whether training on multi-step conversational inter-
actions, referred to as dialogue games, can improve
the agentic capabilities of LLMs. In these games,
an LLM interacts with a game environment over
multiple turns, where each action influences sub-
sequent observations and the final task outcome.
This setting provides a realistic benchmark for eval-
uating planning, reasoning, and decision-making
in interactive environments beyond conventional
static benchmarks.

In this work, we, as the Dialogue Architects
team, adapt Self-Correction via Reinforcement
Learning (SCoRe) (Kumar et al., 2025) to multi-
turn dialogue games by fine-tuning Qwen3.5-9B
on five single-player games from the PLAYPEN
benchmark. Unlike the original SCoRe frame-
work, which focuses on single-step reasoning and
code generation, our approach applies iterative self-
correction to long-horizon conversational interac-

1https://lm-playschool.github.io/challenge/

https://lm-playschool.github.io/challenge/


tions. Experimental results show that SCoRe im-
proves performance on both trained single-player
games and unseen multi-player games, increasing
the overall ClemScore (+2.13), while maintaining
competitive performance on general language un-
derstanding and reasoning benchmarks. These find-
ings demonstrate that self-correction reinforcement
learning is an effective approach for improving
long-horizon conversational agent behavior.

2 Related Work

The PLAYPEN framework (Horst et al., 2025)
introduces a benchmark for training and evaluat-
ing LLMs as conversational agents in multi-turn
dialogue games. Unlike traditional instruction-
following benchmarks, PLAYPEN evaluates mod-
els on long-horizon interactions where each action
influences future observations and the final task out-
come. Performance is measured using ClemScore
for interactive gameplay and StatScore for general
language understanding and reasoning. To improve
agentic performance, the PLAYPEN authors inves-
tigated Supervised Fine-Tuning (SFT), Direct Pref-
erence Optimization (DPO), and Group Relative
Policy Optimization (GRPO). While SFT and DPO
improved performance on games seen during train-
ing, they generalized poorly to unseen games and
often reduced StatScore. GRPO achieved the best
trade-off by improving interactive gameplay while
largely preserving general language capabilities.

Self-correction has recently emerged as an effec-
tive paradigm for reinforcement learning across a
variety of sequential decision-making tasks, includ-
ing autonomous driving (Guo et al., 2026), image
captioning (Zhang et al., 2025), mathematical rea-
soning (Xiong et al., 2025), and search agents (Li
et al., 2026). These methods enable models to it-
eratively revise intermediate decisions instead of
relying solely on final outcome rewards.

Another self-correction approach is SCoRe (Self-
Correction via Reinforcement Learning) (Kumar
et al., 2025), which introduces a multi-turn rein-
forcement learning framework that explicitly trains
language models to improve their own responses
through iterative self-correction. Rather than re-
lying on supervised correction traces or external
teacher models, SCoRe performs online reinforce-
ment learning on self-generated trajectories and
employs reward shaping to encourage successful
self-correction while preventing behavior collapse.
The method achieved state-of-the-art performance

on the MATH and HumanEval benchmarks, sub-
stantially improving mathematical reasoning and
code generation through a single self-correction
step.

Our work extends SCoRe to a substantially dif-
ferent setting. While the original framework was
developed for single-step reasoning and coding
tasks, we apply it to multi-turn dialogue games in
the PLAYPEN benchmark, where the model must
maintain conversational context, adapt its decisions
over multiple interaction steps, and optimize for
episode-level success. Our results show that SCoRe
improves interactive dialogue-game performance
and is effective beyond single-step reasoning tasks
and can enhance long-horizon conversational agent
behavior.

3 Methodology

3.1 SCoRe Learning Algorithm

SCoRe (Kumar et al., 2025) is a two-stage rein-
forcement learning framework designed to improve
a language model’s ability to self-correct. During
training, the model first generates an initial attempt
(y1) and then generates a second attempt (y2) condi-
tioned on the original task, the complete trajectory
of the first attempt, and a self-correction prompt.
The objective of SCoRe is to encourage the second
attempt to correct mistakes made in the first attempt
while maintaining stable optimization throughout
training. Figure 1 provides an overview of the two-
stage SCoRe training framework.

Stage I – Constrained Initialization using KL-
Divergence: The policy model is initialized using
reinforcement learning to improve the accuracy of
the second attempt while keeping the first attempt
close to the original base model. A KL-divergence
regularization constrains the first attempt to remain
similar to the base model, allowing the second at-
tempt to improve independently. This stage re-
duces the tendency to couple the two attempts and
provides a stable initialization for subsequent self-
correction training.

Stage II – Reward-Shaped Multi-Turn RL:
Starting from the Stage I policy, the model is fur-
ther optimized using a reward-shaping objective
that jointly encourages the correctness of the sec-
ond attempt and meaningful improvement over the
first attempt. A reward bonus is assigned when the
second attempt successfully corrects an incorrect
first attempt, while a large negative penalty is ap-
plied when a correct first attempt is changed into an



Figure 1: Overview of the two-stage SCoRe training framework: Source: (Kumar et al., 2025). Stage I trains
a stable initialization by constraining the first attempt to remain close to the base model while optimizing the
second attempt. Stage II jointly optimizes both attempts using reward-shaped reinforcement learning to encourage
successful self-correction.

incorrect one. This reward design explicitly encour-
ages effective self-correction while discouraging
unnecessary revisions.

3.2 Implementation
We used Qwen3.5-9B2 as the base policy model
and fine-tuned it using the two-stage SCoRe frame-
work (Kumar et al., 2025) on the single-player di-
alogue games from the PLAYPEN benchmark3.
We employed 4-bit QLoRA for parameter-efficient
fine-tuning and merged the learned LoRA weights
into the base model after training. Unlike the orig-
inal SCoRe work, which focused on single-step
reasoning and code generation, we adapt SCoRe
to multi-turn dialogue games, where each self-
correction attempt corresponds to an entire game-
play episode rather than a single generated re-
sponse. The training data consists of five single-
player PLAYPEN games: adventuregame, textmap-
world, textmapworld_graphreasoning, textmap-
world_specificroom, and wordle. The total number
of training instances is 161, with the breakdown by
game reported in Table 4 in Appendix A.

For each training episode, the model first gen-
erates an initial attempt (y1) by completing an en-
tire dialogue-game episode. The complete interac-
tion trajectory together with the episode outcome
(successful, unsuccessful, or aborted) is then pro-
vided through a self-correction prompt, enabling
the model to reflect on its previous decisions before
generating a second attempt (y2). Figure 2 shows
the self-correction prompt template used to transi-
tion from the first attempt to the second attempt.

2https://huggingface.co/Qwen/Qwen3.5-9B
3https://huggingface.co/datasets/

colab-potsdam/playpen-data

Episode-level rewards were computed using the
success signals returned by each CLEMcore game
evaluator. A reward of +1 was assigned when the
policy model successfully completed the game, 0
when it failed to solve the game, and −1 when
the episode was aborted due to a rule violation or
invalid interaction.

To facilitate reproducibility, the train-
ing scripts are publicly available at
https://github.com/NedaForoutan/
SCoRe-to-Single_Player-Dialogue-Game,
and the fine-tuned model is released at
https://huggingface.co/Valhari14/
score-qwen3.5-9b-playpen.

3.2.1 Experimental Setup
Training on the five single-player dialogue games
took approximately 48 hours using three NVIDIA
A30 GPUs on a single compute node. The GPUs
were used to parallelize on-policy rollout gen-
eration, as SCoRe requires two complete game
playthroughs per training episode, with an initial
attempt followed by a self-correction attempt, re-
sulting in approximately twice the generation cost
of standard single-attempt reinforcement learning
fine-tuning. To enable memory-efficient training,
the model was loaded using 4-bit QLoRA through
the Hugging Face Transformers, PEFT, and bit-
sandbytes libraries. Unless otherwise specified, we
followed the training configuration of the original
SCoRe implementation.

The Stage II reward-shaping coefficient was
set to α = 10.0, while the KL-divergence regu-
larization weights were β1 = 0.01 for Stage II
and β2 = 0.1 for Stage I. The learning rate was
1× 10−5. During training, the sampling tempera-

https://huggingface.co/Qwen/Qwen3.5-9B
https://huggingface.co/datasets/colab-potsdam/playpen-data
https://huggingface.co/datasets/colab-potsdam/playpen-data
https://github.com/NedaForoutan/SCoRe-to-Single_Player-Dialogue-Game
https://github.com/NedaForoutan/SCoRe-to-Single_Player-Dialogue-Game
https://huggingface.co/Valhari14/score-qwen3.5-9b-playpen
https://huggingface.co/Valhari14/score-qwen3.5-9b-playpen


if y1.success : "You SUCCEEDED in your previous attempt ."
if y1.aborted : "Your previous attempt was ABORTED due to a rule violation ."
if y1.lost : "Your previous attempt was UNSUCCESSFUL ."

"Below is a summary of what you did last time. Carefully review it, identify what
went wrong or could be improved , and play better this time. A fresh attempt at the
same task begins now."

Figure 2: Self-correction prompt template used during SCoRe training. After completing the first attempt, the
model receives feedback indicating whether the episode was successful, unsuccessful, or aborted, together with an
instruction to review its previous decisions before generating a second attempt.

Model ClemScore StatScore

Qwen3.5-9B 41.18 54.35
SCoRe_Qwen3.5-9B 43.31 52.71

Table 1: Performance comparison between the base
Qwen3.5-9B model and the SCoRe-fine-tuned vari-
ant on the PLAYPEN benchmark. ClemScore evalu-
ates performance on all interactive dialogue games,
while StatScore is the average across BBH, CLadder,
EQBench, IFEval, and MMLU-Pro.

ture was set to 0.8, the maximum number of gener-
ated tokens per attempt was 256, and Stage I and
Stage II were trained for 3 and 5 epochs, respec-
tively.

4 Results

Table 1 compares the overall performance of the
base Qwen3.5-9B model and the SCoRe fine-tuned
model, SCoRe_Qwen3.5-9B, on the PLAYPEN
benchmark. SCoRe_Qwen3.5-9B improves the
overall ClemScore from 41.18 to 43.31 (+2.13),
indicating better performance on interactive dia-
logue games. The aggregate StatScore decreases
only slightly from 54.35 to 52.71, suggesting that
the reinforcement learning fine-tuning largely pre-
serves the model’s general language understanding
and reasoning capabilities despite being optimized
for interactive dialogue tasks.

Performance on Single-Player Dialogue Games:
Table 2 presents the performance of the SCoRe fine-
tuned model on the five single-player PLAYPEN di-
alogue games. Compared with the baseline model,
SCoRe substantially improves the overall Clem-
Score from 39.38 to 47.31 (+7.93). Although the
completion rate (% Played) remains unchanged
across all games, the quality score (QS) consis-
tently improves on every game except Wordle,
where both models aborted or timed out on several
instances. The largest improvement is observed

on AdventureGame, where the quality score in-
creases from 11.11 to 33.33, followed by TextMap-
World_SpecificRoom (39.66 to 56.45) and TextMap-
World (68.01 to 73.07). These results indicate that
SCoRe primarily improves the quality of decision
making within successful gameplay episodes on
the single-player dialogue games used for train-
ing, leading to a substantial improvement in overall
interactive performance.

Generalization to Multi-Player Dialogue Games:
To evaluate whether the learned self-correction be-
haviour generalizes beyond the training games,
we evaluated the model on unseen multi-player
PLAYPEN dialogue games. As shown in Table 3,
SCoRe improves the overall ClemScore from 41.18
to 43.31 (+2.13) and increases the average com-
pletion rate from 70.21% to 74.37%. The largest
improvement is observed on Wordle_withClue,
where the completion rate doubles from 33.33%
to 66.67%, although the average quality score de-
creases because the additional successful-played
episodes receive lower-quality solutions. SCoRe
also improves the quality score on Taboo from
41.67 to 50.00, indicating that the learned self-
correction strategy transfers effectively to this col-
laborative word-based game.

Performance decreases slightly on Private-
Shared, where the quality score drops by 4.26
points, and the overall average quality score de-
creases modestly from 66.20 to 64.44. Moreover,
the baseline and SCoRe models achieve identical
performance on ImageGame, MatchIt_ASCII, Ref-
erenceGame, and Wordle_withCritic. And both
models consistently aborted or timed out on Wor-
dle, GuessWhat, and Codenames.

These results suggest that training with SCoRe
on single-player dialogue games improves the
model’s ability to generalize to unseen multi-player
dialogue games, particularly by increasing task



Overall All,Average AdventureGame TextMapWorld TMW-GR TMW-SR

Model ClemScore % QS % QS % QS % QS % QS

Qwen3.5-9B 39.38 72 54.7 60 11.11 100 68.01 100 39.66 100 100
SCoRe-Qwen3.5-9B 47.31+7.93 72 65.71+11.01 60 33.33+22.22 100 73.07+5.06 100 56.45+16.79 100 100

Table 2: Generalization performance of the SCoRe-Qwen3.5-9B (SCoRe-Qwen) model on unseen single-player
PLAYPEN dialogue games after training on five single-player dialogue games. “%” denotes the percentage of
successfully played games, and QS denotes the average quality score for completed games. TMW-GR and TMW-SR
refer to TextMapWorld_GraphReasoning and TextMapWorld_SpecificRoom, respectively.

completion rates. While improvements in interac-
tion quality are not uniform across all game types,
the gains in overall ClemScore demonstrate that
self-correction reinforcement learning transfers be-
yond the training games and improves long-horizon
conversational decision making.

Overall, the experimental results demonstrate
that SCoRe is an effective reinforcement learn-
ing strategy for improving LLMs in interactive
dialogue-game environments. Fine-tuning on a
small set of single-player dialogue games substan-
tially improves in-domain performance while also
transferring to unseen multi-player games. Impor-
tantly, these gains are achieved with only a modest
reduction in StatScore, indicating that the improve-
ments in agentic behaviour come without signifi-
cant degradation of the model’s general language
understanding and reasoning capabilities.

5 Conclusion

This work adapts Self-Correction via Reinforce-
ment Learning (SCoRe) to multi-turn dialogue
games in the PLAYPEN benchmark. Unlike the
original SCoRe framework, which was developed
for single-step mathematical reasoning and code
generation, our approach applies iterative self-
correction to long-horizon conversational interac-
tions. The model is trained on five single-player di-
alogue games, where each training episode consists
of an initial gameplay attempt followed by a self-
corrected replay of the same game instance. Exper-
imental results show that SCoRe substantially im-
proves performance on the trained single-player di-
alogue games and also generalizes to unseen multi-
player games, demonstrating that self-correction
learned from single-player interactions transfers to
more complex collaborative settings. Overall, our
findings demonstrate that self-correction reinforce-
ment learning is a promising training paradigm
for enhancing the agentic capabilities of large lan-
guage models in long-horizon conversational en-

vironments. Beyond improving performance on
individual dialogue games, the proposed adapta-
tion shows that SCoRe can be successfully ex-
tended from single-step reasoning tasks to sequen-
tial decision-making settings involving multi-turn
interactions.

6 Limitations

This work has several limitations. First, due to the
lack of time for training SCoRe, our experiments
are limited to the five single-player dialogue games
provided in the PLAYPEN benchmark. Extend-
ing the approach to multi-player dialogue games
requires substantially longer training times, and is
therefore left for future work.

Second, we evaluate SCoRe using a single base
model, Qwen3.5-9B. Because of the limited time
and computational resources required for reinforce-
ment learning fine-tuning, we were unable to in-
vestigate the effectiveness of SCoRe on additional
LLMs. Evaluating the proposed approach across a
broader range of open-source models with differ-
ent architectures and scales would provide a better
understanding of its generalizability.
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A Training Instances

Table 4 reports the number of training in-
stances for each of the single-player games
from the PLAYPEN benchmark. The training
set comprises 161 instances in total, dis-
tributed across AdventureGame, TextMapWorld,
TextMapWorld_GraphReasoning, TextMap-
World_SpecificRoom, and Wordle. These
instances were used to fine-tune Qwen3.5-9B
with Self-Correction via Reinforcement Learning
(SCoRe) for multi-turn dialogue-game interactions.

Game # of Instances
AdventureGame 35
TextMapWorld 45
TextMapWorld_GraphReasoning 27
TextMapWorld_SpecificRoom 27
Wordle 27
Total 161

Table 4: Number of training instances for each
single-player PLAYPEN game used for fine-tuning of
SCoRe_Qwen3.5-9B.

B Dialogue Game Transcripts

To qualitatively illustrate the effect of SCoRe,
Figure 3 presents a representative self-correction
episode from the textmapworld game. In the first
attempt (y1), the model terminates the game af-
ter revisiting previously explored rooms, failing to
discover all reachable locations. After receiving
the self-correction prompt shown in Figure 2, the
model generates a second attempt (y2), avoids the
earlier navigation error, successfully explores the
remaining room, and completes the task. This ex-
ample demonstrates how SCoRe enables the model
to reflect on its previous attempt and improve its
decision-making over multiple interaction steps.



Prompt

You are playing a room-exploration game. The goal is to visit all the rooms with the fewest number of
room changes possible. In each room, decide the direction to go in. Recognize when there are no new
rooms to visit and answer DONE at that point.
Use GO: <DIRECTION> to move, where DIRECTION is one of [north, south, east, west].
You are in the Home theater. Currently available directions: west.

Attempt 1 (y1) – Unsuccessful

Turn 1: GO: west (entered Garage; available: north, east)
Turn 2: GO: north (entered Playroom; available: north, south)
Turn 3: GO: south (re-entered Garage; available: north, east)
Turn 4: GO: east (re-entered Home theater; available: west)
Turn 5: DONE
Outcome: looped back through visited rooms; Pantry never reached – failure.

Self-Correction Prompt

Your previous attempt was UNSUCCESSFUL.
Carefully review what went wrong, identify what could be improved, and play better this time.
A fresh attempt at the same task begins now.

Attempt 2 (y2) – Self-Corrected

Turn 1: GO: west (entered Garage; available: north, east)
Turn 2: GO: north (entered Playroom; available: north, south)
Turn 3: GO: north (entered Pantry; available: south)
Turn 4: DONE
Outcome: all rooms visited – success.

generate initial response

reflection

retry

Figure 3: SCoRe self-correction example on textmapworld. The model first generates an unsuccessful attempt
(y1), receives the self-correction prompt, and then generates a corrected attempt (y2) that solves the task.
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