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Abstract

We present Qwen-GuidePlay-2B, a 2B-
parameter language model for dialogue-game
interaction. We fine-tune Qwen3.5-2B using
three steps: a) SFT on only successful game tra-
jectories from Playpen, b) weighted turn-level
SFT, and c) teacher-guided SFT. The teacher
model (which is a larger model) is only used to
fix formatting and evaluate examples, but does
not create new gold actions. Our final model
scores 57.12 clemscore and 42.68 statscore
on the public Playpen validation. In the of-
ficially released challenge results, our model
obtains the second-highest Playpen clemscore
delta among submitted systems (which is ~+36
over its base model)!. Our findings suggest that
imitating full trajectories helps with playabil-
ity, while turn-level and teacher-guided train-
ing usually improve decision-making and in-
crease the overall score. Alternative procedu-
rally heavy approaches like replay-repair and
hard-example mining did not help, which sug-
gests that small models are performant simply
by using careful curation strategies rather than
aggressive changes. We make available both
the model and the code for reproducibility.?

1 Introduction

Large language models (LLMs) have gained signif-
icant popularity as agents in multi-step interactive
environments, even though they are traditionally
being trained on isolated instruction-response pairs.
Dialogue games, however, demand a distinct form
of competence. An effective agent must first ob-
serve a state, then produce a valid action, receive
subsequent feedback, and interact according to a
defined protocol (Chalamalasetti et al., 2023; Beyer
et al., 2024; Schlangen et al., 2025). In this context,

"https://github.com/lm-playpen/
Im-playschool-2026-final-results

Model: https://huggingface.co/syedhuq/
gwen-guideplay-2b. Code: https://github.com/
SyedHuq28/qgwen-guideplay-2b.

language serves as both a representational medium
and the very mechanism through which the agent
acts. As aresult, a generated string may constitute
a legal move, an illegal move, a premature termi-
nation, or a failure to adhere to the rules of the
game.

Within such setups, a model may fail in vari-
ous ways, such as by providing unnecessary expla-
nations, employing incorrect action formats, fail-
ing to halt when required, executing multiple ac-
tions simultaneously, or breaking the game’s estab-
lished role structure. To address these challenges
within the Playpen framework, our approach fo-
cuses on equipping the language model with a ro-
bust understanding of interaction dynamics and le-
gal rules, rather than merely encouraging the mem-
orisation of specific game states. In the context of
this challenge, playability measures the extent to
which the model has internalised interactional rules
well enough to complete episodes without abort-
ing. Quality, conversely, evaluates how well the
model performs the task once valid participation is
established.

Our aim for this submission is to develop a
model that explicitly captures this distinction. In
our setup, a successful Playpen transcript com-
prises both interactional signals, which demon-
strate adherence to participation rules, and decision
signals, which guide the appropriate action to take
given a specific dialogue or game state. To leverage
these effectively, we employ a staged and incremen-
tal training strategy. First, we fine-tune the model
on complete, successful trajectories, truncated to
a maximum of 1,024 tokens, enabling it to learn
the global rhythm of valid participation. Second,
we factorise these successful trajectories into local
state-action examples (mapping dialogue/game his-
tory to next assistant action), thereby aligning the
training objective more closely with the inference-
time decision problem. Third, we utilise a more
capable model as a constrained teacher, and this
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teacher evaluates selected examples and generates
invalid "near-misses’ for repair, without inventing
new gold-standard actions.

Our architectural design is grounded in recent lit-
erature on successful and guided learning. Success-
filtered training leverages high-quality trajectories
as supervision (Zelikman et al., 2022; Gulcehre
et al., 2023, inter alia), whilst value-weighted pol-
icy learning applies stronger updates to higher-
value actions (Peng et al., 2019). Furthermore,
cognitive accounts of learning emphasise guided
participation, scaffolding, and the gradual internali-
sation of rule-governed practices (Vygotsky, 1978;
Bruner, 1985). Recent developments in text-based
game agents also demonstrate that complex action
spaces can be rendered more tractable by repre-
senting states and actions as text, decomposing
extensive action choices into smaller, manageable
decisions (Xu et al., 2025). We synthesise these
principles to formulate a robust training recipe for
Playpen dialogue games.

Our primary contributions are: (a) We propose
a three-stage interaction-learning recipe for a 2B-
parameter Playpen agent; (b) We provide an analy-
sis demonstrating that successful trajectories and
factorised state-action examples serve complemen-
tary roles in improving both playability and deci-
sion quality; (c) We introduce a teacher-guided aug-
mentation stage that evaluates and repairs examples
without generating new gold actions; and (d) We
finally present compact ablation studies revealing
that our lightweight, teacher-guided training recipe
performs highly effectively, precluding the need for
computationally heavier replay-repair mechanisms,
outcome weighting, or hard-example mining.

2 Method

2.1 Stage 1: Success SFT for valid
participation

We fine-tune Qwen3.5-2B (Qwen Team, 2026) us-
ing only successful Playpen trajectories. We ex-
port the Playpen interactions train split to JSONL
and filter for episodes where Outcome equals
"success”. We focus on successful episodes be-
cause this stage aims to teach the model what a
valid interaction looks like. The model, before do-
ing anything, requires understanding and learning
the structure of a successful dialogue-game episode
before improving its decision-making. This is
aligned with the Playpen framing of Dialogue
Games (Horst et al., 2025). It is also related to

success-filtered post-training methods, which train
on model outputs or traces that satisfy an external
success criterion (Zelikman et al., 2022).

We format each successful episode with the
Qwen chat template and train the model using
standard causal language model loss, truncating
sequences longer than 1,024 tokens. We chose
this limit to balance coverage and computing cost.
In our dataset, the median episode length is 462
tokens. Setting the limit at 1,024 tokens keeps
about 82% of episodes complete. We decided
against a higher limit because it would include
more episodes but would also need much more
memory. We use Qwen3.5 in its default non-
thinking mode throughout training.

2.2 Stage 2: Value-weighted turn-level SFT

Stage 2 converts successful trajectories into local
state—action examples. For each assistant turn, we
create:

prompt = dialogue/game history before
the assistant action
completion = next assistant action.

A successful transcript becomes many small lo-
cal decisions, and the model is trained on the
inference-time problem directly (given the current
interaction state, produce the next legal assistant
action). Decision-level factorisation of complex
action spaces has recently been studied and applied
for LLM game agents (Xu et al., 2025); in our set-
ting, the “moves” are themselves conversational
contributions.

Each row receives a lightweight heuristic value
computed from the completion text. Clean, concise,
non-leaky completions receive higher weight:

v =0.70
+0.15 - F[L < len(c) < 400]
+ 0.05 - ¥¥[no stop-token leakage]
+ 0.05 - ¥[no role-marker leakage]
+0.05 - W[len(c) > 0].

The value is capped at 1.0. Because all source
episodes are successful, most values concentrate
around 1.00 for clean short completions and 0.85
for clean long completions. Weighting imitation
by a scalar per-decision value follows reward- and
advantage-weighted regression (Peters and Schaal,
2007; Wang et al., 2018; Peng et al., 2019), which
LLM post-training instantiates as reward-filtered or



reward-ranked fine-tuning (Gulcehre et al., 2023;
Dong et al., 2023). Unlike equilibrium-derived
Q-values (Xu et al., 2025) or learned advantages,
our values are deliberately cheap textual proxies
computed from the completion alone, prioritising
clean, concise, non-leaky local decisions under a
small compute budget.

We train with completion-only weighted SFT.
Let ¢; be the mean token loss over the completion
of example ¢, and let w; be its value. The batch

loss is:
I— > wil
> Wi

We also train a uniform ablation where all turn-
level weights are set to 1.0. This tests whether the
gain comes from factorisation alone or from value
weighting.

2.3 Stage 3: Teacher-guided repair as
constrained teacher repair

Stage 3 keeps the Stage 2 recipe but changes the
data (we add a small amount of teacher-guided
material while keeping Stage 2 rows dominant).
A stronger LLM (Gemma-4-31B-it, Team et al.,
2026) teacher judges selected Stage 2 rows and
generates invalid outputs for repair training, loosely
inspired by accounts of scaffolded learning with
a more capable partner (Vygotsky, 1978; Bruner,
1985). Gemma-4-31B-it is used as the teacher, with
temperature 0.1 and a maximum generation length
of 700 tokens. Additional teacher-generation de-
tails are provided in Appendix B.

The teacher does not invent a new gold action,
the target action always remains the original gold
action from a successful Playpen trace, and invalid
outputs appear only on the input side of repair ex-
amples.

For judged rows, the teacher receives the
dialogue/game history before the action, the
original gold assistant answer, the previous Stage 2
weight, and the strict Playpen output contract. It
returns JSON scores such as format_score,
action_score, task_progress_score,
done_score, overall_score, a keep deci-
sion, a short reason, and invalid bad_outputs.
The teacher prompt explicitly states that the clean
target must remain the provided gold answer.

For kept rows, the teacher’s overall score s
mildly adjusts the original value v:

v" = clip(v(0.75 4 0.50s), 0.40, 1.20).

The teacher can change how much an example
counts, but it never changes what the model is
trained to produce. Before sampling the 30,000
original Stage 2 rows, we exclude rows that were
used for teacher judging. The 1,000 teacher-judged
rows are then included in reweighted form, so their
original versions do not also appear among the
30,000 sampled Stage 2 rows.

For repair examples, the teacher writes realistic
near-misses of a gold action: added explanation,
a missing GO: prefix, wrong casing, leaked role
markers, stray punctuation, several actions at once,
or a premature DONE. Each repair prompt shows the
game history and one such invalid answer and asks
the model to rewrite it correctly; the training target
is always the original gold action. Producing small
corruptions of a given answer is an easy task for
an instruction-tuned model, so there is little room
for it to invent content. As a check, we manually
inspected 20% of the generated repairs and found
no confabulated text.

The final Stage 3 mixture is shown in Table 1.

Component Count  Share
Original Stage 2 weighted-turn rows 30,000  96.5%
Teacher-judged/reweighted rows 1,000 3.2%
Teacher-generated repair rows 100 0.3%
Total 31,100  100%

Table 1: Final Stage 3 training mixture.

The teacher ratio is intentionally small. Devel-
opment runs showed that heavier replay or repair
can improve Playpen-specific clemscore while re-
ducing statscore, suggesting over-specialisation.

2.4 Model adaptation, prompting, and
post-processing

All stages use Qwen3.5-2B with LoRA adapter
training (Hu et al.,, 2022) followed by merg-
ing into the base model. We use a standard
configuration (rank 16, « = 32, ie. a =
2r, dropout 0.05) and adapt all linear layers
(target_modules="all-linear"), following evi-
dence that adapting all layers rather than attention
projections alone is important for matching full
fine-tuning quality (Dettmers et al., 2023). A single
adapter is created in Stage 1 and used to initialise
the later weighted-SFT runs. Qwen-GuidePlay-2B
is released as a full merged Hugging Face model,
not only a LoRA adapter.

Teacher-guided augmentation uses two prompt



types (Details in the Appendix). The judging
prompt asks the teacher to return JSON-only scores,
a keep/drop decision, a reason, and invalid outputs,
while explicitly forbidding new gold answers. The
repair prompt provides the game history and an
invalid answer, and asks the model to output only
the corrected valid answer. The teacher (Gemma-
4-31B-it) is queried at near-deterministic tempera-
ture (0.1) for judging and is drawn from a different
model family than the student. The full prompt
templates are included in Appendix.

For Playpen evaluation, the model is reg-
istered with the local Hugging Face backend,

the premade chat template, left padding,
and eos_to_cull=<|im_end|>  After merg-
ing, generation_config.json 1is patched

to eos_token_id=[248046, 2480441 and
pad_token_id=248044, so the model stops at
Qwen’s chat end token as well as the base EOS.

3 Experimental Setup
3.1 Data

All training supervision derives from the
colab-potsdam/playpen-data interactions train
split. Validation data is used only for public eval-
uation and model selection, not for constructing
training examples. No private evaluation data is
used for training or model selection.

Training data comes in four forms: (1) success-
ful full trajectories for Stage 1; (2) factorised turn-
level state-action rows for Stage 2; (3) teacher-
judged/reweighted rows for Stage 3; and (4)
teacher-generated repair rows for Stage 3.

The training split contains 20,202 successful tra-
jectories across 16 games, from which we obtain
105,972 factorised turn-level examples for Stage
2. The final Stage 3 mixture contains 31,100 rows:
30,000 original Stage 2 rows, 1,000 teacher-judged
rows, and 100 repair rows. Before drawing the
30,000 Stage 2 rows, we exclude rows that were
used as inputs to the teacher judge. Teacher-judged
rows are filtered using an overall-score threshold of
0.70, after which 1,000 rows are sampled from the
higher-scoring candidate pool. The 100 repair rows
are sampled randomly from the available repair ex-
amples. The mixture builder uses master seed 28,
with derived draw seeds 29, 30, and 31 for the Stage
2, judged, and repair samples, respectively. All re-
ported results are from single training runs, and we
do not average across multiple training seeds.

The dataset-building scripts reject paths

containing validation/test/eval markers such
as validation, /val, test, playpen-eval,
eval_results, leaderboard, or public.

3.2 Training hyperparameters and compute

Setting Stage 1 Stage 2 Final
Initialisation Base + new LoRA Stage 1 adapter Stage 1 adapter
Data Success dialogues  ~106k turn rows 31,100-row mix
Loss tokens All Completion-only Completion-only
Example weights None Heuristic Heur./teacher/repair
Learning rate 2e-4 Se-5 Se-5
Epochs 1.0 0.25 0.25
Effective batch 8 16 8

Table 2: Per-stage training configuration.

Stage 1 uses a learning rate of 2e-4, consistently
for LoRA fine-tuning (Dettmers et al., 2023); Stage
2 and the final run reduce this to 5e-5 to limit drift
when continuing an already-trained adapter. Frac-
tional epochs are grounded in our own ablation:
0.50 epochs of Stage 2 training did not improve
over 0.25 (Table 5), so all later runs use 0.25. All
stages use the PyTorch AdamW optimiser with a
cosine learning-rate schedule and a warmup ratio
of 0.03. Training uses bfloat16 precision without
weight quantisation. Stage 1, Stage 2, and the final
run comprise 1,263, 1,656, and 972 optimisation
steps, respectively. Training wall-clock times were
approximately 8.8 h, 5.7 h, and 4.0 h, respectively.

Training used NVIDIA A100 80GB GPUs:
Stage 1 and the final run used a single process with
effective batch size 8, while Stage 2 used 2-GPU
DDP with effective batch size 16.

All remaining heuristic constants, the value-
formula terms (§2.2), the teacher-modulation coef-
ficients and clip range, the repair weight of 0.75,
and the judge-score threshold of 0.70, were set once
by inspection under a fixed compute budget and
were not tuned. Our ablations therefore test each
mechanism as a whole rather than its constants.

3.3 Evaluation

All models were evaluated with Playpen 3.7.0,
following the LM Playschool Challenge instruc-
tions for setting up the workspace and evaluating a
model. We evaluate with the public Playpen vali-
dation pipeline using:

playpen eval <model> --suite all

The evaluation includes an interactive dialogue-
game suite and a static suite. We report clemscore
for interactive performance and statscore as a ro-
bustness check against over-specialisation. All eval-
uations use Playpen/clembench default decoding.



For runs where detailed breakdowns are avail-
able, clemscore decomposes as:

Avg.%Played x Avg. Quality
100 .

This separates two failure modes. % Played
measures whether the model can validly participate
without aborting. Quality measures how well the
model performs once it is playing.

The official Qwen3.5-2B base scores are 13.05
clemscore and 44.02 statscore. Our local base run
gives the 11.91, with 28.57 average % Played and
41.70 average Quality. We use the official base for
claims regarding improvement in performance and
the local base for playability/quality analysis.

clemscore =

4 Results and Analysis

4.1 Main results

Model / Method Clemscore

Base Qwen3.5-2B official - - 13.05 44.02
Base Qwen3.5-2B local 28.57 41.70 11.91 -
Stage 1: Success SFT 85.60 53.46 45.76 39.74
Stage 2: Uniform weights - - 46.18 40.70
Stage 2: Weighted-turn 83.77 63.65 53.32 41.61
Stage 2: Weighted-turn (0.5 epoch) 82.34 64.45 53.07 40.62
Qwen-GuidePlay-2B 83.30 68.57 57.12 42.68

Avg % Played  Avg Quality Statscore

Table 3: Main results across training stages (— indicates
that the corresponding metric was not recorded.)

On the public Playpen validation set used during
development, the final model achieves a clemscore
of 57.12 and a statscore of 42.68. This corresponds
to a +44.07 clemscore improvement over the of-
ficial Qwen3.5-2B base score on the same public
validation setup. It also outperforms our strongest
non-teacher baseline, Stage 2 Weighted-turn, by
+3.80 clemscore and +1.07 statscore.

Official challenge final results. The organisers
subsequently evaluated Qwen-GuidePlay-2B us-
ing the official LM Playschool Challenge final eval-
uation. Relative to the Qwen3.5-2B base model,
our model obtains a +35.99 Playpen clemscore im-
provement, the second-highest Playpen clemscore
delta among submitted systems. On the held-out
challenge sets, it improves clemscore by +32.85
in-domain and +6.53 out-of-domain. Its Playpen
statscore changes by —1.94 relative to the base
model.

4.2 Playability and quality improve at
different stages

The central pattern is simple, each stage improves
a different aspect of interaction.

Comparison A Avg % Played A Avg Quality
Base local vs. Stage 1 +57.03 +11.76
Stage 1 vs. Stage 2 Weighted -1.83 +10.19
Stage 2 Weighted vs. Final -0.47 +4.92

Table 4: Playability and quality differences across train-
ing configurations.

Stage 1 mostly improves playability. The local
base model plays only 28.57% of episodes, while
Stage 1 plays 85.60%. This suggests that full suc-
cessful trajectories teach the interactional grammar
of Playpen: action format, turn structure, and stop-
ping behaviour.

Stage 2 operates at nearly constant playability
but raises average Quality from 53.46 to 63.65.
This supports the hypothesis that factorising trajec-
tories into state-action examples exposes the local
decision signal more directly than full-dialogue
imitation.

The final teacher-guided configuration further
raises average Quality to 68.57 while maintaining
similar playability. This suggests that the combined
teacher-guided stage improves decision precision
and strict-format behaviour rather than merely in-
creasing the number of valid episodes.

Overall, the pipeline has a clear division of
labour: complete trajectories make the model
playable; value-weighted turns make it better;
teacher-guided repair makes it more precise.

4.3 Ablations and negative results

We compare against four development variants:
a heavier replay-and-repair mixture (RR) trained
after Stage 2; RR-scaled merge, which interpo-
lates the replay-repair LoRA delta before merging;
Outcome-based weighting, which assigns heuris-
tic weights using successful, failed, and aborted
trajectories; and Hard Example Mining (HEM),
which performs loss-based hard-example mining
over Stage 2 rows.

To isolate the contribution of the teacher-guided
data, we additionally train a matched control using
the same Stage 1 initialisation and training hyper-
parameters, and the same 30,000 Stage 2 rows, but
without the 1,000 teacher-judged and 100 repair ex-
amples. This control reaches 54.71 clemscore and
41.24 statscore, compared with 57.12 and 42.68 for
the final model. Thus, adding the small teacher-
guided component improves clemscore by +2.41
and statscore by +1.44 under the matched-data set-
ting.



Method Clemscore  Statscore Interpretation

Stage 2 Weighted-turn 53.32 41.61  Strong non-teacher base-
line

Stage 2 Weighted-turn, 0.50 epoch 53.07 40.62  More training did not
help

RR 54.86 38.66 Replay/repair improved
clem but hurt stat

RR-scaled merge, o = 0.75 53.12 - Scaling RR delta did not
recover the gain

Outcome-based weighting 51.06 40.84  Outcome-based weight-
ing was noisy

HEM 5141 40.60  Loss-based hard mining
underperformed

Matched 30k Stage 2 control 54.71 41.24  Same Stage 2 subset with-
out teacher data

Qwen-GuidePlay-2B 57.12 42.68  Best balance

Table 5: Ablation results. Higher is better for both
Clemscore and Statscore; o denotes the scaling applied
to the replay—repair LoRA delta. A dash indicates that
the corresponding metric was not recorded.

The ablations compare the final lightweight
teacher-guided mixture against heavier alterna-
tives: replay-and-repair training, scaled replay-
repair merging, outcome-based weighting, and loss-
based hard-example mining. These ablations are
single development runs intended as diagnostic
comparisons rather than exhaustive hyperparam-
eter sweeps; implementation details are provided
in Appendix B.2.

These results show that stronger intervention
was not automatically better. RR improved clem-
score over Stage 2 but reduced statscore, suggesting
over-specialisation to benchmark-specific output
behaviour. Outcome-based weighting introduced
noisy credit assignment by weighting failed and
aborted trajectories. HEM may have selected high-
loss examples that were difficult because of length
or context rather than because they were useful
training frontiers. The final method works because
it preserves the successful Stage 2 distribution and
adds only a small corrective signal from the teacher.

5 Model Release and Reproducibility

Qwen-GuidePlay-2B is released as a full merged
2B Hugging Face checkpoint at Hugging Face,
with code available at GitHub. The model is
evaluated with the local Hugging Face backend.
Evaluation follows the public Playpen setup, with
standard local model registration, left padding,
eos_to_cull=<|im_end|>, and the post-merge
generation-configuration patch described above.

6 Limitations

The training method for Qwen-GuidePlay-2B does
not explore online reinforcement learning, explicit
search, or planning. The teacher does not pro-
pose new strategies; it only judges and repairs

existing successful-trace actions. The robustness
of using an LLM as a teacher is not explored.
Although Qwen-GuidePlay-2B improves substan-
tially on the official held-out in-domain evaluation
(+32.85 clemscore), the smaller out-of-domain im-
provement (+6.53) suggests that part of the gain
remains domain-specific.
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A Appendix
A.1 Judging prompt

Each selected Stage 2 row is sent to the teacher as
a two-message conversation. The system message
is:

You are a strict JSON-only data-quality judge
and synthetic-error generator for a
dialogue-game agent. Return one valid JSON
object only. Do not use markdown. Do not
explain outside JSON.

The user message is the following template:

You are judging one training example for a
dialogue-game agent.

The agent must obey a strict output contract:
- Output exactly one final answer.
- For movement tasks, valid movement answers
look like exactly:
GO: north
GO: south
GO: east
GO: west
- If the task is complete, the answer should be
exactly:
DONE
- No explanation.
- No markdown.
- No role prefix.
- No punctuation around the answer.
- No stop tokens.
- No multiple actions.

You are given:

1. The dialogue state/history BEFORE the
assistant answer.

2. The original gold assistant answer from a
successful or high-quality training trace.

3. The old Stage 2 training weight.

You must NOT invent a new gold answer.
The clean target must remain the provided gold
answer.

Your tasks:

A. Score how good this training row is for
teaching strict, correct dialogue-game
behaviour.

B. Generate realistic bad assistant outputs
that a smaller model might produce for this
exact example.

These bad outputs should be close to the
gold answer but invalid or less strict.

Examples of badness:
- extra explanation
- missing GO: prefix
- wrong casing

- punctuation

- markdown

- role leakage

- stop-token leakage
- multiple actions

- premature DONE

- verbose DONE
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Return exactly one JSON object and nothing else.
Required JSON schema:

"format_score”: 1.0,
"action_score”: 1.0,
"task_progress_score”: 1.0,
"done_score”: 1.0,

"overall_score”: 1.0,
"keep": true,
"reason”: "short reason”,
"bad_outputs”: ["bad output 1", "bad output
2"]
}
Rules:

- Scores must be floats from 0.0 to 1.0.

- "overall_score” should summarize whether the
row is useful for training.

- "keep"” should be false only if the row looks
malformed, useless, contradictory, or too
ambiguous.

- "bad_outputs” must contain at most
{max_bad_outputs} strings.

- "bad_outputs” must NOT include the exact
clean target.

- "bad_outputs” must NOT be empty unless keep
is false.

Row index:
{row_index}

0ld Stage 2 weight:
{original_weight}

Dialogue state/history before answer:
{context}

Gold assistant answer:

You are playing a dialogue game. The previous
assistant answer was invalid because it did
not follow the exact required output format
or it contained extra text.

Game state/history before the assistant answer:
{context}

Invalid assistant answer:
{bad}

Rewrite the assistant answer correctly. Output
only one final valid answer and nothing
else.

{target}

Placeholder Replaced with

{context} The message history before the assis-
tant action, serialised as JSON and
truncated to its final 7,000 characters
(the most recent game state matters
most for the next action).

{target} The original gold assistant answer

from the Stage 2 row.

The row’s existing Stage 2 heuristic
value.

The row’s index in the Stage 2 file,
used for resumable processing and
provenance tracking.

4 in all our runs.

{original_weight}

{row_index}

{max_bad_outputs}

Table 6: Template placeholders in the judging prompt.

A.2 Repair prompt

Each kept bad_output produces one repair train-
ing example. The prompt is a single user message
built from the following template; the supervised
target is always the original gold action, never the
teacher’s text:

B Teacher-generation details

Teacher judgements were generated with
Gemma-4-31B-it using temperature 0.1 and a
maximum generation length of 700 tokens. The
serialised dialogue context was limited to 7,000
characters, retaining the most recent context when
necessary. The teacher could generate at most four
candidate invalid outputs per judged example, and
at most two repair examples per source row were
retained. We used random seed 28.

B.1 Teacher-data selection

The teacher-generated judged file contained 2,943
retained Stage 2 rows, of which 2,888 had an over-
all score of at least 0.70. The final Stage 3 mix-
ture samples 1,000 rows from this eligible judged
pool. The repair-generation procedure produced
5,208 repair candidates derived from 2,604 Stage 2
source rows, from which 100 repair examples were
sampled randomly. Before sampling the 30,000 or-
dinary Stage 2 rows, rows used for teacher judging
were excluded from that pool.

B.2 Ablation configurations

The Stage 2 Weighted-turn 0.50-epoch variant
uses the same weighted-turn training setup as
Stage 2, but doubles training from 0.25 to 0.50
epoch. Outcome-based weighting replaces the
Stage 2 weighting scheme with heuristic weights
derived from successful and failed/aborted trajec-
tories. HEM performs loss-based hard-example
mining over Stage 2 examples. RR applies the
heavier replay-and-repair intervention described in
Section 4.3. RR-scaled merge does not introduce
an additional training objective; it scales the replay
repair LoRA delta by a = (.75 before merging.
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