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Abstract

Learning from interaction requires more than
producing appropriate responses: learners must
maintain a shared interaction with a partner,
following its rules while adapting to feedback
and contingencies. We argue that this depends
on a prerequisite we call protocol competence:
the ability to produce valid actions, maintain
interaction structure, and respond appropriately
across turns. In this paper, we investigate pro-
tocol competence in Small Language Models
(SLMs) from the Qwen family across five inter-
active dialogue games from CLEMBENCH, find-
ing 51.3% of episodes from Qwen3.5-0.8B ter-
minate in protocol violations. However, teacher
demonstrations from a larger language model
can scaffold participation, raising Wordle play
from 0/30 to 29/30. Once models can reli-
ably participate, we find self-improving rein-
forcement learning becomes effective: a single
round of self-generated reinforcement learn-
ing (self-ReST) yields large gains from a small
number of successful trajectories. Comparing
adaptive learning strategies, we find that credit-
weighted training provides the most reliable im-
provements, reducing variance relative to uni-
form supervision. Together, these results sug-
gest that interactive learning follows a staged
trajectory: SLMs must first acquire the compe-
tence to participate before they can exploit the
contingencies generated by interaction.

¥ Playpen Models on HuggingFace
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1 Introduction

Learning from interaction requires more than pro-
ducing an appropriate response: a learner must
build and update a shared understanding with its
partner across turns, using feedback, correction,
and repair to coordinate action and reference (Clark
and Wilkes-Gibbs, 1986). Computational models
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Game Master Game Master:
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Give a short description Give a short description

CLUE: Something that has moved CLUE: You need to describe a word
away from a place like this, and it fits all
hree words above [...
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Figure 1: Protocol competence in the Taboo Game
(Horst et al., 2025b). Left: the Teacher Qwen model
produces a valid clue in the format expected by the game,
allowing the interaction to continue and the clue to be
evaluated. Right: the Learner Qwen SLM produces a
plausible clue but then generates the other player’s turn
as well: the task is not the problem, knowing when
to stop is. This is a protocol-competence failure: the
model can produce a valid clue, but cannot yet reliably
participate in the interaction.

have learned from environmental reward, situated
instruction, observation, human corrections, and
co-players in language-mediated games (Branavan
et al., 2009; Chen and Mooney, 2011; Wang et al.,
2016, 2017; Hancock et al., 2019; Kojima et al.,
2021; Lewis et al., 2017; He et al., 2018; Lazaridou
et al., 2017). Across these settings, however, inter-
action is usually treated as available to the learner:
the agent produces an action or utterance that the
environment or partner can interpret, evaluate, and
respond to.

For language models, this assumption is conse-
quential. In open-ended dialogue, a learner must
first produce an utterance that conforms to the pro-
tocol well enough for interaction to continue (Berto-
lazzi et al., 2023; Qiao et al., 2023; Guertler et al.,
2025). Dialogue games provide a clean setting in
which to study this problem because they distin-
guish failure to produce a valid turn from failure
to achieve the task (Schlangen, 2023). A model
that gives a poor clue can receive feedback about
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task performance; a model whose output cannot
be parsed may never reach the point at which such
feedback is available.

We therefore argue that learning from interaction
has a prerequisite: protocol competence. This is
the ability to enter an interaction in the required for-
mat, produce valid moves, maintain the exchange
structure across turns, and use feedback to con-
dition future behaviour. Protocol competence is
distinct from task competence: a model can par-
ticipate reliably yet fail to win, or possess rele-
vant knowledge yet fail to participate long enough
to access the learning signal. We distinguish the
production of a valid response in the appropriate
context and format from interactive task compe-
tence, which uses interaction to improve task per-
formance. More generally, contingent interaction
requires the learner to recognise and exploit struc-
tured dependencies between its own actions and an-
other agent’s responses (Salhan et al., 2025). With-
out valid participation, these action—response pairs
never arise; the interaction loop closes before it
opens. This motivates our central question: what
must a small language model (SLM) learn before
it can learn from interaction? We study Qwen
models (Yang et al., 2025) in the Playpen frame-
work (Horst et al., 2025b) across five protocol-
based language games drawn from the clembench
suite (Chalamalasetti et al., 2023).

Our results reveal a substantial participation bot-
tleneck. A Qwen3.5-0.8B base learner aborts more
than half of sampled episodes because it violates
the interaction protocol before a task outcome
can be assigned. We therefore first scaffold the
learner with demonstrations from a larger Qwen2.5-
3B-Instruct teacher, and only then expose it to
its own successful interactive experience through
reinforcement-learning-based methods including
ReST, online GRPO, and GiGPO. Across these
settings, improved protocol competence is an im-
portant prerequisite for interactive improvement:
models can make progress when they reliably par-
ticipate, while games with persistent protocol fail-
ures remain resistant to further learning.

The bottleneck is not explained by model scale
alone. Protocol competence is not monotonic with
parameter count across Qwen models, with smaller
models sometimes outperforming larger variants,
and it is not removed by instruction tuning or by
the choice of teacher. These results suggest that
successful interactive learning cannot be reduced

to a scaling effect: before a model can learn from
interaction, it may first need to learn how to
participate in interaction.

2 Methodology

Our central hypothesis is that successful interactive
learning has an enabling condition we call protocol
competence: the ability to produce valid actions in
the required format, at the appropriate turn, while
maintaining the interaction structure. Contingency
and feedback use are what happen after this pro-
tocol channel is established. Without this com-
petence, a model cannot obtain meaningful learn-
ing signals regardless of its underlying reasoning
ability. Once protocol competence is established,
subsequent improvement should depend primarily
on ordinary experience-driven learning rather than
continued teacher supervision.

We investigate what an SLM must learn before
it can learn from interaction. Our starting point
is protocol competence: the ability to produce valid
actions, follow the rules of an interaction, and re-
spond appropriately to feedback. We first ask can
demonstrations from a larger model teach an SLM
how to participate? (R(Q1). We train the SLM
on teacher demonstrations and separately measure
whether it becomes better at producing valid inter-
actions and whether this translates into better task
performance. We then ask once an SLM can partici-
pate, can it learn from its own experience without a
teacher? (R(Q)s). Following ReST (Gulcehre et al.,
2023a), the model generates its own trajectories,
keeps successful interactions, and trains on them.
Finally, we ask how much successful experience
is needed for this self-learning to work? (RQ3),
varying the number of training trajectories from
64 to 512. These experiments establish whether
protocol competence is simply another aspect of
task performance, or whether it is a prerequisite for
learning from interaction.

We next ask what makes self-generated experi-
ence useful for further learning. Once the learner
can reliably participate, we compare standard ReST
with methods that select or weight experience ac-
cording to how useful it is (§2.3). We test whether
learning improves when the model focuses on inter-
actions that are challenging but still within its capa-
bilities (ZPD-based selection), gives greater weight
to trajectories likely to cause behavioural change
(credit-weighted learning), or explores more during
generation through different decoding strategies.



We also compare offline self-training with online
methods, GRPO and GiGPO (Shao et al., 2024,
Feng et al., 2025), which assign credit while the
interaction is taking place. Finally, we test whether
the effect can be explained by simpler alternatives
such as model size, instruction tuning, supervision
quantity, demonstration type, teacher identity, or
decoding (§2.3), and whether protocol competence
transfers to games that were not used for training.
This allows us to distinguish learning to perform a
task from learning how to participate in the inter-
action through which the task can be learned.

2.1 Interactive Games

We evaluate on five dialogue games from Chala-
malasetti et al. (2023). In each game, a Game
Master parses every turn and a protocol violation
terminates the episode immediately, which is what
makes participation separately measurable. These
have different forms of interactive reasoning while
enforcing strict communication protocols. Taboo
requires constrained paraphrasing under alternat-
ing CLUE:/GUESS: turns; Wordle requires sequen-
tial constraint reasoning over feedback from pre-
vious guesses; ImageGame involves collaborative
reconstruction of a spatial grid through incremen-
tal natural-language instructions; ReferenceGame
tests discriminative referring expressions over visu-
ally similar alternatives; and PrivateShared evalu-
ates maintenance of common ground during multi-
turn dialogue. In every game, protocol violations
immediately terminate the episode, allowing par-
ticipation failures to be distinguished from task
failures (see Appendix A).

2.2 Experimental Setup

Models We use a base model QWEN3.5-0.8B
(Yang et al., 2025) as a student model, and exper-
iment with larger base models spanning 0.8B—7B
parameters from the Qwen3 family. We use sev-
eral teacher models that provide demonstrations.
Demonstrations are complete, protocol-conformant
episode transcript produced by a larger model in
the same game that is rendered in the learner’s chat
format and used as a supervised target on the assis-
tant turns only.

Demonstration Settings We experiment with
two settings for demonstrations: protocol-only
demonstrations preserve the interaction structure
(which template to emit, what a turn looks like,
what must not appear), whereas reasoning-only

demonstrations provide task solutions without re-
liably establishing the interaction channel (which
move to choose).

Metrics
play:

We use three metrics to evaluate game-

Play-Rate Play-rate is a binary measure: an
episode either reaches a verdict or it aborts. It
is the fraction of episodes that reach a task verdict
rather than aborting (%), as our primary
operational measure of protocol competence. This
is whether a model can produce an interaction that a
game can accept (ranging from 0 — 1). We can also
define format-abort rate as 1 — play-rate. We re-
port play-rate at two different levels of aggregation.
Macro play-rate first computes play-rate separately
for each game and then averages across games.
Pooled play-rate instead combines all episodes
across games before computing the overall rate.
These can give different results because the games
contain different numbers of episodes. For exam-
ple, with sampled rollouts ((T=0.9, k=6)), the base
learner has a macro abort rate of 0.67 but a pooled
abort rate of 0.51.

Per-turn violation rate To examine the underly-
ing behaviour of playrate more continuously, we
also report per-turn violation rate. This measures
how often the model produces an invalid turn,
rather than whether the entire episode eventually
aborts. We report this measure separately by game
because pooling across games makes it strongly
dependent on how many turns each game contains.

Quality This is a game-specific score, calculated
only over episodes that are actually played. Game-
specific quality measures task success conditional
on valid participation: Taboo rewards identifying
the target with fewer guesses, Wordle rewards solv-
ing the word using fewer attempts, ImageGame
measures accurate reconstruction of the target grid,
ReferenceGame measures successful identification
of the intended referent, and PrivateShared mea-
sures successful maintenance and use of common
ground across turns (Chalamalasetti et al., 2023;
Beyer et al., 2024).

CLEMSCORE CLEMSCORE is the product of
playrate and quality (Chalamalasetti et al., 2023;
Beyer et al., 2024; Horst et al., 2025a). Aborted
episodes therefore count against play-rate but do
not enter the quality calculation. This means that



a model can improve its quality while its CLEM-
SCORE falls if it becomes more likely to abort.

2.3 Self-Improvement Reinforcement
Learning

We next ask once an SLM has acquired protocol
competence, does the way that experience is se-
lected, explored, or credit-assigned affect subse-
quent learning? This is a stronger test of learning
from interaction than teacher-supervised protocol
repair: the model must first generate trajectories
that successfully navigate the environment and then
extract useful supervision from those trajectories.
We draw inspiration from ReST (Reinforced Self-
Training), an offline self-improvement method in
which a model generates its own trajectories, se-
lects successful ones using outcome feedback, and
fine-tunes on them to improve its policy (Gulcehre
et al., 2023b). Our methodological contribution is
to adapt offline ReST (Gulcehre et al., 2023b) to
interactive dialogue games and systematically com-
pare flat rejection sampling, difficulty-based (ZPD)
selection, step- and episode-level credit weighting,
and decoding-based exploration under matched
compute.

Flat-ReST We call our primary condition Flat
ReST, where every retained winning trajectory
is treated equally during fine-tuning. This setup
therefore asks a simple question: once an SLM
knows how to participate, can it improve its task
performance by learning from interactions that it
successfully generated itself? We therefore imple-
ment self-ReST, following ReST , as an offline
Grow-Select-Improve procedure. We start self-
ReST from a protocol-repaired checkpoint of the
base SLM, so that the model can already participate
correctly in the games. Self-ReST then repeatedly
follows three steps. First, in Grow, the current
model plays each game and generates k£ = 4 candi-
date trajectories per game instance at temperature
0.8 across the five-game Playpen suite. Second,
in Select, we keep only trajectories in which the
model wins and has produced a valid interaction:
specifically, the trajectory must contain a valid as-
sistant interaction turn and at least two messages.
The resulting winners are balanced across games.
Third, in Improve, we fine-tune the model on these
successful trajectories. Importantly, the model is
not updated while generating the trajectories: we
first collect and filter a fixed set of experiences,
and only then train on them. We repeat this process

across rounds, allowing the improved model to gen-
erate new experiences in the next round. We also
vary the amount of self-generated supervision inde-
pendently of the number of rounds by training on
different numbers of winning trajectories. Let VW
denote the valid winning trajectories and S C W
the selected training set; the Improve stage mini-
mizes L(0) = — > s>, w(T,t)logm(as | st).
Flat ReST retains all winners with w(r,t) = 1.

Alternative Strategies We introduce three ad-
ditional strategies that differ in where they place
the learning signal. Unlike Flat ReST’s treatment
of every successful trajectory as equally informa-
tive (a rejection-sampling baseline), we compare
concentrating experience where the learner is near
competence, and assigning greater credit to the
episodes or actions that provide stronger evidence
of progress.

» ZPD selection assumes that the most useful
experience lies near the learner’s current capa-
bility boundary: interactions that are neither
consistently solved nor consistently failed pro-
vide opportunities to learn from achievable
successes. ZPD selection retains winners
only from instances with empirical win rate
W; € [0.25,0.75], concentrating supervision
on interactions where the current policy has
demonstrated partial competence.

* Credit-weighted ReST goes further by dis-
tinguishing which successful experiences and
which decisions within them were most in-
formative, assigning greater weight to diffi-
cult episodes and locally successful actions.
Credit-weighted ReST (offline GiGPO; Feng
et al., 2025) retains the full winner set but sets
w(ri, t) = AP + Aftte P increasing the contri-
bution of difficult successful episodes and of
steps that make progress relative to alternative
trajectories from similar states.

The decoding control instead changes how
experience is generated rather than how it is
selected, testing whether broader or more fo-
cused exploration during trajectory collection
changes the quality of the subsequent learning
signal. Our implementation varies sampling
temperature and nucleus probability during
Grow while keeping Flat ReST selection and
weighting unchanged, isolating the role of ex-
ploration.



We compare these alternative selection, weight-
ing, and exploration strategies under matched com-
pute, filtering, and fine-tuning budgets. All variants
use the same winner filtering, game balancing, opti-
mization procedure, and compute budget, with one
epoch of full-parameter supervised fine-tuning at
learning rate 10~° and batch size 16.

3 Experiments & Results

Our experiments systematically separate protocol
competence (§3.1), the effect of demonstrations
(§3.3) and self-improvement ((§3.4 and §3.5)).

3.1 SLM Protocol Competence is
Environment-Dependent

Interactive environments require models not only
to produce plausible actions but to express them
in the precise format expected by the environment.
Across 2,210 episodes, 1,133 (51.3%) terminate be-
cause of a protocol violation before a game verdict
is reached, compared with 763 (34.5%) reasoning
failures and only 314 (14.2%) successes (Table 1).
An example of an aborted episode from the IM-
AGEGAME environment is shown below:

IMAGEGAME — ABORTED EPISODE (QWEN2.5-3B-
INSTRUCT)

[A(GM]

Let us do the following task. The
goal is to fill an empty grid that
looks like this:

Ooo0o0ooao

Ooao
O0oo
000
O0oo m}

A filled grid below is 5 by 5 and
can look like this:

O

Ooooo
Oooog

O [m]
O oo
O (m|
O oo

< Ooooao
—oomao

X X

[}

[A)GM]

Command: Put an F in second row
fourth column

What is your next command?

)

[GM|GM]
Invalid instruction format

[GM|GM]
4
Game aborted.

The player emits a well-formed command and then writes the
co-player’s turn as well; the game master rejects the turn and

the episode aborts.

The dominant failure is extra text, accounting
for 33.8% of all episodes (see Figure 2 and Fig-

ure 3). In a sample of 287 violations from Wor-
dle and Taboo, 189 contained a valid task move
embedded in conversational prose that the parser
could not accept, indicating that many apparent
task failures are instead valid action, invalid inter-
face errors (Appendix B). However, this bottleneck
is strongly environment-dependent. Under sam-
pled decoding, play-rate ranges from 0.96 in Refer-
enceGame to 0.00 in PrivateShared, with Wordle at
only 0.04. Thus, interactive performance cannot be
interpreted solely as task-solving ability: in many
environments, models fail before the environment
can provide the feedback required for learning. Full
per-game failure categories and protocol profiles
are reported in Appendix B, and the same protocol
bottleneck extends beyond the five training games
to the wider clembench suite, where 10 of 13 addi-
tional games are format-bound (Appendix I).

M extra text ™ malformed move M tag absent M empty response

(a) by model

gemma-2-2b |1 I F I INEN 150/150
Llama-3.2-3B 180/180
gemma-2-2b-it |G E 214/360
Qwen2.5-78 [ INNEEHE T 202/360
Llama-3.2-3B-It 185/360
Qwen2.5-7B-1t [ NG Bl 161/360
Qwen2.5-3B 160/360
Qwen2.5-3B-It |G 5 118/360

100%

0 25 50 75

(b) by prompt / rendering

PO/chat 166/540
PO/raw 500/720
P2/chat 173/540
P2/raw [T IR TR 561/720

0 25 50 75 100%
share of that row's aborted episodes (%)

Figure 2: Relative distribution of abort categories.
Distribution of categories across games (a) different
teacher models and (b) different prompt strategies nor-
malised to 100%

3.2 Protocol competence does not reliably
emerge from scale

A natural explanation for the participation bottle-
neck is insufficient model capacity. However, inter-
active ability is not monotonic with scale (Table 2).
Across five Qwen base models spanning 0.8B-7B
parameters, play-rate varies substantially, with the
0.8B model achieving the highest deterministic par-
ticipation rate (0.59), while several larger models
collapse to zero. Instruction tuning improves par-



Table 1: Protocol failure is a primary bottleneck for small base models. Qwen3.5-0.8B evaluated on the five-
game suite. Under sampled decoding (k=6, 7=0.9), 1,133 of 2,210 episodes (51.3%) terminate in a protocol abort
before a game verdict is reached. Play-rate is the fraction of episodes reaching a win or loss verdict. Deterministic
decoding substantially improves participation, although Wordle and PrivateShared remain inaccessible.

Game n  Abort Loss Win Sampled Deterministic
ReferenceGame 792 28 458 306 0.96 1.00
ImageGame 455 429 26 0 0.06 1.00
Taboo 483 203 272 8 0.58 0.97
Wordle 180 173 7 0 0.04 0.00
PrivateShared 300 300 0 0 0.00 0.00
Overall 2210 1133 763 314 0.49 0.59

M extra text B malformed move Ml tag absent M empty response

I 179
ReferenceGame I 363
653/1204 aborted [INNEGE 111

Taboo I 237
285/784 aborted [N 47
|1

I, 277
ImageGame [N 55
462/532 aborted [ININIGN 130

0 100 200 300 400
aborted episodes

Figure 3: Number of aborted episodes per abort cate-
gory, by game.

ticipation in matched models but does not elimi-
nate protocol failures (Appendix D). Participation
is also highly sensitive to prompt and output ren-
dering, and this sensitivity extends to other model
families such as Llama and Gemma (Appendix C).
These results suggest that protocol competence is
not a capability that reliably emerges from scale or
generic instruction tuning alone.

Table 2: Protocol competence is not monotonic with
model scale. Deterministic evaluation of Qwen base
models. Larger models do not consistently achieve
higher participation.

Model Size Play-rate CLEMSCORE
Qwen3.5-0.8B 0.8B 0.59 6.67
Qwen2.5-1.5B 1.5B 0.00 0.00
Qwen2.5-3B 3B 0.38 7.04
Qwen3.5-4B 4B 0.00 0.00
Qwen2.5-7B 7B 0.17 0.00

3.3 Protocol competence and task competence
are separable

Teacher demonstrations reveal a clear dissociation
between learning how to participate and learning

how to solve a game (Table 3). Wordle provides
a direct dissociation between the two: 400 task-
specific demonstrations increase participation from
0/30 to 29/30 episodes, yet produce no wins. The
model therefore learns the interaction format with-
out acquiring the strategic competence required to
solve the game.

Qwen2.5-3B-It 0.72 0.13 1o
Qwen2.5-3B 0.42 0.49
- - 0.8
Qwen2.5-7B-It 0.50 0.13
Llama-3.2-3B-It [SENVEL) 0.12 - 0.6 3
—
' g
Qwen2.5-7B 0.50 0.00 04 &
gemma-2-2b-it 0.50 0.50 0.05
- - 0.2
Llama-3.2-3B 0.00 0.00 0.00
. - 0.0
gemma-2-2b 0.00 0.00 0.00
- \ \ \
ReferenceGame Taboo ImageGame

Figure 4: Play-rate by Teacher Model and Playpen
Game

More generally, protocol-only supervision is sub-
stantially more effective than reasoning-only super-
vision at preserving valid interaction, while full
demonstrations provide the largest downstream
improvement. The full per-game demonstration
analysis and supervision ablations are reported in
Appendix E, and protocol repair is robust to the
choice of teacher, including non-instruction-tuned
teachers (Appendix H). These results establish that
protocol competence is a distinct prerequisite for
task competence rather than a by-product of task
reasoning.

3.4 Participation enables learning from
experience

Once the model can participate, self-generated ex-
perience becomes an effective training signal, as



Table 3: Demonstrations primarily establish partici-
pation. Wordle gives a direct dissociation: format repair
restores participation but produces no wins.

Condition Play-rate APlay CLEMSCORE AClem
Base 0.593 — 6.67 —
Protocol-only 0.582 -0.011 857 +1.90
Reasoning-only 0.309 -0.284 7.32  +0.65
Full 0.583 -0.010 9.61 +2.94
Wordle-specific repair
Before repair 0/30 — 0.00 —
After repair 29/30 +29/30 0.00 0.00

shown in Figure 5. Teacher demonstrations in-
crease interactive performance from 6.67 to 14.97
CLEMSCORE, after which self-ReST raises it fur-
ther to 20.27 (Table 4). Thus, demonstrations con-
tribute +8.31 CLEMSCORE, while self-generated
experience contributes a further +5.29. The gains
are concentrated in games where participation has
been established. ReferenceGame improves from
33.3to 61.1 to 82.2, while ImageGame improves
from 0.0 to 8.2 to 15.8. In contrast, Wordle and Pri-
vateShared remain inaccessible throughout. Quali-
tative transcripts contrasting base, demonstration,
and self-ReST behaviour across all five games are
provided in Appendix F.

(a) Winner-budget curve
20

(b) Online ReST: noisy, no sustained gain
105

10.0

18

9.5

9.0

3

85

clemscore
clemscore

=

8.0
75
7.0
10 65

64 128 256 512 0 1 2 3 4
Online ReST round

Winner examples kept

Figure 5: Self-ReST learning curves:. Improvement
occurs rapidly once protocol competence has been ac-
quired. The table reports the resulting CLEMSCORES
after training on different numbers of winning trajecto-
ries. Each value corresponds to a single run.

128
12.08

256
18.87

512
14.16

Winning (V) 64
10.91

CLEMSCORE

3.5 Credit assignment refines adaptation

Finally, we compare adaptation mechanisms under
matched compute, filtering, and fine-tuning bud-
gets. Credit-weighted ReST obtains the highest
mean CLEMSCORE (19.17) and substantially lower
variance (0.88) than Flat ReST (18.30 4+ 1.74),
ZPD selection (17.93 4 1.76), and the decoding
foil (17.40 + 1.64) (Table 5). However, its mean

advantage over Flat ReST is not statistically signifi-
cant after Holm correction. Credit assignment may
therefore refine and stabilise adaptation within an
established interaction channel rather than create
protocol competence itself.

4 Discussion and Conclusion

Our results suggest that interactive learning in
small language models has a prerequisite largely
hidden by conventional task-level evaluation: pro-
tocol competence. Prior work shows that language
models can learn from environment rewards, hu-
man feedback, observation, and conversational in-
teraction (Branavan et al., 2009; Wang et al., 2016;
Liet al., 2017; Kojima et al., 2021; Suhr and Artzi,
2023), while game-playing agents demonstrate in-
creasingly sophisticated language-mediated coordi-
nation (Lewis et al., 2017; He et al., 2017; Narayan-
Chen et al., 2019). These settings generally assume
that learners can already participate. Our results
expose the regime before this assumption holds:
51.3% of base-model episodes terminate in pro-
tocol violations before a game verdict is reached,
and where participation is negligible, no meaning-
ful success is observed. This supports Schlangen
(2022)’s view that following language-game rules
is normative participation rather than formatting
hygiene. More strongly, participation determines
whether feedback can enter the learning loop at all.

Protocol competence is multi-turn, stateful, con-
tingent on environmental feedback, and must be
produced before the Game Master can continue.
This matters because hard abort metrics can make
interactive capability appear discontinuous (Scha-
effer et al., 2023; Lu et al., 2024). Our continuous
per-turn violation analysis therefore complements
binary abort measures. Within the sub-7B Qwen
family, participation is non-monotonic with scale
and is not reliably restored by instruction tuning,
consistent with evidence for non-monotonic scaling
(McKenzie et al., 2023; Wei et al., 2023; Michaelov
and Bergen, 2023) and weaknesses of small models
in multi-turn and agentic behaviour (Laban et al.,
2025; Shen et al., 2024). The key question is there-
fore not only whether a model is capable enough,
but whether it can reliably enter the interactive
regimes that are evaluated in instruction following
and agentic benchmarks, such as IFEval, Follow-
Bench, InFoBench (Zhou et al., 2023; Jiang et al.,
2024; Qin et al., 2024; Zhang et al., 2025) and
benchmarks that expose failures from invalid for-



Table 4: Interaction learning improves performance once participation is established. Each cell reports
play-rate / CLEMSCORE under deterministic evaluation. Teacher demonstrations increase overall CLEMSCORE from
6.67 to 14.97, and self-ReST further increases it to 20.27. Wordle and PrivateShared remain inaccessible throughout.

Game Base +Demos +Self-ReST
ReferenceGame  1.00/33.3 1.00/61.1 1.00/ 82.2
ImageGame 1.00/0.0 1.00/8.2 0.97/15.8
Taboo 0.97/0.0 0.95/5.6 0.43/33
Wordle 0.00/0.0 0.00/0.0 0.00/0.0
PrivateShared 0.00/0.0 0.00/0.0 0.00/0.0
Overall 6.667 14.973 20.266

Table 5: Credit assignment mainly improves adapta-
tion stability. Matched-compute comparison of adapta-
tion mechanisms. Credit-weighted ReST has the highest
mean and lowest variance, although its mean advantage
over Flat ReST is not significant after Holm correction.

Method CLEMSCORE  SD
Flat ReST 18.30 1.74
ZPD selection 17.93 1.76
Credit-weighted 19.17 0.88
Decoding foil 17.40 1.64

matting or instruction non-compliance (Liu et al.,
2024; Sclar et al., 2024; Alzahrani et al., 2024; Tam
et al., 2024; Long et al., 2025).

Our teacher and self-training results suggest that
these prerequisites can be acquired through differ-
ent mechanisms. Teacher demonstrations increase
CLEMSCORE from 6.67 to 14.97 primarily by re-
pairing participation, while self-ReST raises it to
20.27. Demonstrations function as an interaction
scaffold, making acceptable participation explicit
before the learner can discover it through expe-
rience. This connects to scaffolding and zones
of proximal development (Vygotsky, 1978; Wood
et al., 1976; Cui and Sachan, 2025; Matiisen et al.,
2020) and developmental evidence that contingent
responding supports learning (Tamis-LeMonda
et al., 2001; Goldstein and Schwade, 2008; War-
laumont et al., 2014; Salhan et al., 2025). Teacher
demonstrations do not repair every game equally,
suggesting that protocol competence combines gen-
eral participation skills with environment-specific
conventions. Once participation is reliable, self-
generated interaction becomes informative. The
limited change in our static, non-interactive capa-
bility probe (an aggregate over MMLU-Pro, BBH,
and CLadder; Appendix G, Table 12) is consistent
with self-ReST primarily improving interactive be-
haviour rather than general reasoning, and theory-
of-mind accuracy is likewise unchanged (Table 13).

Thus, demonstrations establish access to the in-
teraction channel, while self-generated experience
exploits its feedback.

Prior work shows that self-play and interactive
reinforcement learning can learn from generated
experience, while recent methods improve how re-
wards are assigned across steps (Setlur et al., 2024;
Kazemnejad et al., 2025; Feng et al., 2025; Zhou
et al., 2024; Shao et al., 2024; Liu et al., 2025;
DeepSeek-Al et al., 2025). Our results show that
these methods only help once a model can par-
ticipate reliably: credit assignment can improve
useful interactions, but cannot help when a tra-
jectory ends before meaningful interaction occurs.
This differs from settings such as Playpen, where
learners already participate reliably and self-play
mainly exposes reasoning failures. For smaller
models, the first challenge is therefore not how to
learn from interaction, but how to make interaction
possible in the first place. Interactive post-training
should consequently preserve protocol competence,
since training can improve task performance while
also disrupting participation. Several directions fol-
low: testing whether the same bottleneck appears
in other interactive settings such as tool use, brows-
ing, and coding; measuring participation through-
out training so that task gains do not come at the
cost of reliable interaction; and preserving partici-
pation through protocol replay, auxiliary objectives,
or explicit participation constraints.

More broadly, interactive learning should be
evaluated not only by whether a model eventually
succeeds, but whether it can participate in a way
that makes learning possible. The challenge for
small interactive models is therefore not simply
to make them more capable, but to make them
teachable: able to enter an interaction, maintain
it, interpret its contingencies, and improve from
experience. Protocol competence is thus not pe-
ripheral formatting behaviour; it is the mechanism



connecting interaction to learning.

5 Limitations

Single Model Family All models are Qwen
(Qwen3.5, Qwen2.5). Other model families
(Llama, Gemma, Phi, OLMo) may show differ-
ent participation profiles, especially given how id-
1osyncratic format-following is to pretraining data
mixes.

Single model for all training experiments. Ev-
ery intervention (repair, self-ReST, credit assign-
ment, transfer) is run only on Qwen3.5-0.8B. We
leave it to future work to evaluate whether demon-
strations, ReST staging, credit-weighting variance
reduction hold at 3B or 7B.

Single benchmark family All games are clem-
bench, where any protocol violation terminates the
episode. These are text-only, synthetic, English-
only games with scripted or model interlocu-
tors. Our description of protocol competence
may partly be an artifact of clembench’s unusually
strict parser; environments with lenient parsing, re-
prompting, retries, or soft grading (or real users,
who repair misunderstandings) may not show the
same gate.
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A Description of Games

Taboo is a word-description game played between two model instances. Player A (the describer) is given
a target word together with a list of semantically related "taboo" words it must not use; Player B (the
guesser) must identify the target. Turns alternate under a strict format: the describer’s turns must begin
with CLUE: and the guesser’s with GUESS:, and the game master parses each turn against these templates.
The game runs for at most three guess rounds and is aborted if either player violates the format or the
describer utters the target or a forbidden word. Success is scored by speed (100/t for a correct guess at
turn t; O otherwise). The game probes lexical knowledge and paraphrastic description under negative
constraints, plus the ability to adapt clues after a failed guess.

Wordle is a letter-based word-guessing game in which a single model player must identify a hidden
five-letter word within six attempts. Feedback comes from a deterministic game-master bot, which
annotates each guessed letter as green (correct position), yellow (in the word, wrong position), or red
(absent), rendered textually. Each turn the model must emit a guess in a rigid two-field format (a guess:
line containing exactly one valid five-letter word, plus an explanation), and malformed responses lead
to reprompting and ultimately to an aborted episode. The benchmark includes two assisted variants —
Wordle+clue, where a semantic hint accompanies the puzzle, and Wordle+clue+critic, where a second
model player critiques the proposed guess before it is submitted — but the core demand is the same:
integrating positional letter feedback across turns while never breaking the output format. Scoring again
uses the speed metric.

ImageGame (the drawing-instruction game) is a two-player collaborative construction task. Player
A, the instruction giver, sees a target 5x5 character grid and must convey it to Player B, the instruction
follower, who starts from an empty grid and updates it incrementally in response to A’s natural-language
instructions (e.g., filling particular cells with particular letters). A signals completion with DONE, and the
episode is capped at a maximum number of turns; each of B’s turns must render the current grid state so
the game master can track progress. Target grids come in two flavours — compact, patterned grids that
reward abstract, efficient descriptions, and random grids that force cell-by-cell instruction. Performance is
scored by the F1 overlap (precision/recall over filled cells) between the target grid and B’s final grid, so
the game measures spatial-language generation on one side and faithful instruction following and state
maintenance on the other.

ReferenceGame is a Lewis-style signalling (reference resolution) game. Both players are shown the
same three 5x5 grids, presented in independently shuffled order; Player A is told which grid is the target
and must produce a single referring expression for it, and Player B must then say which of its three grids
the expression picks out. The exchange is a single turn per player, with templated outputs (an expression
from A, a first/second/third answer from B) that the game master parses strictly. Scoring is binary — did
B select the target grid — with no partial credit. The game tests whether A can distil a discriminative,
concept-level description of a visual pattern (rather than an exhaustive one) and whether B can ground
that description against competing distractors.

PrivateShared is a dialogue scorekeeping game with a single model player. The model acts as
a customer holding a set of private slot values (for instance, the details of a travel booking) while a
questioner — played by the game master from a script — elicits them one by one, moving information
from the private to the shared ground of the conversation. Interleaved with these questions, the game
master poses side probes off the main dialogue record, asking whether the interlocutor already knows a
given piece of information; the model must answer yes or no, and all responses must carry the required
tags (e.g., ANSWER: / aside markers), with format violations after reprompting aborting the episode.
Scoring combines slot-filling accuracy in the main dialogue with agreement on the probes (chance-
corrected via Cohen’s k), taken as a harmonic mean. The game thus tests whether a model maintains an
explicit discourse model — tracking not just what is true, but what has been shared with whom, while
simultaneously honouring a two-channel (in-dialogue vs. meta-level) response protocol.



B Procotol Failure Analysis

Figure 6 shows how early in an interaction episodes fail, with most failures occurring before the game
reaches a verdict, while Table 6 shows that protocol failures are more common than reasoning failures,
accounting for 51.3% of all episodes.

I extra text M malformed move M tag absent M empty response

Taboo — 51 of 285 aborts past turn 1 ImageGame — 21 of 462 aborts past turn 1
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Figure 6: How far episodes progress before they fail.

Table 6: Breakdown of protocol, reasoning, and successful episodes. Failure decomposition across 2,210
evaluation episodes. Most failures occur before reasoning is evaluated because models fail to participate in the
interaction protocol.

Outcome Count %
Protocol failures
Extra text 746 338
Invalid action 237 10.7
Invalid value 138 6.3
Missing tag 12 0.5
Protocol subtotal 1133 51.3
Reasoning failure 763 345
Success 314 14.2

Total 2210 100.0




C Prompt and Rendering Effects

The same model can succeed or fail to play the game simply because we format its output differently.
This shows that the interface can be a bigger barrier to interaction than the model itself, while instruction
tuning helps reduce but does not eliminate these failures. Figure 7 shows that the same model can have
very different play-rates depending on the prompt and output rendering.

The same checkpoint interacts or fails to interact depending only on how its output is rendered

I base M instruct
(c) instruction tuning

(a) scale sweep — 5x4 complete (b) generalisation sweep — 6x4 complete

Qwen3.5-0.8B 0.02 0.00 Qwen2.5-3B-It 0.72 m 0.28
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Figure 7: Play-rate changes with prompt and output rendering.

We show that interactive failure depends on how the model is prompted and rendered, which
game it plays, and which model is used. Table 7 shows that changing the prompt or rendering can
substantially change whether a model plays at all. The effects are highly model-dependent: some
models improve dramatically with chat formatting, while others become worse. Instruction-tuned models
are generally more robust, but are still sensitive to rendering.

Table 8 shows what kinds of protocol failures occur. Raw rendering produces substantially more
aborted episodes than chat rendering, while the specific failure type also varies: malformed moves and
extra text account for most failures, with relatively few missing tags or empty responses.

Finally, Table 9 shows that protocol competence varies strongly across both models and games.
Models that participate successfully in one game may fail almost completely in another, and the dominant
failure mode differs by model—for example, some mainly produce extra text while others produce
malformed moves.

Checkpoint PO/raw (ref.) PO/chat P2/chat P2/raw

Base pp/qs pp/qs pp/qs pp/gs
Qwen2.5-3B 30.00/31.52  +44.44/-13.66  +47.78/-14.85 +10.00/-28.58
Qwen2.5-7B 75.56/33.44  -51.12/-33.44  -64.45/-33.44  -11.12/+12.99

Instruction-tuned pp/qs pp/qs pp/qs pp/qs
Llama-3.2-3B-Instruct ~ 37.78/41.18  +41.11/-11.09  +23.33/-13.93  -21.11/-41.18
Qwen2.5-3B-Instruct 72.22/16.22 +7.78/+2.74 +16.67/-1.35  -44.44/-16.22
Qwen?2.5-7B-Instruct 24.44/31.82  +54.45/+8.16  +65.56/+3.10 +3.34/-3.82
gemma-2-2b-it 4.44/0.00 +74.45/421.34  +74.45/+22.23 -4.44/—

Table 7: Prompt and rendering affect interactive play. Each cell reports play-rate (pp) and change in game score
(gs) relative to PO/raw. Chat and raw denote the output rendering format, while PO and P2 denote the two prompts.
The same checkpoint can therefore exhibit substantially different interactive behaviour under different interface
conditions.



aborted episodes by category

split n aborted extratext malformed move tagabsent empty resp.
by game
ReferenceGame 1204 653 179 363 111 0
Taboo 784 285 0 237 47 1
ImageGame 532 462 277 55 130 0
by prompt / rendering
PO/ chat 540 166 53 63 50 0
PO /raw 720 500 182 258 60 0
P2 /chat 540 173 38 62 73 0
P2 /raw 720 561 183 272 105 1
all 2520 1400 456 655 288 1

Table §: Protocol aborts by category. Counts show the number of aborted episodes attributed to each protocol
failure type. Raw rendering produces substantially more aborts than chat rendering, while malformed moves and
extra text account for most failures.

play-rate abort category (% of aborts)
model ReferenceGame Taboo ImageGame all extra malf. absent
Qwen2.5-3B-Instruct 0.72  0.96 0.13 0.67 86 3 11
Qwen2.5-3B 042  0.81 0.49 0.56 23 48 29
Qwen?2.5-7B-Instruct 0.50  0.92 0.13 0.55 89 6 5
Llama-3.2-3B-Instruct 0.56  0.62 0.12 049 25 39 36
Qwen2.5-7B 0.50 0.64 0.00 044 33 61 6
gemma-2-2b-it 0.50  0.50 0.05 041 9 55 36
Llama-3.2-3B 0.00  0.00 0.00 0.00 19 57 24
gemma-2-2b 0.00  0.00 0.00 0.00 4 83 13

Table 9: Protocol competence varies by model and game. Play-rate is the fraction of episodes in which a
model successfully participates, reported separately for each game and overall. The remaining columns show the
distribution of abort categories among failed episodes. Models differ not only in overall play-rate but also in the
types of protocol errors they produce.

D Scale and Instruction-Tuning Analysis

Table 10 shows that play-rate does not consistently increase with model size, while instruction tuning
generally reduces protocol failures.

Table 10: Protocol competence is not a monotonic function of scale or instruction tuning. (a) Base Qwen
models exhibit highly non-monotonic participation across model scale; play-rate denotes the fraction of episodes
reaching a verdict. (b) Instruction tuning reduces protocol failures in matched model pairs, but does not eliminate
them. All checkpoints are evaluated without interaction training.

(a) Scale sweep \ (b) Base vs. instruction tuned
Model Size Play-rate ‘ Model Tuning Weak-game abort Overall abort CLEMSCORE
Qwen3.5-0.8B  0.8B 0.59 Qwen2.5-0.5B Base 100% 100% —
Qwen2.5-1.5B 1.5B 0.00 Qwen2.5-0.5B Instruct 66% 50% 6.33
Qwen2.5-3B 3B 0.38 Qwen2.5-3B Base 69% 47% 7.04
Qwen3.5-4B 4B 0.00 Qwen2.5-3B Instruct 57% 38% 11.33

Qwen2.5-7B 7B 0.17




E Teacher Demonstration Analysis

Table 11 shows how teacher demonstrations affect both participation and interaction quality across games.
We evaluated both the base and repaired models across all instances, meaning the columns can be directly
compared. For games the base model already plays, its participation rate is maxed out before any additional
training; in these cases, providing demonstrations mostly just improves the quality of its interactions.
When the model fails to participate, it only improves if given training data specific to that game’s rules.
For example, 400 Wordle-specific demonstrations increased participation from 0/30 to 29/30 episodes
(though without producing any wins), whereas the general-purpose demonstrations used for other tasks
left Wordle participation at zero. None of the tested interventions managed to fix participation in the
PrivateShared game.Quality is measured on a scale from O to 100.

Table 11: Effect of Teacher Demonstrations in Dialogue Games:

Play-rate Quality
Task Base Repaired Base Repaired
Reference 1.00 1.00 333 61.1
Image 1.00 1.00 0.0 8.2
Taboo 0.97 0.95 0.0 5.8
PrivShared 0.00 0.00 0.0 0.0
Wordle (general) 0.00 0.00 0.0 0.0

Wordle (dedicated)  0.00 0.97 0.0 0.0




F Qualitative Examples

TABOO — SUCCESSFUL EPISODE (QWEN2.5-3B-INSTRUCT)

[A(GM]

You are playing a collaborative word guessing game in which you have to
describe a target word for another player to guess.

Rules:

(a) You have to reply in the form: CLUE: <some text>. Guesses from the other
player will start with [. .. ]

[AYGM]
CLUE: A collection of musicians performing together

[GM)B]

You are playing a collaborative word guessing game in which you have to
guess a target word that another player describes to you.
You can make one guess at each trial. You win when you guess the target word.

You lose when you cannot guess [. . .]

[GM(B]
GUESS: Band

[GM|GM]
End game.

The episode completes: the guesser recovers the target word.

REFERENCEGAME — SUCCESSFUL EPISODE (QWEN2.5-3B-INSTRUCT)

[A(GM]

You are given three grids, where each of them is 5 by 5 in size.

Grids have empty cells marked with "O" and filled cells marked with "X".
Your task is to generate a referring expression that best describes the
target grid while [. . .]

[A)GM]

Expression: The target grid has a checkerboard pattern with X in the corners
and center, and O elsewhere, while the other two grids either have all O or
a different pattern with some O scattered.

[GM)B]

You are given three grids, where each of them is 5 by 5 in size.
Grids have empty cells marked with "O" and filled cells marked with "X".
You are also given a referring expression that describes one of the given

grids.
Your task is to [...]

[GM(B]
Answer: first

[GM|GM]
first

[GM|GM]
End game.

The episode completes: the follower identifies the target grid.



IMAGEGAME — ABORTED EPISODE (QWEN2.5-3B-INSTRUCT)

[A(GM]
Let us do the following task. The goal is to fill an empty grid that looks
like this:
O0o0ooao
Oo0Oo0ooao
Ooo0Oooao
Ooo0ooao
' oDoooo
A filled grid below is 5 by 5 and can look like this:
Oooooao
O0EOO
O0o0o0oao
Oo0ooao
XXXL...1]
[A)GM]
2 Command: Put an F in second row fourth column

What is your next command?
[GM|GM]
Invalid instruction format

[GM|GM]
4
Game aborted.

The player emits a well-formed command and then writes the co-player’s turn as well; the game master rejects the turn and the
episode aborts.



F.1 Comparison of Base, Demonstration and Self-ReST Interactions

Figure 8 compares generations from the base Qwen model, with 400 demonstrations from a teacher model

and self-ReSt for five games from Playpen (Horst et al., 2025a).

base (D=0)

+demonstrations (D=400)

+self-ReST

ReferenceGame

1 You are given three grids, where each of them is 5 by 5 in size.
Grids have empty [. . . 1

2 Expression: "X X X X X
XO0XoXx
XXXXX
XOXOoXx
XXXXX

3 invalid formar

1 You are given three grids, where each of them is 5 by 5 in size.
Grids have empty [ . . 1

2 Expression: The target grid has all cells filled except for the center
one, which is empty.<lim_cndl>

3 You are given three grids, where each of them is 5 by 5 in size.
Grids have empty [. . . 1

4 Answer: first<tim_endl>

1 You are given three grids, where each of them is 5 by 5 in size.
Grids have empty [. - - 1

2 Expression: The target grid has empty cells in the center and filled
cells in the comers.<lim_endt>

3 You are given three grids, where cach of them is 5 by 5 in size.
Grids have empty [. - . 1

4 Answer: first<lim_endl>

played

Taboo

1 You are playing a collaborative word guessing game in which you
have to describe a . . .

2 CLUE: A place where you go.

3 You are playing a collaborative word guessing game in which you
haveto guessa[. . . ]

4 GUESS: A

5 GUESS: A

1 You are playing a collaborative word guessing game in which you
have todescribeal. . .

2 CLUE: Something that moves away from a starting point.<lim_cndl>

3 imvalid clue

1 You are playing & collahorative word guessing game in which you
have to describe a L. . . 1

2 CLUE: Something that moves away from a starting point.<fim_endl>

3 invalid clue

aborted

ImageGame

1 Let us do the following task. The goal is to fill an empty grid that
looks like [ - - 1

2 Command: Fill the last row with X

3 Let us draw something together. There is an empty grid with a size 5
by 5 like [ .1

o

®ooo=
Oppp®
OppoD
OpooOD
OppoD

5 What is your next command?

1 Let us do the following task. The goal is to fill an empty grid that
Tooks like [ . . ]

2 Command: Fill the first row with Xelim_endt>

3 Let us draw something together. There is an empty grid with a size 5
by S like [. . .1

IXXXXX
XXXXX
XXXXX
XXXXX

XX X X X<lim_endl>

5 ivalid format

| Letus do the following task. The goal is to fill an empty grid that
Tooks like [ . . ]

2 Command: Describe the grid<lim_endl>

3 Let us draw something together. There is an empty grid with a size 5
by 5 like [ . . ]

400000
ooooo
opoooo
opoooo
D0 00 Odim_end>
5 invalid format

aborted

Wordle

1 You are a language wizard who likes to guess words by using the
given[. . .]

2 cxplanation: 1 am starting my guess with this word.
guess: apple

explanation: This is a common five-letter English word, and 1
am[...]

) invalid farmat

1 You are a language wizard who likes to guess words by using the
given[. . . ]

2 explanation: 1 am starting my guess with this word.
guess: apple<iim_end)>

+ imvalid format

1 You are a language wizard who likes to guess words by using the
given[. .. ]

2 explanation: this is a common five-letter English word, and 1 am
starting my guess with this wosd.
guess: apple<lim_endl>

3 invalid farmat

aborted

PrivateShared

1 You are an applicant in a job interview. Here is a description of your
v

WHAT: [. . . 1
2 Ok.
) invalid format

4 What is the next request?

5 When would you be able to start working here?

1 You are an spplicant in a job interview. Here is a description of your
cv:

WHAT[. . .1

2 Ok
+ imvalid format

4 What is the next request?

5 When wauld you be able to start working here?

1 You are an applicant in a job interview. Here is a deseription of your
cv:

WHAT[. . .1

2 Ok
3 invalid format

4 What is the next request?

5 When would you be able 1o start working here?

aborted

Figure 8: Sample Interactions from Qwen models + demonstrations/self-ReST across 5 dialogue games.



G Static Capability Probe and Specialisation of Interactive Gains

To test whether interaction training produces a general reasoning upgrade or a more specific interactive
capability, we evaluate the same three checkpoints (base, +teacher demonstrations, +self-ReST) on a
static, non-interactive probe. The probe is an aggregate accuracy over a fixed suite of standard multiple-
choice and reasoning benchmarks (MMLU-Pro, BBH, and CLadder), scored in the ordinary single-
turn setting with no interaction protocol involved; it therefore measures underlying reasoning ability
independently of participation. The probe peaks after teacher demonstrations and then declines under self-
ReST even as interactive CLEMSCORE continues to rise (Table 12), so the interactive gain from self-ReST
is not a general capability gain. Theory-of-mind false-belief accuracy is likewise unchanged across all
three checkpoints (Table 13). Together these indicate that interaction training teaches a specific capability—
learning from feedback and experience within interactive environments—rather than improving static
reasoning.

Table 12: Static, non-interactive probe. Aggregate accuracy over the static benchmark suite (MMLU-Pro, BBH,
CLadder) for the same three checkpoints. The probe peaks after demonstrations and declines under self-ReST, while
interactive CLEMSCORE continues to rise (Table 4).

Checkpoint Static probe
Base model 30.28
+Teacher demos 35.21
+Self-ReST 33.23

Table 13: Interaction training does not change theory-of-mind. False-belief accuracy is unchanged across the
base, format-repaired, and best (+self-ReST) checkpoints, consistent with interactive gains being specific rather
than a general reasoning improvement.

Checkpoint False-belief accuracy N

Qwen-base 0.473 300
Format repair 0.473 300
Best (+ReST) 0.473 300




H Teacher Robustness of Protocol Repair

A natural concern is that demonstrations help only because they transfer a stronger teacher’s general
instruction-following ability—in which case the effect would reduce to teacher scale or instruction tuning.
We separate these explanations by varying the teacher while holding the learner (Qwen3.5-0.8B), the
demonstration budget, the fine-tuning procedure, and the evaluation fixed. Protocol repair persists across
teachers, including a teacher without instruction tuning (Table 14). This indicates that demonstrations are
effective because they expose the learner to examples of valid interaction structure, not because they inherit
the conversational behaviour or instruction-following ability of a larger model. This is consistent with
the main-text finding that protocol competence does not emerge monotonically from scale or instruction
tuning (§3.2).

Table 14: Protocol repair is teacher-robust. Only the teacher varies (base vs. instruction-tuned, weak—strong);
the demonstration cap, learner, supervised fine-tuning, and evaluation are held fixed. Base-learner CLEMSCORE is
6.67.

Teacher Tuning  Scale #demos CLEMSCORE
Qwen2.5-3B base 3B 50 6.67
Qwen2.5-0.5B-Instruct  instruct  0.5B 88 6.22

Qwen2.5-3B-Instruct instruct 3B 136 9.11




I Protocol Competence Across the Wider clembench Suite

To check that the participation bottleneck is not specific to the five training games, we evaluate the
untrained base policy across 13 additional clembench games and classify each by its dominant failure
mode. A game is format-bound if the model rarely produces a valid move at all—so no learning signal
is ever reached—and reasoning-bound if the model participates but fails to solve the task. Protocol
failure dominates the wider suite: 10 of 13 games are format-bound, including the Wordle variants,
PrivateShared, Codenames, GuessWhat, and the TextMapWorld variants (Table 15). Only Matchlt
(ASCID), ReferenceGame, and Taboo are primarily reasoning-bound. This supports the broader claim that
interactive evaluation frequently measures a prerequisite—entering and sustaining the protocol—before it
measures task-specific reasoning.

Table 15: Which games are protocol-bound for a sub-1B base model. Untrained base policy across the wider
clembench suite. A game is format-bound if the model rarely produces a valid move, and reasoning-bound if it
participates but loses. 10 of 13 games are format-bound: for most of the suite, a small base model never reaches the
point where a reward signal exists.

Game n  Play-rate CLEMSCORE Class

DoND 40 0.38 0.0 format-bound
Wordle (with critic) 30 0.13 0.0 format-bound
Codenames 130 0.00 0.0 format-bound
GuessWhat 60 0.00 0.0 format-bound
PrivateShared 50 0.00 0.0 format-bound
TextMapWorld 50 0.00 0.0 format-bound
TextMapWorld (graph) 30 0.00 0.0 format-bound
TextMapWorld (room) 30 0.00 0.0 format-bound
Wordle 30 0.00 0.0 format-bound
Wordle (with clue) 30 0.00 0.0 format-bound
Matchlt (ASCII) 40 1.00 40.0 reasoning-bound
ReferenceGame 63 1.00 333 reasoning-bound

Taboo 60 0.97 0.0 reasoning-bound




