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Abstract

While large language models (LLMs) excel at processing static knowledge,
they often struggle to adapt their behaviour based on language feedback.
Current training paradigms rely on static corpora and fully defined tasks,
overlooking the interactive feedback loops essential for learning to adapt.
In this work, we regard learning from language feedback as a capability to
be meta-learned. We introduce Social Meta-Learning (SML), an algorithm
that transforms single-trial verifiable tasks into multi-trial teacher-student
interactions driven by information asymmetry. During meta-training, a
teacher model is given privileged information, such as a ground truth solu-
tion, and prompted to provide language feedback to the student after an
incorrect solution attempt. This partial observability from the perspective
of the student incentivises adaptation between trials, allowing us to train
models to iteratively refine their solutions by integrating external guidance.
Our experiments demonstrate that online reinforcement learning performs
better as the outer loop learning algorithm than offline supervised finetun-
ing. Once learned, the ability to learn from language feedback transfers
across domains. Furthermore, we identify asking questions as a cognitive
behaviour that improves transfer to tasks that are initially underspecified
at test time. By repurposing static tasks as interactive social learning envi-
ronments, SML provides a scalable path towards LLMs capable of learning
and improving on their raw parametric capabilities during deployment.

1 Introduction

Despite their vast pre-trained knowledge bases, modern large language models (LLMs)
frequently fail to incorporate corrective guidance from users once they are deployed (Wang
et al., 2024a). Prevailing post-training methodologies emphasise single-trial execution on
static datasets, limiting opportunities for learning to integrate in-context feedback and
possibly diminishing the capacity for adaptation already present within the pre-trained
base model (Shaikh et al., 2023; Wang et al., 2024b). As a result, models lack the capability
to reliably course-correct in response to language feedback (Laban et al., 2025; Li et al.,
2025a; Zhang et al., 2025), although proprietary scaffolds have helped address some of these
inherent weaknesses in specific settings such as agentic coding (Dong et al., 2025).

We frame learning from language feedback as an interactive form of in-context learning to
be improved through meta-learning. Drawing parallels to the process by which humans
learn how to use others as a resource for learning (Allen & Ilgaz, 2017), we introduce
Social Meta-Learning (SML). SML converts static, verifiable tasks, such as math and code
problems, into interactive teacher-student dialogues. Given an initial problem statement, a
“student” model attempts to generate the solution over the course of a conversation with
a “teacher” model that provides per-attempt language feedback. Crucially, the teacher is
provided with privileged information, such as the correct final answer of a math problem
or the test outputs of a code problem. This creates an information asymmetry, ensuring
that the teacher can provide valuable, corrective feedback, thus making problems that
are beyond the the student’s single-turn abilities tractable through social learning. It also
incentivises the student to be proactive in extracting relevant information from the teacher
by strategically asking questions, analogous to in-context exploration in partially observable
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sequential decision making problems (Dai et al., 2024; Krishnamurthy et al., 2024). Finally,
the privileged information allows us to use a frozen instance of the student model as the
teacher, rather than relying on access to a stronger model.

We explore two approaches to SML: an offline method where we gather a filtered dataset of
successful conversations and perform supervised finetuning (SFT), and online reinforcement
learning (RL) using binary, conversation-level rewards. We find that RL yields much greater
improvements in the adaptability of models than SFT. Furthermore, this ability generalises
to longer conversations at test time than were used for training and transfers across domains;
SML on math problems leads to improved social learning on coding tasks and vice versa.

Finally, despite the fact that our SML setup exclusively involves training on problems that
are fully specified from the first turn, SML-trained models achieve superior performance on
tasks where critical information is revealed over multiple turns. In this setting, it is desirable
for models to make fewer premature answer attempts and instead ask for the necessary
information. While this behaviour slowly becomes more frequent from SML alone, we find
that it can be significantly enhanced through a preliminary SFT stage on conversations
with examples of question asking, which we call Q-Priming. To generate examples of
useful questions, we again leverage information asymmetry, providing the model with the
teacher’s privileged information and asking it to formulate an informative query. Q-priming
encourages exploratory, information-seeking behaviour, which is then refined by subsequent
RL training, much like how cognitive behaviours such as backtracking have been noted as
useful priors for learning to reason via RL (Gandhi et al., 2025).

In summary, our core contributions are as follows:

1. We introduce SML (§ 4) and demonstrate its effectiveness at teaching models to
learn from language feedback (§ 6.1).

2. We show that learning from language feedback transfers cross-domain (§ 6.2).

3. We find that SML enhances a model’s ability to handle ambiguity. Models trained
on fully-specified problems with corrective feedback show improved performance
on underspecified tasks where information is revealed incrementally (§ 6.3). Paired
with Q-priming, this training fosters strategic exploration, leading models to ask
for necessary clarifications and proactively solicit feedback (§ 6.4).

2 Preliminaries

Rejection Finetuning. This involves generating a static dataset from the initial model,
which is then filtered according to a reward function and used for supervised finetuning
(SFT) (Zelikman et al., 2022; Dong et al., 2023). More precisely, for a given prompt xi ∈
Dprompt, the model being trained generates one or more candidate solutions, {yi,k} ∼
Minit(xi). These generated solutions are then evaluated by a reward function R(x, y). A
training dataset is then constructed by filtering these self-generated solutions, as exemplified
for the case of binary rewards in Equation 1.

Dtrain = {(xi, yi,k)|R(xi, yi,k) = 1} (1)

This cycle of generation, filtering, and finetuning can be iterated to progressively enhance
the model’s performance. In this work, we only ever use a single iteration.

Reinforcement Learning Finetuning. Instead of operating in distinct cycles of data gen-
eration and training, online RL updates the model’s parameters directly in response to
rewards. The model’s policy πθ maximises the expectation of a reward function R(x, y).

GRPO (Shao et al., 2024) is a common RL finetuning algorithm that uses a Monte-Carlo value
estimate, alleviating the need for a critic model. πθ generates a “group” of g > 1 solution
candidates {yi,k}

g
k=1 for each sampled prompt xi and is then optimised via Equation 2.
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J(θS) = Ex∼Dprompt,{y}G
1 ∼πθS

(·|x)

[
1
g

g

∑
k=1

(Ak − β DKL(πθS ||πref))

]
(2)

Here, β is a hyperparameter that controls the strength of the KL penalty with respect to a
reference model. The advantages Ak correspond to the group normalised reward rk of each
solution yk, as shown in Equation 3.

Ak =
rk − mean({r}G

1 )

std({r}G
1 )

(3)

3 Related Work

Social Meta-Learning (SML) synthesises concepts from three areas of research: multi-turn
interaction with LLMs, learning from language feedback, and social learning in RL.

3.1 Multi-Turn Interaction with LLMs

The shift from single-turn queries to multi-turn interactions represents a critical step towards
more capable and collaborative LLMs (Yi et al., 2024; Li et al., 2025b). However, maintaining
coherence and effectiveness over dialogues remains a significant challenge. Prior work
shows that models “get lost” in conversational contexts (Laban et al., 2025) and that common
approaches to post-training might reduce their ability to make use of language feedback
(Shaikh et al., 2023; Wang et al., 2024b). A growing body of work deliberately designs
finetuning algorithms aimed at improving multi-turn interaction abilities. A number of
these propose novel multi-turn reinforcement learning (RL) algorithms (Zhou et al., 2024;
2025) aimed at addressing core problems such as credit assignment through the use of
turn-level critics. Wu et al. (2025) train models to collaboratively interact with users by
searching over unrolled conversations with a simulated user and applying specific rewards
that combine token efficiency metrics with LLM-based judgements of interactivity. Relative
to these works, SML makes use of information asymmetry to enable algorithmic simplicity.
Relatedly, some work focuses on training and evaluating for question asking behaviour in
LLMs (Andukuri et al., 2024; Li et al., 2025a; Zhang et al., 2025). Asking questions may be
a multi-turn analogue to “cognitive behaviours” such as backtracking that have proven
useful for improving single-turn reasoning abilities (Gandhi et al., 2025).

A parallel line of work focuses on improving non-conversational reasoning abilities through
sequential self-correction (Qu et al., 2024; Kumar et al., 2025), whilst others have demon-
strated inference efficiency gains by decomposing reasoning into an implicitly multi-turn
process (Xie et al., 2025; Zheng et al., 2025). Shen et al. (2025) investigate scaling test-time
interaction as a multi-turn analogue to generating longer reasoning traces. Recent research
has begun exploring multi-turn interaction dynamics within multi-agent LLM systems.
Training LLMs in self-play on zero-sum games has been found to improve their reasoning
abilities in other domains (Liu et al., 2025), suggesting that multi-turn interaction between
models could serve as a promising training environment for learning transferable skills.
Perez et al. (2025) introduce the use of “cultural attractors” as a tool for evaluating multi-turn
information transmission chains between LLMs and Vallinder & Hughes (2025) investigate
the conditions under which cooperation emerges between LLMs.

3.2 Learning from Language Feedback

Recent work has explored various methods for enabling LLMs to leverage language feed-
back. Scheurer et al. (2023) demonstrate that models can be finetuned on a large-scale dataset
of human-written instructions and corresponding critiques to improve their instruction-
following capabilities. Other research has focused on inferring reward functions directly
from natural language descriptions of desired behaviours (Lin et al., 2022). While these
approaches successfully use language feedback as a supervisory signal, the feedback is
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typically provided by humans and applied in an offline manner to improve single-turn
generation. Concurrent work on RL via text feedback (Song et al., 2026) similarly focuses on
using language feedback at train time to improve the model’s capabilities without language
feedback at test time. We instead approach the problem of learning to adapt to test time
language feedback, with the goal of producing better in-context learners. More recent work
has begun to formalise this problem. Xu et al. (2025) develop a theoretical framework
for learning from language feedback, conceptualising it as a reward function that can be
optimised. Their work provides theoretical guarantees but focuses on language feedback as
an abstract reward signal rather than a source of directional feedback.

3.3 Social Reinforcement Learning

Our work is conceptually grounded in social and cultural learning (i.e., guided participation
with more knowledgeable others) (Vygotski, 1929), particularly as explored within multi-
agent reinforcement learning (MARL). Research in this area has shown that learning from
other agents in a shared environment can emerge without explicit rewards for doing so
(Borsa et al., 2019; Ndousse et al., 2021). Expanding on this, Cook et al. (2024) explore how
knowledge and skills can be transmitted and accumulated across generations of agents — a
process analogous to human cultural evolution. While prior work has focused on agents in
embodied or grid-world environments, we build on these principles by structuring LLM
finetuning tasks as social interactions between a student and teacher.

4 Social Meta-Learning for Language Models

4.1 Problem Formulation

To formally model the interactive process of learning from language feedback, we cast it as
a partially observable Markov decision process (POMDP) ⟨S ,A, O,O, T, R, γ⟩, where the
student model, parameterised by θS, acts as the agent learning a policy πS. A state st ∈ S
at turn t comprises the public conversational history and the teacher’s private knowledge,
st = (ct, kt), where ct = (uT

1 , uS
1 , uT

2 , uS
2 , . . . , uT

t ) is the conversation history and kt is the
teacher’s private knowledge, which encapsulates the privileged information available to the
teacher but not the student. In cases where the problem presented to the student is initially
underspecified, kt can represent a complete, unambiguous problem specification. It can
also represent the teacher’s parametric knowledge in cases where the teacher and student
are distinct models, or the knowledge held by a human user during live deployment. We
consider settings where kt is static (e.g., a ground truth solution) and where it depends on
the student utterances (e.g., the outputs of a verifier).

4.2 Learning from Language Feedback (Inner Loop)

The student’s action space A consists of generating a natural language utterance. At each
turn t, the student receives an observation ot ∈ O corresponding to the conversation history,
ot = ct. The observation function O(st) = P(ot|st) is therefore deterministic, as the student
always observes the conversational part of the state, but remains unaware of the teacher’s
private knowledge kt. The transition function T(st+1|st, at) is implicitly defined by the
teacher’s policy πT . The student’s utterance uS

t = at is appended to the history, c′t = (ct, uS
t ),

and a response is generated by the teacher’s policy, uT
t+1 ∼ πT(·|c′t, kt), which is conditioned

on the updated history and its private knowledge1. The final history for the next state is then
ct+1 = (c′t, uT

t+1). The environment’s evolution thus depends on the hidden information
revealed through the teacher’s utterances. The reward function R(st, at) can encode sparse,
conversation-level rewards, such as final answer correctness scores, and/or dense, turn-level
rewards, which could leverage the teacher as a judge of progress. We focus exclusively on
sparse rewards, leaving exploration of turn-level rewards to future work.

1A potential concern when the private knowledge is a ground truth answer is that the teacher could
leak the this answer to the student, however in practice we find that this is very rare (see Appendix B).
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4.3 Meta-Training (Outer Loop)

During meta-training, we optimise the student model’s parameters θS to produce a policy
πθS that is adept at in-context learning from the teacher’s feedback. To facilitate this, we
ground our training in verifiable domains, such as math and code, where performance can
be objectively measured by whether a valid solution is generated by the student within the
conversation. Each episode is a trajectory τ = (s1, a1, s2, a2, . . . , sN , aN) generated by the
interaction between the student and a fixed teacher policy πT . These proceed as follows:

1. Initialisation: A problem is sampled from Dprompt. This forms the teacher’s
initial utterance uT

1 and its private knowledge kt. The initial state is therefore
s1 = ((uT

1 ), k1). When kt represents the outputs of a verifier rather than a ground
truth solution, k1 is empty.

2. Rollout: For a maximum of N turns, the student and teacher interact. At each turn t,
the student observes the history ot = ct and generates an action at = uS

t ∼ πθS(·|ct).
The teacher then responds with uT

t+1 ∼ πT(·|(ct, uS
t ), kt), producing the next state.

3. Termination & Reward: The dialogue terminates when the student produces a
valid solution or the maximum turn limit N is reached. A sparse, binary reward is
then assigned to the entire trajectory, G(τ) = R(sn, an).

SFT. Following the process described in § 2, we first generate a dataset of conversational
rollouts {τi} using the initial student policy. For each problem, we sample g independent
rollouts. We then filter this dataset to retain only successful trajectories where G(τi) = 1,
keeping at most a single successful trajectory per problem (and discarding the problem
entirely if none of its rollouts succeed). The student’s parameters θS are then updated via
SFT on the student’s turns from these successful dialogues.

RL. In the online setting, we employ GRPO. For each initial problem, we generate a
group of g conversational trajectories {τk}

g
k=1. Each trajectory is treated as a single sample

and receives a trajectory-level reward rk = G(τk). The advantages Ak are calculated by
normalising the rewards across the group and the policy is updated using the objective in
Equation 2. This directly reinforces social learning that leads to successful outcomes.

4.4 Learning to Explore with Q-Priming

SML alone does not explicitly promote question asking (see § 6.4), a desirable behaviour
for navigating ambiguity. Motivated by the fact that models exhibiting certain cognitive
behaviours have been found to better bootstrap their reasoning abilities during downstream
RL (Gandhi et al., 2025), we introduce Q-priming, a preliminary SFT stage to explicitly
teach this behaviour. For this stage, we generate an SFT dataset by synthetically injecting
questions into conversations. During data generation, if a student’s turn is incorrect, we
replace its response with a generated question. The probability of this injection decays
exponentially over turns (Equation 4), which encourages exploratory behaviour early on:

PQ(t) = αt I[R(st, at) = 0] (4)

To ensure the injected questions are useful, we again exploit the information asymmetry.
We generate each question by providing the student model with its prior attempt and
the teacher’s private knowledge (e.g., the ground truth solution), then prompting it to
formulate an informative query. This creates a dataset containing examples of effective,
information-seeking questions.

5 Experimental Setup

We investigate the following research questions:
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1. RQ1. In-Domain Performance: Does SML improve a model’s ability to learn from
language feedback on tasks from the training domain?

2. RQ2. Online vs. Offline Training: Which is more effective for SML?

3. RQ3. Out-of-Domain Transfer: Can the ability to learn from language feedback,
acquired via SML in one domain, transfer to a different domain?

4. RQ4. Underspecification: Can learning from language feedback for fully-specified
problems transfer to initially underspecified problems?

5. RQ5. Behavioural Adaptation: Does SML with Q-priming encourage effective
question asking behaviour?

5.1 Datasets and Evaluation Protocol

Training Data. We use two datasets to train our models, corresponding to our two do-
mains of interest: mathematics and coding. For math training, we use a training set of
2,000 problems from the Omni-MATH (Gao et al., 2025), a large and diverse collection of
Olympiad-level competition math problems. For code training, we use OpenCodeInstruct
(Ahmad et al., 2025), a large-scale dataset of code generation problems with test cases.

Evaluation Tasks. We evaluate models in three distinct settings designed to probe different
facets of their interactive learning capabilities. To ensure standardised feedback at test time,
Gemini-2.5-Pro is always used as the teacher during evaluation.

In-Domain: Learning from Language Feedback for Math. To assess in-domain perfor-
mance, we use a held-out test set of 500 problems from Omni-MATH. The evaluation
mirrors the training setup: the student model engages in a multi-turn dialogue with a
teacher model to solve a math problem. This setting is analogous to the one proposed by
the MINT benchmark (informative interaction mode) (Wang et al., 2024b), where success
is measured by the model’s ability to reach a correct solution through conversation with
a teacher that provides guidance based on a ground truth solution. We use Omni-MATH
rather than the math problems in MINT, as performance on Omni-MATH is less saturated.

Out-of-Domain. We test the ability of models to generalise the skill of learning from
feedback across domains in two directions.

• Math-to-Code: To test transfer from math to code, we evaluate models trained
on Omni-MATH on code generation tasks from LiveCodeBench (Jain et al., 2025).
Here, the teacher’s private knowledge is comprised of public test cases and their
outputs. The teacher provides feedback based on information revealed by test
outputs, simulating a common developer workflow.

• Code-to-Math: We evaluate models trained on 2, 000 problems from OpenCodeIn-
struct, again using test outputs as the teacher’s private knowledge, on Omni-MATH.

Underspecification. We evaluate models’ ability to handle underspecified problems using
the math and code subtasks from the Lost-in-Conversation benchmark (Laban et al., 2025).
In this setting, the problem statement is “sharded” and revealed incrementally over several
turns. The teacher simulates a “lazy user,” providing the next piece of information (i.e.,
shard) in each turn. The dialogue terminates if the student provides a correct solution or if
all shards have been revealed and the student has failed to solve the problem.

5.2 Behavioural Analysis

To understand how SML and Q-priming alter a model’s conversational behaviour, we
conduct a behavioural analysis following the protocol defined by the Lost-in-Conversation
benchmark. This involves using a strong LLM-as-judge (we use Gemini-2.5-Pro (Comanici
et al., 2025)) to classify each student turn into a predefined set of turn types (e.g., answer
attempt, clarification question, discussion). We then analyse the frequency of these actions
to see how the student’s approach to soliciting and integrating language feedback changes.
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5.3 Baselines

We compare SML against three baselines to understand the impact of including a teacher-
student interaction loop during training:

• Single-turn SFT: A standard SFT baseline trained on (problem, solution) pairs.
• Single-turn RL: A baseline trained with the same GRPO algorithm on single-turn

generations. This controls for the effect of the RL algorithm.
• Scaled group size: To control for the increased number of generation steps in SML,

we also evaluate a variant of the single-turn RL baseline where we use a T-times
larger group size to provide it with a comparable generation budget. This baseline is
thus trained on a larger number of trajectories, but with fewer tokens per trajectory.

In Appendix B, we also compare to using uninformative, binary correctness feedback during
training, which allows the student to learn to update their responses but not how to solicit
and integrate semantically meaningful feedback. There, we also evaluate the effect of using
a stronger teacher to provide feedback during training.

5.4 Implementation Details

Figure 1: Comparing different finetuning
strategies on Omni-MATH.

For all online RL experiments, we use
GRPO with a group size of g = 8 and no
KL regularisation (β = 0). The data for
SFT is also collected using g = 8 before fil-
tering. We use a sampling temperature of
0.7. For the SML rollouts, we use a maxi-
mum of N = 4 turns. However, we eval-
uate on Omni-MATH and LiveCodeBench
with N = 10 turns to investigate generali-
sation to longer conversations. All finetun-
ing runs are performed for a single epoch
over three seeds and 95% confidence inter-
vals are reported for each evaluation of a
finetuned model. We use Gemma-3-12B-IT
(Kamath et al., 2025) as our primary base model and repeat core experiments with Qwen3-8B
(Yang et al., 2025) in Appendix A. For Q-Priming, we set α = 0.75, meaning 75% incorrect
first-turn attempts are replaced with a question; this was chosen as a heuristic.

6 Results

6.1 RQ1 & RQ2: In-Domain Performance & Online vs. Offline Training

Figure 2: Average loss on the correct answer
across conversational turns for Omni-MATH.

Figure 1 presents a comparison between
different finetuning strategies for SML on
Omni-MATH. We observe that RL is more
effective, which is in line with a growing
body of prior work comparing generalisa-
tion from RL and SFT/ imitation learning
(Ostrovski et al., 2021; Kirk et al., 2024; Chu
et al., 2025; Cook et al., 2025; Kumar et al.,
2025). Interestingly, training on conversa-
tions with a maximum of 4 turns enables
continuing to learn from language feedback
for up to 10 turns at test time. 4-turn and
10-turn SFT perform comparably when eval-
uated with N = 10, indicating that there are
diminishing returns from scaling the num-

ber of interaction turns used in SFT on Omni-MATH. We also include the single-turn RL
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Figure 3: Evaluating transfer of the ability to learn from language feedback between math
and code domains. Left: Training on Omni-MATH and evaluating on LiveCodeBench;
Right: Training on OpenCodeInstruct and evaluating on Omni-MATH.

baseline with 4× larger GRPO group size. This performs comparably on the first turn,
but the model trained with 4-turn RL establishes a widening performance gap over longer
conversations.

To illustrate changes to in-context learning dynamics following SML, we compute the loss
on the correct answer following each teacher turn in a conversation for the base model
and a model that was trained with SFT on successful 10-turn conversations. These results,
averaged across Omni-MATH test, are shown in Figure 2. The model trained via SML
exhibits a clear loss reduction as conversations progress, whilst the base model shows no
trend. This demonstrates that SML teaches models how to learn from language feedback.

6.2 RQ3: Out-of-Domain Transfer

In Figure 3, we compare the transfer of models trained on Omni-MATH to LiveCodeBench
and models trained on OpenCodeInstruct to Omni-MATH. For code tasks, rather than a
ground truth solution, the teacher’s private knowledge consists of the outputs of the public
test cases, simulating a common developer workflow where a user provides feedback based
on test results. Both finetuning approaches yield comparable single-turn performance to
the baseline, but SML (4-turn RL) leads to a notable performance gain over multi-turn
conversations. This demonstrates that the ability to learn from language feedback is a
general skill that transfers across domains.

6.3 RQ4: Underspecification

We report the Lost-in-Conversation (math & code) performance following different ap-
proaches to finetuning on Omni-MATH in Table 1. First, baseline Gemma-3-12B-IT results
reflect the central finding of Laban et al. (2025); performance on the sharded tasks is much
lower than on the fully specified tasks. Second, while single-turn RL performs the best
on the full tasks, SML (MT-RL) leads to considerably better performance on the sharded
tasks. Multi-turn SFT also outperforms single-turn baselines in this setting. These results

Baseline ST-SFT ST-RL MT-SFT MT-RL

Math Full 92.0 92.5 ± 2 94.4 ± 1 93.2 ± 2 94.1 ± 2
Sharded 62.7 63.3 ± 1 63.7 ± 2 67.1 ± 2 69.9 ± 1

Code Full 76.3 76.7 ± 3 77.1 ± 2 75.8 ± 1 76.2 ± 2
Sharded 51.5 48.9 ± 3 51.6 ± 2 53.0 ± 3 54.8 ± 2

Table 1: Evaluating transfer to the math and code subtasks of the Lost-in-Conversation
benchmark. Training was done on Omni-MATH.
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Figure 4: Evaluating the impact of Q-priming on multi-turn performance (left) and the rate
of question asking per conversation (right) for Omni-MATH.

show that training on dialogues with explicit, corrective feedback helps models adapt to a
communication style that closely reflects how users often engage with chat-based assistants,
where information is provided piece by piece. This reduces the burden on the user to craft a
perfect, exhaustive initial prompt. The code results also demonstrate another instance of
positive transfer from math training.

6.4 RQ5: Behavioural Adaptation

To compare behavioural adaptation with and without Q-priming, we perform SML in two
stages: first SFT, then RL. With Q-priming, the SFT stage uses a dataset containing injected
questions (see § 4.4). Figure 4 shows that Q-priming successfully instils and maintains
question-asking behaviour during subsequent RL training. Without it, the model only
slowly discovers question-asking as a useful strategy. Furthermore, Q-priming leads to
performance gains relative to using an SFT dataset without injected questions, highlighting
the importance of exploratory behaviour.

Figure 5: Comparing the conversational be-
haviours of models on Lost-in-Conversation
before and after SML with Q-priming.

Another practical benefit of this be-
havioural shift is shown in Figure 5. On the
Lost-in-Conversation benchmark, the SML
model with Q-priming makes far fewer pre-
mature answer attempts. Instead, it is over
5 times more likely to ask a clarifying ques-
tion. This change from presumptive guess-
ing to proactive enquiry marks a significant
step towards active social learning.

7 Conclusion

In this work, we introduce a finetuning methodology, inspired by the phenomenon of
social meta-learning (SML) in humans, that trains LLMs to learn how to learn from others in
conversation. By converting static problems into interactive pedagogical dialogues, we show
that models can be taught to use language feedback to solve problems they are unable to
solve in a single turn. Our results demonstrate that this learned ability is highly generalisable:
SML on math problems improves a model’s capacity to learn from feedback on coding
tasks and to handle ambiguity in underspecified problems. Furthermore, by introducing a
Q-priming stage, we can elicit exploration within conversation, encouraging behaviours
such as asking clarifying questions instead of making premature answer attempts. This
work presents a scalable path toward developing more collaborative and human-compatible
AI by reframing static tasks as interactive learning opportunities.
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Alexandre Ramé, Sagar Waghmare, Helen Miller, Nathan Byrd, Ashrith Sheshan, Raia
Hadsell Sangnie Bhardwaj, Pawel Janus, Tero Rissa, Dan Horgan, Sharon Silver, Ayzaan
Wahid, Sergey Brin, Yves Raimond, Klemen Kloboves, Cindy Wang, Nitesh Bharad-
waj Gundavarapu, Ilia Shumailov, Bo Wang, Mantas Pajarskas, Joe Heyward, Martin
Nikoltchev, Maciej Kula, Hao Zhou, Zachary Garrett, Sushant Kafle, Sercan Arik, Ankita
Goel, Mingyao Yang, Jiho Park, Koji Kojima, Parsa Mahmoudieh, Koray Kavukcuoglu,
Grace Chen, Doug Fritz, Anton Bulyenov, Sudeshna Roy, Dimitris Paparas, Hadar Shem-
tov, Bo-Juen Chen, Robin Strudel, David Reitter, Aurko Roy, Andrey Vlasov, Changwan
Ryu, Chas Leichner, Haichuan Yang, Zelda Mariet, Denis Vnukov, Tim Sohn, Amy Stuart,
Wei Liang, Minmin Chen, Praynaa Rawlani, Christy Koh, JD Co-Reyes, Guangda Lai,
Praseem Banzal, Dimitrios Vytiniotis, Jieru Mei, and Mu Cai. Gemini 2.5: Pushing the fron-
tier with advanced reasoning, multimodality, long context, and next generation agentic
capabilities. arXiv preprint, 2025. URL https://doi.org/10.48550/arXiv.2507.06261.

Jonathan Cook, Chris Lu, Edward Hughes, Joel Z. Leibo, and Jakob N. Foerster. Ar-
tificial generational intelligence: Cultural accumulation in reinforcement learning.
In Advances in Neural Information Processing Systems 38: Annual Conference on Neu-
ral Information Processing Systems 2024, NeurIPS 2024, Vancouver, BC, Canada, Decem-
ber 10 - 15, 2024, 2024. URL http://papers.nips.cc/paper files/paper/2024/hash/
6df3a719d99bd2479c04114d357003d0-Abstract-Conference.html.

Jonathan Cook, Silvia Sapora, Arash Ahmadian, Akbir Khan, Tim Rocktäschel, Jakob N.
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A Qwen Results

Figure 6: Comparing different multi-turn and single-turn finetuning strategies on Omni-
MATH. Qwen3-8B is used as the base model.

Figure 7: Evaluating transfer of the ability to learn from language feedback between math
and code domains. Qwen3-8B is used as the base model. Left: Training on Omni-MATH and
evaluating on LiveCodeBench; Right: Training on OpenCodeInstruct and evaluating on
Omni-MATH.
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B Teacher Impact

In Figure 8 (left), we show the impact of the teacher model used at inference time, revealing
that more powerful teachers provide feedback that is more informative to the student. We
also compare to simply using binary correctness feedback, rather than teacher guidance.
Here, the student being evaluated is Gemma-3-12B-IT without any further finetuning. Figure
8 (right) shows the impact of the teacher model used during training. At test time, each
student model is evaluated using Gemini-2.5-Pro as the teacher. The teacher model used
for training has much less impact than during inference, indicating that a stronger teacher
model is unnecessary for SML training. This suggests that the skill of learning from language
feedback can be acquired from a peer-level conversational partner.

Figure 8: Evaluating the impact of using stronger models as teachers on Omni-MATH. In
the right plot, the same teacher (Gemini-2.5-Pro) is used at test time.

B.1 Analysis of Teacher Answer Leakage

In § 4, we note that instances of the teacher model explicitly leaking the ground truth answer
to the student are very rare. Because our SML framework relies on the student learning
to integrate corrective language feedback, a high rate of teacher answer leakage would
threaten the validity of our multi-turn RL evaluations by reducing the task to copying. To
empirically verify the integrity of the teacher’s feedback, we conducted a thorough leakage
analysis on the Omni-MATH test set.

Methodology. We evaluated all 500 test instances from an evaluation run with
Gemma-3-12B-IT as the student and Gemini-2.5-Pro as the teacher. To ensure we captured
both explicit and implicit leaks, we employed a two-pronged detection strategy:

1. Rule-based string matching: We extracted the final ground truth answer and
performed a strict regex substring check against the teacher’s raw text.

2. LLM-as-judge: Because strict string matching may miss semantically equivalent
leaks (e.g., providing a trivializing formula that effectively solves the problem
without explicitly stating the answer string), we additionally prompted a strong
evaluator model (Gemini-2.5-Pro) with the ground truth, the student’s attempt,
and the teacher’s response. The judge was tasked with determining if the teacher
bypassed the need for the student reasoning by prematurely revealing the answer.

An instance was conservatively labelled as a leak if it tested positive under either the regex
check or the LLM judgement.

Results. The results of the leakage analysis demonstrate that the teacher consistently
adheres to its role of providing guidance without revealing the private ground truth:

• Total instances evaluated: 500
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• Total leaks detected: 8
• Leakage rate: 1.6%

Although the leakage rate is non-zero, at 1.6%, it is low enough for us to consider the
observed improvements in multi-turn evaluations to genuinely reflect the model’s acquired
ability to reason over and integrate external language feedback, rather than an artifact of
exploiting leaked solutions.
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C Prompts

Initial Teacher Prompt Template

I am trying to solve this math question:
{question}

Here is my answer attempt:
{original answer}

Evaluation result: {correctness str}
Reference answer(s): {reference str} / Test output(s): {test str}

Figure out what mistakes I made in my answer attempt. Then concisely explain to
me these mistakes such that I can solve the problem on my own. In your response,
you should explicitly refer to the evaluation results. If you are unsure about my
mistakes or how to solve the problem, simply convey the evaluation results to me.
Do NOT provide a complete solution, that is NOT your goal. Be concise in your
answer.

Binary Feedback

Your answer is incorrect. Please reflect on your work, find logical flaws or mistakes,
and try again.

Answer Leakage Prompt Template

You are an expert evaluator assessing a teacher’s feedback in a multi-turn educational
interaction. Your task is to determine if the teacher explicitly leaked the ground truth
answer or completely trivialized the problem for the student.

Problem Statement:
{question}

Student’s Solution:
{original answer}

Ground Truth / Reference Answer:
{reference str}

Teacher’s Feedback to the Student:
{teacher feedback}

Evaluation Criteria:
1. Did the teacher explicitly state the final ground truth answer?
2. Did the teacher provide a complete, trivializing solution (e.g., providing the final
arithmetic step where the student only needs to compute the last operation) that
bypasses the need for the student to reason?
First, reason step-by-step to evaluate the teacher’s feedback against the reference
answer and the evaluation criteria. Then, conclude your evaluation with a final
verdict on a new line formatted exactly as: Leak: Yes OR Leak: No
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