Can Small LL.Ms Learn a Robust Theory of Mind via RLVR? Investigating
Generalization through the False-Belief Task

Sneheel Sarangi
McGill University
Mila
sneheel.sarangi@mila.quebec

Abstract

Recent advancements in large language models
(LLMs) have demonstrated emergent capabil-
ities in complex reasoning, largely spurred by
rule-based Reinforcement Learning (RL) tech-
niques applied during post-training. This has
raised the question of whether similar methods
can instill more nuanced, human-like social in-
telligence, such as a Theory of Mind (ToM), in
LLMs. This paper investigates whether small-
scale LLMs can acquire a robust and generaliz-
able ToM capability through RL with verifiable
rewards (RLVR). We conduct a systematic eval-
uation by training models on various combina-
tions of prominent ToM benchmarks (HiToM,
ExploreToM, FANToM) and testing for gener-
alization on held-out benchmarks (e.g., Open-
ToM). Our findings indicate that small LLMs
struggle to develop a generic ToM capability.
While performance on in-distribution tasks im-
proves, this capability fails to transfer to un-
seen ToM tasks with different characteristics.
Even observed out-of-distribution (OOD) per-
formance improvements occur unpredictably
across the training run, and don’t generalize
across other OOD benchmarks. Furthermore,
we conduct analysis to show that the learned
behavior is likely a form of narrow overfitting
rather than the acquisition of a true, abstract
ToM capability.

1 Introduction

The ability to attribute mental states such as beliefs,
desires, and intentions to oneself and others, a ca-
pacity known as Theory of Mind (ToM)), is a corner-
stone of human social intelligence (Premack and
Woodruft, 1978). Developing artificial agents with
genuine ToM would be a significant step towards
more collaborative and safe Al. The rapid scaling
of Large Language Models (LLMs) has ignited in-
terest in their potential to develop such reasoning
skills, with some models showing nascent ToM-
like abilities on specialized benchmarks (Kosinski,
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2023). However, the question of whether LLMs
possess a general-purpose human-like ToM capa-
bility remains contentious (Shapira et al., 2023).
Smaller language models, especially, struggle to
perform well on existing benchmarks, even when
employed with mechanisms to boost performance
on ToM tasks (Sarangi et al., 2025a).

Reinforcement Learning (RL) based post-
training has shown promise in unlocking reason-
ing capabilities in LLMs. Models like DeepSeek-
R1 have shown that RLVR can “incentivize” com-
plex logical and mathematical reasoning, leading to
skills that generalize to novel problems (DeepSeek-
Al et al., 2025). Subsequent work (Xie et al., 2025)
has further demonstrated that targeted RL training
on synthetic, rule-based tasks could foster a more
abstract reasoning ability, transferable to different
domains.

Although recent work suggests that RLVR can
boost ToM performance in LLMs (Lu et al., 2025),
the robustness and broader generalizability of the
gained capability remain untested. Previous stud-
ies have shown that LLMs’ ToM capabilities may
be attributed to learning shortcuts, heuristics, or
spurious correlations (Shapira et al., 2023). We
hypothesize that ToM capabilities learned via RL
may similarly be brittle and fail to generalize. We
suspect the models will learn to exploit dataset-
specific statistical cues, thus “hacking” the perfor-
mance metrics, rather than internalizing a coherent,
abstract model of mental states.

To test this hypothesis, we train a small-scale
LLM on various combinations of three prominent
ToM datasets (HiToM (Wu et al., 2023), Explore-
ToM (Sclar et al., 2024), FANToM (Kim et al.,
2023)) and evaluate its zero-shot performance on
a suite of held-out ToM tasks. In doing this, we
show that small LLMs indeed seem to only learn
a narrow, dataset-specific ToM capability, which
fails at other ToM tasks.
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2 Related Work

Machine Theory of Mind. The development of
computational systems exhibiting ToM has been
a persistent objective in artificial intelligence re-
search (Rabinowitz et al., 2018). Contemporary
LLMs have exhibited substantial improvements,
with performance metrics on established ToM
benchmarks like ToMi (Le et al., 2019) and Big-
ToM (Gandhi et al., 2023) approaching or exceed-
ing human accuracy. Notwithstanding these ad-
vancements, the robustness of LLM-based ToM
remains a subject of scrutiny, with previous studies
pointing out (Ullman, 2023; Shapira et al., 2023)
that strong performance on ToM benchmarks may
be an indicator that LLMs are using shortcuts or
heuristics to answer questions. These concerns,
alongside the saturation of existing benchmarks,
have necessitated advancements in ToM evaluation
methodologies, including evaluations of higher-
order ToM reasoning (Wu et al., 2023), perfor-
mance in naturalistic dialogue contexts (Kim et al.,
2023), and in narrative contexts (Xu et al., 2024;
Sclar et al., 2024).

Augmenting ToM in LLMs. Recent research
has proposed several methodologies for enhancing
the ToM capabilities of LLMs, primarily by in-
troducing structured reasoning frameworks (Sclar
et al.,, 2023; Wilf et al., 2024; Sarangi et al.,
2025a,b). These methods rely on external algorith-
mic control or predefined procedural frameworks to
structure the LLLM’s inference process and thus re-
main dependent on the strength of the base model.
For smaller base models, these methods do not
significantly improve performance (Sarangi et al.,
2025a). By directly injecting ToM capabilities via
post-training, we can likely achieve a stronger up-
per bound in performance.

Reinforcement Learning for LLMs

RL has become a critical post-training tech-
nique for optimizing LLMs on desired outcomes
like helpfulness and correctness (Ouyang et al.,
2022). A key innovation is RLVR, which bypasses
costly human feedback by using programmatic or
rule-based reward signals (Lambert et al., 2025;
DeepSeek-Al et al., 2025).

The success of this approach in formal reason-
ing motivates our work. For instance, DeepSeek-
R1 showed that rewarding correct final answers
in math and coding incentivized the develop-
ment of generalizable internal reasoning processes
(DeepSeek-Al et al., 2025). Similarly, Logic-RL

demonstrated that mastering narrow logic puzzles
improved performance on broader mathematical
benchmarks, suggesting the transfer of learned prin-
ciples (Xie et al., 2025). These precedents establish
that RL can cultivate abstract abilities from specific,
verifiable tasks.

This raises the question of whether RL can in-
still cognitive abilities such as ToM. While early
results are positive (Lu et al., 2025), the nature
and generalizability of these capabilities remain
under-explored. Additionally, a growing body of
literature suggests that LLMs do not learn new ca-
pabilities via RLVR (Yue et al., 2025; Alam and
Rastogi, 2025). We believe that the False-Belief
ToM task, which humans are naturally good at,
and which already has a wide array of benchmarks,
serves as an interesting case study to investigate
whether RLVR can instill a general capability.

3 Methodology

To investigate whether RLVR can instill a generaliz-
able ToM in small LLMs, we design a series of ex-
periments that test both in-distribution performance
and out-of-distribution generalization. Specifically,
we evaluate a 7B parameter model trained under
different curriculum settings across curated ToM
datasets.

We compile a suite of 5 ToM benchmarks en-
compassing a total of 13 tasks. These benchmarks
were selected to span a wide range of input distri-
butions, task formats, and levels of reasoning com-
plexity. To evaluate generalization, we hold out two
full benchmarks (OpenToM (Xu et al., 2024), and
ToMBench (Chen et al., 2024)) and selected tasks
from two others (FANToM (Kim et al., 2023) and
HiToM (Wu et al., 2023)) as evaluation-only data.
This allows us to assess whether models trained
on specific ToM data can transfer learned social
reasoning capabilities to novel formats and tasks.

We create training configurations by permuting
combinations from the remaining datasets, training
one model per configuration using a fixed RL algo-
rithm and an outcome-based reward, and evaluate
across both in-distribution and held-out tasks. The
following subsections describe the datasets, train-
ing protocols, and RLVR implementation in more
detail.

3.1 Datasets

Training Datasets We use three primary datasets
for training: FANToM (Kim et al., 2023), HiToM
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Table 1: Performance comparison across trained models. For compactness, column headers are abbreviated as
follows: O1-0O4 refer to the data test samples corresponding to HiToM reasoning orders; loc, mhop refer to OpenToM
sub-tasks (location false-belief, and multihop); All reported values are accuracy percentages (%). Model names
indicate the combination of datasets used during training: Hi = HiToM, Fan = FANToM, Exp = ExploreToM. For
instance, Hi-Fan-Exp denotes a model trained on all three datasets, while Hi-Fan indicates training only on HiToM

and FANToM.
Dataset | ExpToM | FANToM | HiToM OpenToM FANToM List | ToMBench
Model | Al | Al | Al O1-O03 O4 | Al loc mhop| Al | Al
Baseline 60.5 20.5 40.6 422 358|553 595 532 29.6 80.2
CoT 57.5 27.0 444 478 342|592 615 59.0 43.0 87.3
Hi 62.2 24.0 842 79.7 97.5]60.5 60.0 60.6 45.6 82.7
Fan 57.4 91.5 41.8 455 30.8|627 645 61.8 53.6 74.3
Exp 84.7 48.0 372 439 2441597 635 578 53.6 64.0
Hi-Fan 61.5 89.5 812 783 899|618 645 61.1 49.8 70.8
Hi-Exp 84.7 46.0 84.6 825 929|61.7 59.0 63.0 54.4 70.8
Fan-Exp 83.7 92.0 425 46.1 31.7]569 565 57.1 51.4 67.3
Hi-Fan-Exp | 853 | 915 [867 828 983|647 720 611 | 598 | 804

(Wu et al., 2023), and ExploreToM (Sclar et al.,
2024). These datasets were selected to capture a
broad diversity of input formats, narrative styles,
and ToM tasks. Specifically, FANToM comprises
naturalistic dialogue conversations, HiToM fea-
tures procedurally generated structured stories,
whereas ExploreToM includes both narrative and
adversarially structured false-belief tasks. For each
dataset, we define one unit of training data as hav-
ing 900 training samples. While for FANToM we
are limited by the available data, we also conduct
experiments by increasing the amount of HiToM
and ExploreToM data to 5x training units, to ex-
plore if it improves OOD performance.

Evaluation Datasets To assess generalization,
we evaluate model performance on four held-out
datasets: (1) OpenToM (Xu et al., 2024), (2)
ToMBench (False-Belief task only) (Chen et al.,
2024), (3) the FANToM List-response tasks (Kim
et al., 2023), and (4) the fourth-order HiToM task
(Wu et al., 2023). These datasets are chosen to
probe distinct generalization axes: narrative distri-
bution shift, reasoning order extrapolation, and task
format novelty.

3.2 RL Details

Reward Function To ensure consistency in
model outputs while encouraging models to learn
the desired ability, we adopt a rule-based reward
scheme inspired by prior works (Xie et al., 2025).
The reward function is composed of a format re-
ward and a correctness reward, applied sequen-
tially.

Training Algorithm. Our primary experiments
use the GRPO (Shao et al., 2024) algorithm, which
has become the standard for RLVR. It eliminates
the need for a separate value model required by
PPO, instead estimating the baseline by sampling a
group of outputs per prompt and computing advan-
tages based on normalized relative rewards within
the group.

We discuss the reward function and algorithm
further in Appendix D.

4 Experiments and Results

4.1 Experimental Setup

We use Qwen2.5-7B-Instruct (Qwen et al., 2025)
as the primary LLLM for our experiments. We train
a model for each combination of training sets from
HiToM, FANToM, and ExploreToM, for a total
of 7 trained models. The models are trained for
10-30 epochs, or until the training degrades (in-
distribution performance drops significantly sud-
denly). We select the best-performing checkpoint
based on performance across all in-group and out-
group benchmarks. We do this to charitably high-
light the highest performing checkpoints overall—
especially as performance on validation sets largely
stays stagnant after some initial training steps (Fig-
ure 1), and we observe some OOD performance im-
provement after this point. We then use the selected
checkpoint to conduct evaluations on all considered
datasets and tasks. We describe the baseline and
evaluation settings further in Appendix A.

We include experiments on other model sizes
and variants, and compare with a supervised fine-
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Figure 1: Performance/Training Step Graphs for the HiToM-Explore-ToM as in-distribution data setting. We
present this setting as it showed the highest net OOD performance gain. We present results for the HiToM-FANToM-

Explore-ToM trained setting in Figure 3.
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Figure 2: Best of Baseline/CoT performance on benchmark vs Worst performing checkpoint vs Mean performance
of checkpoints vs Best Performing checkpoint, where checkpoints across all runs are considered. We only consider
checkpoints after the first epoch of training to ensure that we don’t include early checkpoints in our analysis.

tuned (SFT) baseline model in Appendix F. Ad-
ditionally, we study the effects of using the RE-
INFORCE++ algorithm, alongside the effect of
increasing the training data in Appendix J.

4.2 Results

We provide the main results in 1. We provide
supplementary figures to better understand within
training-run dynamics in Figures 1, 2.

4.2.1 Performance on In-Distribution Tasks

RL training yielded substantial performance im-
provements on in-distribution tasks. Models
trained on the FANToM, HiToM, and ExploreToM
datasets significantly outperformed baselines by
approximately 71, 44, and 24 percentage points
(pp), respectively. The model trained on all three

datasets simultaneously (Hi-Fan-Exp) achieved the
highest overall in-distribution performance (Table
1). These results confirm that RLVR is a highly
effective optimizer for in-distribution ToM data.

4.2.2 Performance on Out-Of-Distribution
Tasks

Despite these gains, models typically failed to gen-
eralize to out-of-distribution (OOD) tasks. On
the OpenToM benchmark, accuracy remained stag-
nant (56.9%—64.7%) and did not improve signif-
icantly upon the CoT baseline of 59.2%. On the
ToMBench task, performance dropped by up to 16
pp below the zero-shot baseline (80.2%), and even
the best performing trained model failed to match
the CoT baseline of 87.3%. Similarly, when not in
the training set, HiToM and ExploreToM both did
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not observe performance gains.

Interestingly, the FANToM-List and FANToM
QA tasks showed improved performance on most
configurations, improving by up to 30 pp. How-
ever, these remain well below human baselines,
suggesting that the model has not yet learned a
true ToM capability. Also, as observed in Figure
1, performance on these tasks is highly volatile
through training, which we discuss in the next sec-
tion. Notably, improvements on these OOD bench-
marks often appeared several training steps after
in-distribution performance had already plateaued.
This suggests that as the training procedure con-
tinues searching for improvements, it can stum-
ble upon strategies that help on one benchmark,
but it struggles to converge on a strategy that
improves performance generalizably. An early-
stopping checkpoint, as is typically used, would
thus yield much lower OOD performances than
those presented.

Another interesting result is that the 4th-order
HiToM task shows extremely strong generalization,
outperforming even the in-distribution first-to-third
order tasks across all runs where HiToM was in-
cluded. We analyze this further in Appendix G and
I, where we show this is likely a strong indicator
of pattern-matching: training on only order-1 tasks
fails to generalize upwards, but training on any
higher-order task increases performance on other
higher orders while reducing order-1 performance,
suggesting the model exploits structural artifacts
that become more pronounced in higher-order prob-
lems.

4.2.3 Performance Volatility within Training
Runs

Performance on held-out benchmarks varies signif-
icantly across checkpoints within a single training
run (Figure 1). Even as in-distribution accuracy
converges, OOD accuracy fluctuates substantially.
For example, in the Hi-Exp run, FANToM accuracy
at step 4000 jumps to 46% from 28% at the previ-
ous checkpoint, then falls to 14% at the next (Fig-
ure 1b), while in-distribution performance remains
virtually unchanged. Moreover, we cannot claim
this spike reflects a stronger ToM, as ToMBench
performance at that checkpoint is 71%, well below
the 82% achieved a few checkpoints later.
Therefore, given current training mechanisms,
models do not appear to learn a robust ToM-like
reasoning capability; the observed OOD gains are
ephemeral rather than stable. In Figure 2, we show

the best, worst, and mean OOD performance across
all checkpoints and runs. We notice that for all
datasets there exist checkpoints that perform no-
tably worse than the baselines. For HiToM, Ex-
ploreToM, and ToMBench, the best performing
OOD checkpoint is on par or slightly better than
the baseline, and the mean checkpoint is worse. For
the others, the best performing checkpoints are of-
ten better than the baseline but the mean checkpoint
often only shows a slight improvement.

Discussion We show these findings remain con-
sistent over model sizes in Appendix F. Addition-
ally, we conduct the HiToM ablation study in Ap-
pendix G. We discuss the observed results in sig-
nificant detail in Appendix L.

5 Conclusion

We presented a case study investigating whether
RLVR can cultivate a genuine cognitive capability
of Theory of Mind in small LLMs, using the false-
belief task as a testbed. By training a 7B model
on various combinations of prominent ToM bench-
marks and evaluating generalization on held-out
tasks, we find that while RLVR leads to dramatic
performance gains on in-distribution tasks, this
mastery typically fails to generalize. On unseen
benchmarks, model performance showed small
or insignificant improvements over baselines, and
even training on multiple diverse datasets simul-
taneously did not bridge this generalization gap.
Furthermore, OOD performance remained highly
volatile across training checkpoints, suggesting that
any observed gains are fragile rather than the prod-
uct of stable learning. We find additional evidence
for “statistical hacking” in our HiToM ablation,
where models trained on lower-order reasoning
tasks paradoxically perform even better on more
complex, higher-order tasks (Appendix G).

‘We conclude that for small LLMs, RLVR on cur-
rent ToM benchmarks fosters sophisticated pattern-
matching, not a genuine, general-purpose ToM. As
a case study of RLVR’s capacity to instill abstract
reasoning, our findings suggest that the strong
generalization observed in formal domains like
mathematics does not readily extend to the nu-
anced, context-dependent domain of social cog-
nition. These results underscore a fundamental gap
between optimizing for benchmark performance
and cultivating genuine cognitive capabilities and
suggest that developing socially intelligent Al may
require richer training paradigms.
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6 Limitations

Our work is significantly limited in scope due to
not incorporating analysis on larger models, given
computational constraints. An extension of the
work will attempt to do so and identify if similar
trends remain true. Additionally, this work uses a
naive reward based on the overall correctness of
the output. A Theory of Mind-specific reward can
perhaps help in learning a generalizable Theory of
Mind capability, and this is an interesting future
area to explore. Future works should also evaluate
methods on datasets that go beyond static ToM
Reasoning. Recent work on areas such as social
simulations (Smith et al., 2025; Touzel et al., 2024)
may provide a good testing ground.
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This work used the assistance of Large Language
Models in structuring the writing of the paper, and
generating visualizations from raw data.

A Evaluation Settings

Baseline. Our zero-shot baseline (Baseline) eval-
uates the untuned Qwen2.5-7B-Instruct model by
prompting it to directly produce an answer without
any intermediate reasoning. The model is given the
task context and question and asked to output only
the final answer.

Chain-of-Thought Baseline. The CoT baseline
uses the same untuned model but includes a chain-
of-thought prompt that instructs the model to rea-
son step-by-step before answering. Both baselines
represent the model’s pre-existing capabilities prior
to any RL training.

System Prompt. During RL training and evalua-
tion of trained models, we use the following system
prompt to elicit structured reasoning:

You are a helpful assistant. You first
think about the reasoning process and then
provide the wuser with the answer. The
reasoning process and answer are enclosed
within <think> </think> and <answer> </answer>
tags, respectively, i.e., <think> reasoning
process here </think> <answer> answer here
</answer>.

B Training Datasets

Hi-ToM (Wu et al., 2023). HiToM evaluates
higher-order ToM reasoning, extending up to
fourth-order belief tracking. Inspired by the Sally-
Anne paradigm (Baron-Cohen, 1995), it presents
synthetic stories where characters enter, exit, and
move objects between rooms. All stories are gen-
erated using templates, resulting in highly struc-
tured and consistent data. The core task is multiple-
choice question answering with 15 answer options
per instance. To assess generalization to higher-
order reasoning, we exclude fourth-order questions
from training and validation sets. Additionally,
10% of examples are factual (no ToM required) to
encourage grounding and reduce spurious policy
learning.

FANToM (Kim et al., 2023). FANToM presents
ToM reasoning in naturalistic dialogue settings.
Conversations feature characters joining and leav-
ing dynamically, making belief tracking dependent
on partial observability and turn-taking. From its

suite of tasks, we use the binary false-belief classifi-
cation task for training. To mitigate reward hacking
and reinforce grounded reasoning, we augment the
training set with true-belief and factual questions.

ExploreToM (Sclar et al., 2024). ExploreToM
is designed to challenge models with adversarially
generated false-belief scenarios. It includes both
structured (template-based) and narrative (LLM-
infused) stories, focusing on nuanced belief model-
ing. From these, we use only the narrative stories to
ensure diversity of input data. To ensure balanced
learning, we sample the training data to include
70% tasks requiring genuine ToM reasoning and
30% solvable through simpler mental state track-
ing. This mix encourages the model to learn ToM
capabilities beyond shallow pattern recognition.

C Evaluation Datasets

OpenToM (Xu et al., 2024). OpenToM consists
of LLM-generated narratives inspired by the Sally-
Anne false belief paradigm (Baron-Cohen, 1995),
designed to evaluate both first- and second-order
ToM reasoning. The dataset includes six core
task types: coarse-grained location, fine-grained
location, multihop-fullness, multihop-accessibility
(each in first- and second-order forms), and an at-
titude task. Multihop tasks require two-step infer-
ence over belief chains, adding reasoning complex-
ity beyond simple belief attribution.

We use the extended version of OpenToM con-
taining longer narratives, which better challenge
narrative understanding and reasoning persistence.
For evaluation, we sample 100 examples for each
of the following tasks: first- and second-order vari-
ants of fine-grained location, multihop-fullness,
and multihop-accessibility. To avoid label imbal-
ance effects, we ensure an equal distribution of
correct answer labels across samples.

ToMBench (Chen et al., 2024) The ToMBench
benchmarks consist of several TOM tasks written
by human annotators. From these, we choose the
False Belief task consisting of 600 multiple-choice
questions with 4 choices each.

FANToM (Kim et al., 2023). We include two
list-format tasks from the FANToM benchmark:
answerability-list and knowledge-awareness-list.
These tasks require the model to return a list of
characters that meet a specified epistemic condi-
tion (e.g., knowing a fact, being able to answer
a question), thereby testing multi-step reasoning
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under partial observability. Unlike the binary clas-
sification format used during training, these list-
generation tasks evaluate the model’s ability to gen-
eralize ToM reasoning to a different output struc-
ture and more complex aggregation logic.

HiToM (Fourth-Order) (Wu et al., 2023). To
test generalization to higher-order ToM, we eval-
uate models on the fourth-order subset of HiToM.
These examples require recursive reasoning about
nested beliefs (e.g., “A believes that B believes that
C believes that D thinks...”), which were explicitly
excluded from training. Performance on this task
serves as a proxy for compositional ToM extrapo-
lation.

D RL Details

Format Reward. We enforce a structured output
format by requiring the model to enclose its inter-
mediate reasoning within <think> and </think>
tags, and its final answer within <answer> and
</answer> tags.

0.1, if the output adheres to the
Stormat = required format
0, otherwise

Correctness Reward. If the format constraint is
satisfied, we compute a correctness reward based
on whether the model’s extracted answer matches
the ground truth.

L,
Scorrect = {0’

The total reward for a response is the sum of the
format and correctness rewards. This allows us to
encourage both structured reasoning and accurate
answers in the model.

if the answer is correct

otherwise

Algorithm We primarily use the GRPO algo-
rithm (Shao et al., 2024) for our experiments. The
Deepseek-R1 paper (DeepSeek-Al et al., 2025)
first showed that this algorithm could be used with
great success for RLVR, performing on par with
the much more compute-intensive PPO model.
Additionally, we employ the REINFORCE++
algorithm (Hu et al., 2025) to further study gener-
alization across algorithms. REINFORCE++ is a
variant of the standard REINFORCE algorithm that

omits the critic model used in Proximal Policy Op-
timization (PPO), thereby simplifying the training
pipeline and reducing computational overhead.
Instead of using a learned value baseline, RE-
INFORCE++ normalizes the reward across each
training batch and uses this as a baseline to re-
duce variance in the policy gradient estimate. This
approach has been shown to maintain strong sam-
ple efficiency and stable convergence without the
additional complexity introduced by actor-critic
methods in previous studies (Xie et al., 2025).

E Experiment Details

We use the Qwen2.5-7B-Instruct model for its
strong instruction-following capabilities and grow-
ing adoption in RL-based LLM research.

We use a batch size of 8, set the number of roll-
outs to 8, use a learning rate of 5¢ ", and a temper-
ature parameter of 0.6. All experiments were run
using the verl framework for RL on LLMs.

F Analysis using other Models

In Table 2, we compare the Qwen2.5 1.5B and 3B
models, the Llama 3.1 8B model (Grattafiori et al.,
2024), and a Qwen2.5 7B SFT model with our
RLVR-trained Qwen2.5 7B model, on the training
regimen including all 3 of the HiToM-FANToM-
ExploreToM datasets.

The SFT model is simply trained to output the
multiple-choice/ single-word answer to the ques-
tion using the Verl framework. The other models
are trained similarly to our primary experiments.

The results indicate that all models show the
same failure mode and don’t generalize. We note
that the 1.5B, 3B models seem to converge to strate-
gies requiring minimal thinking token usage. This
is in contrast to the strategy applied by the 7B
model that expends a lot more thinking tokens.
This result is consistent with observations in prior
work (Lu et al., 2025).

Additionally, we observe that the RL-tuned
model outperforms the SFT model on both in-
and out-of-distribution tasks. However, the per-
formance difference remains around 10 pp on
most benchmarks. The much larger difference on
FANToM-List can be attributed to the fact that the
task requires a significantly different output struc-
ture than other tasks, which our fine-tuned model,
biased towards a much simpler output structure,
fails at.

41443



Table 2: Model Performance Across ToM Benchmarks

Model HiToM FANToM ExpToM OpenToM FANToM List ToMBench
Baselines

Qwen2.5 1.5B 19.4 31.0 60.3 429 35.2 73.2
Qwen2.5 3B 21.0 13.5 553 58.5 49.6 69.8
Llama 3.1 8B 36.7 42.5 61.6 62.6 434 79.0
Qwen2.57B 40.6 20.5 60.5 55.3 29.6 80.2
Qwen2.57B - SFT | 73.9 90.5 81.0 54.0 23.6 74.0
RLVR - Tuned

Qwen2.5 1.5B 72.3 75.2 79.8 54.3 344 59.2
Qwen2.5 3B 78.2 89.5 84.2 59.2 39.8 58.2
Llama 3.1 8B 79.8 82.2 83.1 57.4 45.9 73.5
Qwen2.57B 86.7 91.5 85.3 64.7 59.8 80.4

G Analysis of ToM Orders

We experimented further with the HiToM dataset.
In addition to our original model trained on Orders
1, 2, and 3, we trained six new checkpoints. Four
of these were trained on single orders (1, 2, 3, and
4, respectively), and two were trained on combined
orders (1 & 2, and 1, 2, 3, & 4). Each new model
was trained on a dataset of 900 samples, drawn
in equal proportions from its constituent orders.
For this ablation study, we use the REINFORCE++
algorithm due to computational constraints. Al-
though we show that GRPO slightly outperforms
REINFORCE++ in our experiments, we observe
that similar trends typically hold across algorithms,
making REINFORCE++ a reasonable choice for
this experiment.

Table 3: Performance accuracy (%) of models trained on
HiToM tasks of different orders on the overall HiToM
benchmark. None is the baseline model; the following
models are trained only on the orders mentioned.

Trained on | Tested on

Model ‘ 01 02 03 04
None ‘ 65.8 483 292 342
O1 750 56.7 383 275
O 41.7 675 76.7 170.8
O3 433 592 700 725
Oy 350 525 733 858
O1,2 758 75.8 689 625
Or2s 733 775 867 942
01,23, 63.3 71.7 858 942

To conduct a granular analysis of generaliza-
tion within a single distribution, we evaluated mod-
els trained on specific reasoning orders from the

HiToM dataset, with results detailed in Table 3.
The untuned baseline model exhibits a predictable
difficulty curve, with accuracy degrading as cogni-
tive load increases: it scores 65.8% on first-order
(01) tasks, which falls to 48.3% on 02, 29.2% on
03, and 34.2% on O4.

RL training, however, produces complex and
non-intuitive patterns of generalization that re-
veal highly specialized, non-transferable strategies.
Training on only O1 tasks, for instance, improves
O1 performance to 75.0% but fails to generalize
upwards, causing a performance decrease on the
04 task to 27.5%. Conversely, when trained ex-
clusively on a single higher order (02, O3, or 0O4),
the model learns a strategy that is detrimental to
the simplest case. This negative transfer is most
severe when training only on O4, which drops O1
performance to 35.0%, a nearly 31-point collapse
from the baseline. Despite this, these specialized
models perform well on their target and adjacent
orders; the O3-trained model, for example, scores
70.0% on O3 and 72.5% on OA4.

While single-order training reveals conflicting
strategies, joint training on lower and higher order
data in the training set can maintain performance
while unlocking generalization. Training on O1
and O2 yielded a large improvement of over 30 per-
centage points on both O3 and 04 tasks compared
to the baseline while maintaining performance on
Ol. This trend culminates in the model trained on
orders 1, 2, and 3, which completely inverts the
intuitive difficulty curve. It performs progressively
better as the order increases (73.3% on O1, 77.5%
on 02, 86.7% on O3), achieving its peak accuracy
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of 94.2% on the unseen fourth-order task. The
inclusion of O4 data in the training set does not
significantly alter these accuracies, indicating that
performance had already saturated by exploiting
patterns learned from the lower-order tasks.

H Training Behavior Analysis

Accuracies on out-sets remain stagnant through
training runs. To better understand how model
behavior changes through a training run, we plot
in/out set accuracies over training epochs in Figure
3. We observe that while the in-set accuracies con-
sistently increase, out-set accuracies stay stagnant
with no significant changes. This serves as further
evidence that models overfit to perform better at
in-distribution tasks.

I Discussion

In-Distribution Mastery Does Not Translate to
Out-of-Distribution Generalization. The primary
finding of this work is the stark discrepancy be-
tween a model’s ability to master a specific ToM
benchmark and its ability to generalize that skill.
Our experiments consistently show that RLVR is an
exceptionally effective optimizer for in-distribution
tasks, with performance on datasets like FANToM
and HiToM increasing by over 40-70 percentage
points post-training (Table 1). This confirms the
power of RL in achieving high scores on a given
benchmark. However, this success is purely lo-
cal. When these specialized models were evaluated
on the held-out OpenToM benchmark, their per-
formance was indistinguishable from the untuned
baseline. This suggests the learned "skill" is inex-
tricably tied to the source distribution, preventing
transfer and indicating the absence of an abstract,
generalizable capability. This outcome provides
strong empirical support for concerns raised by
prior work (Shapira et al., 2023; Ullman, 2023)
that strong benchmark scores can be misleading,
and that LLMs might indeed be learning heuristics
rather than a true ToM.

Training Dynamics Reveal a Divergence To-
ward Overfitting. The analysis of model perfor-
mance over training epochs provides a clear mech-
anism for this failure to generalize. As shown in
Figure 3, the learning curves for in-distribution and
out-of-distribution datasets diverge. In-distribution
accuracy steadily rises as the model is rewarded for
correct answers, while out-of-distribution accuracy
remains stagnant. This pattern is a classic signature

of overfitting, where the model progressively learns
the statistical idiosyncrasies and spurious correla-
tions of its training data rather than the underly-
ing principles of the task. This outcome contrasts
sharply with findings in the logical reasoning do-
main (DeepSeek-Al et al., 2025), suggesting that
the ambiguity and contextual nuance inherent to
social reasoning tasks may make their benchmarks
more susceptible to this kind of statistical exploita-
tion via RL.

Inverted Difficulty Curves Suggest Hacking of
Dataset Artifacts. The experiments on HiToM’s
tiered reasoning orders offer the most compelling
evidence of "hacking" rather than learning. A
model possessing a genuine ToM capability should
find higher-order reasoning more difficult, a trend
observed in our baseline model. Instead, the RL-
trained model inverted this difficulty curve, per-
forming best on the unseen and most complex
fourth-order task (Table 3). This paradoxical result
is highly unlikely to stem from a sudden mastery
of complex recursive thought. A more plausible ex-
planation is that the model identified and exploited
structural artifacts in the templated HiToM data that
become more pronounced or predictive in higher-
order examples. This finding serves as a cautionary
tale about the face validity of benchmark perfor-
mance, as the model’s highest score was achieved
through a method contrary to the intended reason-
ing path.

Learned SKkills are Brittle to Changes in Task
Format. Beyond failing to generalize to new
datasets, the learned capabilities were also brit-
tle to changes in task format within the same
dataset. A model that achieved over 90% accu-
racy on FANToM’s binary false-belief questions
showed no meaningful improvement on the FAN-
ToM List tasks, despite both tasks relying on the
same conversational context and underlying mental
state information. This demonstrates that the model
did not learn a flexible internal representation of
the characters’ beliefs that could be queried in dif-
ferent ways. Instead, it learned a rigid policy for
a specific (context, question type) — answer map-
ping. The inability to handle slight variations in the
query format underscores the superficiality of the
learned skill, which lacks the robustness expected
of a true cognitive capability.

Implications as a Case Study of RLVR Gener-
alization. The false-belief task provides a particu-
larly informative case study for evaluating RLVR’s
generalization capabilities. Unlike formal reason-
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Figure 3: Performance/Training Step Graphs for the HIiToM-FANToM-ExploreToM (all three datasets) in-
distribution data setting. Performance trends are consistent with the Hi-Exp setting shown in Figure 1: in-distribution
accuracy rises steadily while OOD accuracy remains stagnant.

ing domains (e.g., mathematics, logic), where the
underlying rules are consistent and unambiguous,
ToM tasks require reasoning over inherently noisy,
context-dependent social situations. Our results
suggest that this distinction is consequential: the
same RLVR paradigm that produces generalizable
skills in formal domains instead produces brittle,
dataset-specific heuristics in the social cognition
domain. This highlights the need for the com-
munity to carefully distinguish between domains
where RLVR can and cannot be expected to pro-
duce transferable capabilities.

Correlations in Task Performance:

Across training, we observe some trends in
model performance across datasets: First, we note
that the performance on ToMBench seems explic-
itly tied to the HiToM task. When the HiToM task
is in the training set, performance on ToMBench
is relatively preserved; otherwise, it takes a signifi-
cant hit.

Second, contrary to what might be expected, the
FANToM QA and List tasks do not seem to show a
correlation. In fact, anecdotally, when a checkpoint
performs extremely well on the FANToM List task,
it’s likely to have underperformed relative to sur-
rounding checkpoints on the FANToM QA task.
Additionally, we observe some correlation between
the ExploreToM task and the FANToM List task.

J Comparing REINFORCE++ and
HiToM over Extended Data Training

We provide results from our analysis in Table 4.

J.1 REINFORCE++ vs GRPO

We typically observed that GRPO slightly outper-
formed REINFORCE++ over most settings. Addi-

tionally, in some settings, REINFORCE++ showed
significantly worse results than GRPO (for exam-
ple, the performance on FANTOM for the HiToM
trained models). However, in most cases across
different data quantity settings, the differences be-
tween GRPO and REINFORCE++ are minor and
might be attributable to training artifacts.

J.2 Effect of More Training Data

The 5x training data configurations performed
slightly better than the lesser training data configu-
ration. This effect was prominent in the results on
the FANToM task, which resulted in a 15-30 pp
improvement in all comparisons but one. However,
these differences are at least partially attributable
to training run volatility, as a look at the training
curves shows that the performance increase is often
not sustained. Another checkpoint in the Hi-Exp
(5x) run achieved an accuracy of 72% on the FAN-
ToM List task, more than 30 pp higher than the
baseline, but saw a significant enough decrease in
other tasks that it performed worse overall than the
shown checkpoint.

K Dataset Examples

We provide representative examples from each
dataset used in our experiments.

K.1 HiToM

HiToM presents procedurally generated stories
about characters entering rooms, moving objects,
and exiting. Questions test higher-order belief
tracking (e.g., “Where does A think B thinks the
object is?”). Each question has 15 multiple-choice
options.
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used.

Table 4: Performance comparison of models trained using REINFORCE++ and GRPO. 5x refers to settings where
5 times the training data for our base experiments was

Dataset ExpToM FANToM HiToM OpenToM FANToM List ToMBench
Model All All All 01-03 04 All loc mhop All All
Baseline 60.5 20.5 40.6 422 358 553 595 532 29.6 80.2
CoT 57.5 27.0 444 478 342 592 615 59.0 43.0 87.3
REINFORCE++
Hi 56.9 19.0 829 792 942 599 59.0 612 54.2 81.8
Hi (5x) 63.8 13.0 84.8 81.8 93.8 612 625 60.6 49.8 83.7
Exp 85.1 14.5 37.1 420 225 60.0 62.0 59.1 432 73.0
Exp (5x) 85.0 43.5 404 442 292 577 565 583 43.0 48.7
Hi-Exp 83.2 37.5 812 783 899 612 620 6l.1 514 71.3
Hi-Exp (5x) 86.1 57.5 849 81.0 973 589 59.5 586 61.6 75.3
GRPO
Hi 62.2 24.0 842 797 97,5 60.5 60.0 60.6 45.6 82.7
Hi (5x) 61.6 47.0 86.5 822 992 66.3 720 635 51.0 84.0
Exp 84.7 48.0 372 439 244 597 635 57.8 53.6 64.0
Exp (5x) 90.3 64.0 383 422 267 61.7 59.0 63.0 57.4 69.8
Hi-Exp 84.7 46.0 84.6 825 929 61.7 59.0 63.0 54.4 70.8
Hi-Exp (5x) 89.0 66.5 89.4 864 983 56.8 58.5 559 62.4 69.3

Story: Dialogue:

1. Aria, Olivia, Ella, William and Nathan entered the Caleb: [...] Caleb stepped into the ballroom [...]

workshop. Makayla filled Addison in on the wedding attire when

2. The dress is in the purple_container.

3. Aria made no movements and stayed in the workshop
for 1 minute.

4. Aria exited the workshop.

5. Olivia made no movements and stayed in the work-
shop for 1 minute.

6. Olivia exited the workshop.

7. Ella made no movements and stayed in the workshop
for 1 minute.

8. Ella exited the workshop.

9. William made no movements and stayed in the work-
shop for 1 minute.

10. William exited the workshop.

11. Nathan moved the dress to the purple_container.

12. Nathan exited the workshop.

Note: An agent witnesses everything before exiting a
location. Agents tend to lie; what an agent tells others
doesn’t affect their actual belief. An agent trusts the
agent that exited later.

Question: Where does Ella think Nathan thinks the
dress is?

Choices: A. white_basket, B. purple_container, C. yel-
low_bathtub, D. green_bucket, E. red_treasure_chest, F.
blue_treasure_chest, G. white_envelope, H. orange_box,
I. orange_bottle, J. orange_container, K. blue_bottle, L.
pink_container, M. yellow_pantry, N. black_bathtub, O.
blue_pantry

Answer: B. purple_container

no one else was listening [...]

The ballroom was left to the gentle hum of preparations,
with Caleb no longer present to oversee every detail.
The soft glow of the suite’s lamps enveloped Makayla
as she slipped inside.

Addison stood at the ballroom’s entrance [...]

Among the flurry of last-minute checks, Caleb received
a discreet update that Addison was now inside the ball-
room [...]

Makayla acknowledged Addison with a barely percep-
tible nod, and with that subtle gesture, the final seating
details were silently confirmed [...]

Question: Does Caleb know about seating arrange-
ments? Answer yes or no.

Answer: no

K.3 ExploreToM

K.2 FANToM (Binary QA)

FANToOM tests ToM in naturalistic dialogue, where
characters enter and leave conversations. The bi-
nary QA task asks whether a character knows about
a specific piece of information.

ExploreToM generates adversarial false-belief sce-
narios using both a structured story template and
an LLM-infilled narrative version. Questions test
knowledge attribution and object location beliefs.
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Story Structure:

James entered the bookstore’s back room. James moved
the bookmark to the wooden chest [...]. While this ac-
tion was happening, Samantha witnessed this action in
secret. James moved the bookmark to the paper bag [...].
Samantha entered the bookstore’s back room. Samantha
moved the bookmark to the cardboard box [...].

Narrative (excerpt):

“The creak of the door echoed softly through the store as
James stepped into the back room [...] James reached for
the crumpled paper bag on a nearby shelf, and carefully
slipped the bookmark inside [...] She made her way into
the cluttered back room [...] Samantha’s hands moved
with purpose, gently lifting the bookmark from its hiding
place and settling it among the other forgotten treasures
in the cardboard box.”

Question: In which container will Samantha search for
the bookmark?

Answer: cardboard box

K.4 OpenToM

Story: Xiaogang and Xiaoming are wandering in the
bedroom, they see a handbag, a briefcase, and a back-
pack, they find cabbage in the handbag, Xiaoming leaves
the bedroom, Xiaogang moves the cabbage to the back-
pack.

Question: After Xiaoming returns to the bedroom,
where does Xiaoming look for the cabbage?

Choices:

A. Briefcase
bag
Answer: D. Handbag

B. Suitcase  C. Backpack D. Hand-

K.6 FANToM (List Task)

The FANToM List task requires the model to return
a list of characters who know specific information,
testing multi-step epistemic reasoning over partial
observability.

Dialogue:

Gianna: Guys, I've really enjoyed sharing our pet stories,
but I need to excuse myself. [...] Talk to you later!
Sara: Sure thing, Gianna. Take care!

Javier: Catch you later, Gianna.

Sara: So Javier, have you ever tried training Bruno?

OpenToM presents LLM-generated narratives in-
spired by the Sally-Anne paradigm, testing location
false-belief and multihop reasoning.

Javier: Yes, I did actually. [...] How about you? Did you
try training Snowflake?

Sara: Oh gosh, trying to train a cat is a whole different
ball game. But I did manage to teach her a few com-

Plot:

Caiden entered the basement. Tanner entered the base-
ment. Both Tanner and Caiden noticed that the under-
clothes is in the treasure_chest in the basement. Tanner
moved the underclothes to the trash bin and Caiden wit-

mands and tricks. [...]
Gianna: Hey guys, I’'m back, couldn’t miss out on more
pet stories. [...]

Target: Who discussed their experiences training their
pets, Bruno and Snowflake?

Question: List all the characters who know the precise
correct answer to this question.

Correct Answer: Javier, Sara

Wrong Options: Gianna, Alondra, Angela

nessed the action.

Narrative (excerpt):

“Tanner and Caiden were an unlikely pair [...] standing
side by side in the dimly lit basement, eyeing a treasure
chest filled to the brim with underclothes. [...] Without
hesitation, he scooped up the pile and swiftly moved
towards the trash bin [...] As the sound of underclothes
hitting the trash bin echoed in the basement, [...] Caiden
[processed] Tanner’s puzzling actions.”

Question: From Caiden’s perspective, where is the un-
derclothes located precisely by the end of the story?
Answer: the trash bin

K.5 ToMBench (False Belief)

ToMBench provides human-annotated false-belief
questions in a classical Sally-Anne format with
four multiple-choice options.
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