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Abstract

Recent advancements in large language models (LLMs) have
sparked debate over their Theory of Mind (ToM) capabilities,
raising questions about whether they exhibit genuine ToM ca-
pabilities or merely rely on linguistic pattern recognition. Our
study investigates the robustness of ToM in LLMs using per-
turbations on false-belief tasks and examines the potential of
Chain-of-Thought prompting (CoT) to enhance performance
and explain the LLM’s decision. We generate richly anno-
tated ToM data, including spaces of valid reasoning chains,
and propose metrics to evaluate to what extent final answers
are faithful to the generated CoT. In line with previous work,
we show a steep drop in ToM capabilities under perturba-
tions for all LLMs. CoT prompting surprisingly degrades ac-
curacy for some perturbation classes and control tasks, indi-
cating selective application is necessary. However, our struc-
tured approach is limited to classical Sally-Anne Tests. We
highlight the need for more advanced evaluation methods to
gain finer insights into models’ broader social reasoning ca-
pabilities and advocate for rigorous definitions of capabilities
in LLMs to leverage interdisciplinary research potential and
build a clear, commonly understood taxonomy. Moreover we
propose new approaches to synthetic data generation of ToM
data, including CoT annotations.

Introduction
The emergence of Theory of Mind (ToM)-like behavior in
large language models (LLMs) has sparked significant in-
terest. (Kosinski 2023) ToM, the ability to infer the men-
tal states of others, is foundational for social reasoning
and has broad applications in AI, e.g. from autonomous
agents to empathetic customer service systems (Premack
and Woodruff 1978). While promising, ToM capabilities
in LLMs are not well understood, particularly their lack-
ing robustness to task perturbations (Ullman 2023). Chain-
of-Thought Prompting (CoT), which structures intermediate
reasoning steps, has shown potential for improving reason-
ing tasks (Suzgun et al. 2022; Wei et al. 2022), but its im-
pact on ToM remains under-explored. Analyzing reasoning
chains, given models’ final answers are faithful, might indi-
cate where and why models go wrong in social reasoning,
indicating the way to make ToM capabilities more resilient
and trustworthy.

Thus we intend to answer the following questions:

RQ1 How robust are to-date LLMs to ToM task perturba-
tions in syntax, semantics, and common knowledge?

RQ2 To what extent does CoT reasoning enhance the per-
formance of LLMs on original and perturbed tasks?

RQ3 What are the underlying mechanisms by which CoT
reasoning impacts the models’ final answers?

RQ4 How to best use CoT step explanations to evaluate, in-
terpret, and improve ToM abilities in an automated way?

Related Work
Measuring the effect of task perturbations, Shapira et al.
(2023) employ an approach similar to ours, using false be-
lief tasks among others. In accordance with our work they
show ToM capabilities vanishing to varying degrees with
most types of perturbations applied to tasks. (Shapira et al.
2023; Ullman 2023). ToMBench (Chen et al. 2024) offers a
comprehensive ToM evaluation framework employing sev-
eral task types, similarly finding mixed results with regards
to improving accuracy using CoT. Similar to some of our
perturbed tasks (Xu et al. 2024) create tasks that are espe-
cially challenging by integrating personality traits and in-
tentions, noting some significant performance gains employ-
ing CoT, while there is degradation as well. Steps towards
more real world challenges in social cognition are taken in
Holterman and van Deemter (2023), where the authors use
faux-pas-detection tasks derived from Kahneman’s cogni-
tion biases to assess ToM in ChatGPT-3 and -4, showcas-
ing that the models struggle with achieving performance of
a 9 year old human child. This is in accordance with the
results on faux-pas-tests of Shapira, Zwirn, and Goldberg
(2023). FANToM (Kim et al. 2023) makes use of dynamic
social interaction tasks to measure ToM. Fighting the data
drought researchers increasingly turn to synthetic data for
training and evaluation. Abdullin et al. (2024) introduce an
approach generating synthetic data for training a conversa-
tional agent, intended to interview a user, understanding and
elicitng its goals and possible constraints in the realization
of this goal. They employ LLM-as-a-judge to evaluate the
generated data. However comparison with human evaluation
on a subset shows that the automated evaluation still needs
refinement. The lack of scenario diversity and complexity
has been more recently addressed by agentic settings such
as AgentSense Mou et al. (2024) or AgentPro (Zhang et al.



2024).

Approach
We base our experiments on our novel, human-created
dataset, inspired by the works of Kosinski (2023) and Ull-
man (2023). It comprises 68 false-belief tasks in total (42
unexpected content and 26 unexpected transfer). From each
classic task we derive perturbed versions according to our 10
perturbation classes, including the introduction of concepts
like the knowledge of automatic state changes, where un-
derstanding environmental dynamics is crucial, or ”untrust-
worthy” testimony, in which the protagonist has to evaluate
the credibility of information provided by others. Moreover
each task is augmented by 15 additional sub-tasks - san-
ity checks that can be used to ensure that the models are
not using simple statistical heuristics to answer the main
task, totaling 1088 subtasks, each in the form of open-ended
questions. Crucial to our approach is the rich CoT annota-
tion of each task with all valid reasoning paths (space of
correct reasoning chains). We introduce evaluation metrics
for CoT correctness 1, model faithfulness 2 and impact of
CoT reasoning on accuracy on all classes of (un-)perturbed
tasks 3. To understand the presence or size of placebo effects
we also compute and compare the ATEs based on the parti-
tion of the tasks into those to which a correct (ATECoT=T )
respectively incorrect COT (ATECoT=F ) has been gener-
ated. A substantial increase in performance without correct
CoTs justifying that increase would be called a placebo ef-
fect. Ongoing work comprises improvement to our metrics.
We seek to make them even more informative, providing
more precise knowledge on where and why the CoT mod-
els make mistakes, and more generally applicable, including
non-structured, NL CoTs. Moreover, agentic method to gen-
erate synthetic ToM data with reliable CoT augmentations
are desirable for more fine grained yet statistically signifi-
cant investigations of the TOM phenomenon.

Results
ToM robustness We test six open-source LLMs listed in

Table 1. While four models demonstrate apparent ToM
capabilities in default task settings, under perturbations
only two maintain these abilities (Llama-3-70B-Instruct
and dbrx-instruct ).

Effects of CoT Prompted for CoT, accuracy averaged
across all perturbed classes stagnates. No additional
models achieve robustness against perturbations. On a
per-class basis we see some improvements, but surpris-
ingly also some steep drops in accuracy. Accuracy under
CoT rises on unperturbed tasks and on perturbed tasks
requiring spatial reasoning or filtering of information. A
degradation in performance by employing CoT can be
witnessed in tasks, where an early modifier changes the
1Based on subsequences of valid reasoning states, as well as

summarization scores as ROUGE-L and state transition overlaps
2Using the correlation of CoT-correctness and final answer cor-

rectness, most importantly employing the Φ-coefficient
3By computing the Average Treatment Effect (ATE) on each

perturbation class of tasks, unperturbed tasks and the overall effect.

protagonist’s information processing (e.g. the protago-
nist can not read or decipher symbols, that would convey
information to the standard protagonist). In classes that
don’t fall into either of these two categories we see mixed
results. When including controls (i.e. non-false belief),
the overall performance even diminishes under CoT.

Faithfulness Significant positive correlations across all
measures and models underline the importance of CoT fi-
delity. The most precise measure here turned out to be the
Φ-Coefficient between subsequence-based CoT correct-
ness and Final Answer correctness. The ROUGE-based
correlations exhibit similar trends, although with more
outliers. More recent models are in tendency more faith-
ful.

Placebo Effect Generally we only see substantial overall
improvements when correct CoTs had been generated.
Only in Mixtral we see a “placebo” effect with any CoT.

Model ATECoT=Tr Φ-Coeff.
Vicuna 33b v1.3 11,8% 0.342
Mixtral-8x7B-Instruct-v0.1 7% 0.429
Yi-34B-Chat 10,7% 0.306
Meta-Llama-3-70B-Instruct 15,7% 0.584
dbrx-instruct 11,2% 0.489
Llama 2 70B 4,9% 0.549

Table 1: Faithfulness and Placebo Effect: The faithfulness of
the models’ final answers is indicated by the strong correla-
tions between CoT- and final-answer-correctness calculated
as Φ-Coefficient. The presence of a Placebo Effect is judged
by comparing the effect strengths of employing CoT parti-
tioned into cases with correct (CoT=T) or incorrect (CoT=F)
calculated as Average Treatment Effect (ATE).

Discussion

The strong variance in CoT impact on accuracy indicates its
selective use is necessary until underlying reasoning prob-
lems are resolved. While our evaluation reveals which per-
turbation classes see degraded accuracy under CoT, we can-
not yet pinpoint where and why along the reasoning chain
models fail. This would provide crucial insights into mod-
els’ demonstrated faithfulness to generated CoTs. Our cur-
rent limitation to structured reasoning chains demands care-
ful prompting and extensive benchmarking data annotation,
making such data costly and rare, constraining statistically
significant fine-grained analyses.

To address these challenges, we suggest exploring ad-
vanced evaluation methods for diverse reasoning types and
natural language, respectively unstructured ToM data. More-
over we propose an agentic approach for generating syn-
thetic interaction data augmented with internal states, en-
abling broader ToM evaluation through methods capable of
analyzing unstructured reasoning chains.
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