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MindGames: Targeting Theory of Mind in Large Language Models with Dynamic Epistemic Modal Logic

Theory of Mind (ToM) is a critical component of intelligence, yet accurately measuring it continues to be a subject of debate. Prior research has attempted to apply human ToM assessments to natural language processing models using either human-created standardized tests or rule-based templates. However, these methods primarily focus on simplistic reasoning and require further validation. In this study, we utilize dynamic epistemic logic, which has established overlaps with ToM, to generate more intricate problems. We also introduce novel verbalization techniques to express these problems using natural language. Our findings indicate that some language model scaling (from 70M to 6B and 350M to 174B) does not consistently yield results better than random chance. While GPT-4 demonstrates superior epistemic reasoning capabilities, there is still room for improvement. Our code and datasets are publicly available 1 .

Introduction

Theory of Mind (ToM) is the cognitive ability to attribute mental states, such as beliefs, desires, and intentions, to oneself and others, allowing individuals to understand and predict behavior based on these inferred mental states. It is an important requirement for general text understanding, or general artificial intelligence [START_REF] Navarro | The relationship between theory of mind and intelligence: A formative g approach[END_REF]. Animal studies have highlighted that claiming Theory of Mind (ToM), or the absence of it, can be methodologically problematic and prone to being biased by human expectations ( [START_REF]Are We Smart Enough to Know How Smart Animals Are[END_REF]. [START_REF] Kosinski | Theory of mind may have spontaneously emerged in large language models[END_REF] recently sparked debate by showing that scaling large language models (LLMs) improves performance at standardized tests designed to measure theory of mind. However, such standardized tests were widely discussed in academic research and might have leaked into the training corpora of 1 [code:GitHub] [data: HF-datasets] LLM. Other previous work generated synthetic examples instead, extending the bAbi [START_REF] Weston | Towards ai-complete question answering: A set of prerequisite toy tasks[END_REF] framework. [START_REF] Nematzadeh | Evaluating theory of mind in question answering[END_REF] proposed a dataset of fixed templates based on the Sally-Anne problem (Baron- [START_REF] Baron-Cohen | Does the autistic child have a "theory of mind[END_REF]:

Sally puts a marble in a box while Anne is with her. Sally leaves for a moment and Mary puts the marble in a basket. Where will Sally look for the marble? [ANSWER=BOX] Le et al. ( 2019) deem these problems simplistic and extend them to track second-order beliefs (e.g. the belief of Sally about Anne's beliefs).

In this study, we create dynamic epistemic logic (DEL) problems and develop verbalizations to transform them into natural language inference problems. Dynamic epistemic logic is a type of modal logic that facilitates reasoning about agents' knowledge of facts or other agents' knowledge. This logic also enables reasoning about the impact of consecutive public announcements:

Alice and Bob have mud on their head. [START_REF] Kosinski | Theory of mind may have spontaneously emerged in large language models[END_REF] employed handcrafted tests to evaluate language models' next-word prediction capabilities. The Social-IQA dataset [START_REF] Sap | Social IQa: Commonsense reasoning about social interactions[END_REF] addresses social commonsense in general, which involves some theory of mind aspects along with other challenges such as knowledge of desires and emotions. Cohen (2021) investigated whether natural language inference models captured veridicality with epistemic verbs like know and think, using handcrafted patterns. This task was incorporated into the BIG-Bench framework [START_REF] Srivastava | Beyond the imitation game: Quantifying and extrapolating the capabilities of language models[END_REF] as the epistemic-reasoning task, but it targets only one shallow aspect of epistemic reasoning.

Epistemic Logic and ToM Van Ditmarsch and Labuschagne ( 2007) examined the connections between DEL and ToM, while Dissing and Bolander (2020) demonstrated DEL's applicability in robotics. [START_REF] Van De Pol | Parameterized complexity of theory of mind reasoning in dynamic epistemic logic[END_REF] explored the feasibility of using epistemic logic to explain theory of mind by investigating its theoretical computational tractability.

3 Dynamic Epistemic Logic Problem Generation and Verbalization

Problem definition

Our objective is to simultaneously create dynamic epistemic logic problems and their corresponding textual representations, allowing us to develop natural language problems in a (PREMISE, HYPOTH-ESIS, LABEL) format.

An epistemic logic problem can be constructed using the following components:

Agents: A set of N individuals, each assigned an arbitrary name.

Predicates: A set of boolean predicates. In this case, we use N predicates, one corresponding to each agent (e.g., Alice has mud on her head).

Observabilities describe each agent's initial knowledge of predicate values. We represent observabilities with an N ×N matrix, O. If O i,j =1, it means that agent i initially knows whether predicate j is true.

Announcements: A list of expressions (predicates or agent knowledge about predicates) that are shared to all agents. Announcements are made sequentially, and each new announcement can change what the agents know, even if the same announcement is repeated twice.

Hypothesis: An expression that may contain predicates and knowledge of agents about particular expressions after the announcements, given the agents, observabilities, and announcements combined into a premise.

Setups: connecting predicate and observabilities

The choice of predicates dictates the observabilities structure. Explicit setup PREDICATE i : <AGENT i > picked a red card. O : RANDBOOL(N, N ), E(sum(O))=N OBSERVATION: Each person draws a card, face unrevealed (red or black). < <AGENT j > card is revealed to <AGENT> i . for all i, j where O i,j =1>

Problem verbalization

We then construct a problem for a setup with the following natural language template:

[Premise] There are <N > persons. Everyone is visible to others. <SETUP-OBSERVATION> It is publicly announced that someone <SETUP-

PREDICATE> <[0 -N ] ANNOUNCEMENTS> [Hypothesis] <[1 -K] th ORDER BELIEF>
We restrict announcements to first-order beliefs. A first-order belief has the following structure: <AGENT> (can know whether | can know that | cannot know that | cannot know whether) (<SETUP-PREDICATE>|<NEGATED-SETUP-PREDICATE>), e.g. Mary cannot know whether Paul is muddy. We use the can verb to account for the fact that sometimes an agent can theoretically infer an expression, but that the reasoning might not be obvious enough for any agent. A K th order belief is a first-order belief about a (K-1) th order belief. We consider everyone, not everyone, and nobody as possible subjects to setup predicates. Subjects are uniformly sampled among these quantifiers and individual agents. We transform abstract problem representations into natural language and code that can be fed to a model checker to determine whether a hypothesis is entailed by the premise. We utilize the SMCDEL model checker [START_REF] Benthem | Symbolic model checking for dynamic epistemic logic -s5 and beyond*[END_REF], an announcement logic based on the S5 modal logic. This implementation is the most cited publicly available epistemic logic as of April 2023. We discard examples where the premise contains a contradiction3 . To generate diverse and gender-balanced random English surnames, we use CensusName4 [START_REF] Qian | Perturbation augmentation for fairer nlp[END_REF].

Experiments

Problem generation parameters

We randomly sample N ∈{2, 3} agents, as we observed that problems were sufficiently challenging with only three agents, and we use K=2 for the same reason. In announcements, we apply negations 80% of the time to encourage richer inferences (as the fact that an agent does not know something conveys information to others), and 50% of the time otherwise. We deduplicate then undersample the problems to generate 400 cases with a perfect balance of True/False labels per setup. We re-fer to the resulting dataset as MindGames.

User:

[Premise] There are three persons. Everyone is visible to others. It is publicly announced that someone's forehead is muddy. It is publicly announced that Herbert knows whether someone's forehead is muddy.

[Hypothesis] Herbert can now know that Herbert's forehead is muddy. Is the hypothesis true or false ?

GPT-3.5: It is not possible to determine the truth value of the hypothesis based on the given premise.

While it is publicly announced that someone's forehead is muddy, it is not clear who the muddy forehead belongs to. Therefore, it is not possible to determine whether Herbert's forehead is muddy or not based on this information alone. However, it is stated that Herbert knows whether someone's forehead is muddy, so Herbert may know whether their own forehead is muddy or not based on additional information not provided in the premise. 

Scaling experiments

We conduct zero-shot experiments and few-shots with a range of language models. We use the lm-eval-harness software [START_REF] Gao | Is neuro-symbolic ai meeting its promises in natural language processing? a structured review[END_REF] to measure whether a language model perplexity favors the correct reasoning in a multiple-choice setting, with a natural language inference prompt from [START_REF] Brown | Language models are few-shot learners[END_REF]: <PREMISE> Question: <HYPOTHESIS> True or False ?" with two possible continuation choices, True and False. We evaluate two families of language models: Pythia language models We select the Pythia (Biderman et al., 2023) language models for our open-source scaling experiments. We use the checkpoints trained on the deduplicated corpus (deduped) with checkpoint sizes of 70M, 160M, 410M, 1B, 1.4B, 2.8B, and 6.9B.

OpenAI API We utilize the OpenAI GPT-3 [START_REF] Brown | Language models are few-shot learners[END_REF] models, specifically the ada, babbage, curie, and davinci checkpoints, through the public API. We assume that their model sizes are respectively 350M, 1.3B, 6.7B, and 174B.

Figure 1 displays the results for various Pythia model sizes. We observe that scaling improves 5-shot reasoning, but it has no impact on zero-shot reasoning. In contrast to the emergence results reported by [START_REF] Kosinski | Theory of mind may have spontaneously emerged in large language models[END_REF], Figure 2 does not show a clear scaling trend for GPT-3 models on MindGames data, which suggests that the emergent behavior they observed was not due to robust epistemic logic capabilities.

Qualitative analysis with ChatGPT

We also run brief qualitative analyses with GPT-3.5 and GPT-4 (OpenAI, 2023), as of May 2023. On 20 randomly sampled problems, we found that GPT3 was 60% correct and GPT-4 more than 70% correct. We show a brief qualitative analysis of the respective models.

As shown in Figure 3, GPT3.5 tend to answer that there is not enough information and to perform correct inferences only when it requires very shallow reasoning. GPT-4 can solve this particular example. However, some problems are still challenging, as shown in Figure 4. GPT-4 rarely answers that there is not enough information and its reasoning looks has the surface form of epistemic reasoning, but occasionally contains glaring mistakes.

Conclusion

We have developed a novel dataset aimed at evaluating epistemic logic reasoning, addressing a particular aspect of Theory of Mind (ToM). Our results reveal that this task continues to pose challenges for contemporary large-scale language models. When future models can solve MindGames for 2-3 agents, the difficulty of the task can be easily scaled up by with more agents. Future studies could explore human performance on our dataset, taking into account factors such as age and educational background. Additionally, further investigation can examine the impact of fine-tuning on other downstream tasks and assess how well Transformer circuits model Kripke structures that represent modal logic problems.

User:

[Premise] There are two persons. Everyone is visible to others. There is a mirror in the room. It is publicly announced that someone's forehead is muddy. It is publicly announced that not everyone's forehead is muddy. It is publicly announced that not everyone's forehead is muddy. [Hypothesis] Robert can now know whether or not everyone's forehead is muddy. True or false ? GPT-4: False. Based on the information provided, Robert cannot know for certain whether or not everyone's forehead is muddy. The statements provided are: There are two persons. Everyone is visible to others. There is a mirror in the room. It is publicly announced that someone's forehead is muddy. It is publicly announced that not everyone's forehead is muddy. Since it is publicly announced that not everyone's forehead is muddy, Robert can deduce that at least one person does not have a muddy forehead. However, this information alone does not allow Robert to definitively determine whether or not his own forehead is muddy. 

Figure 2 :

 2 Figure2: Accuracy of GPT-3 family (ada, cabbage, curie, davinci) language models on MindGames setups.

Figure 3 :

 3 Figure 3: GPT-3.5 conversation

Figure 4 :

 4 Figure 4: GPT4 conversation

  For example, the predicate "Alice has mud on her head" is observable by agents other than Alice, but "Alice has mud on her hand" could be observable by everyone. We combine predicates and observabilities into what we call setups to generate textual descriptions. We define the following setups:Forehead-mud setup PREDICATE i : <AGENT i >'s forehead is muddy.
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O : ONES(N ) -IDENTITY(N ) Forehead-mud-mirror setup PREDICATE i : <AGENT i >'s forehead is muddy. O : ONES(N ) OBSERVATION: There is a mirror in the room. Thirst setup PREDICATE i : <AGENT i >'s is thirsty. O : IDENTITY(N )

For example, Anne's belief about Sally's belief about Anne's belief about Mary's belief.

We identify contradictions by examining whether an unused predicate is entailed or not by the premise.

4 https://pypi.org/project/censusname/