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Outline 

• What is Theory of Mind (ToM)?

• What is shortcut learning?

• Shortcut learning in ToM

• ToM post-training
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What is Theory of Mind?
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• ToM is the ability to understand 
other people’s mental states, such 
as thoughts, emotions, intentions, 
and beliefs

• Machine ToM aims to replicate this 
human’s innate ability in AI agents

[He et al. EMNLP-Findings’23]



ToM Can Improve Human–AI Collaboration

• Infer user’s mental states, such as thoughts, intentions, and beliefs

• Track perspectives (what the human knows vs. doesn’t know)

• Predict next actions and anticipate needs

• → More aligned assistance

• → Fewer misunderstandings

• → Safer interactions
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Image source: https://medium.com/@muhammadahmedsuhail007/embracing-human-ai-collaboration-for-the-future-of-work-52cbc62a0c8a



What is Shortcut Learning?

• A model achieves high accuracy by exploiting easy, spurious patterns 
in the data instead of learning the true underlying concepts

• E.g., a wolf–fox classifier may just learn “snow = wolf” if all the wolf 
training images include snow
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What is Shortcut Learning?

• Some solutions fit the 
training data; fewer 
generalize to i.i.d. tests

• Among those, shortcut 
solutions fail under OOD 
shifts, while only the 
intended solutions truly 
generalizes

7[Geirhos et al. Nature Machine Intelligence’20] 



What is Shortcut Learning?

• How a model relying on 
different types of features 
performs across different 
test sets

8[Geirhos et al. Nature Machine Intelligence’20] 



What We Observed in ToM?

• State-of-the-art LLMs do not perform well on ToM tasks
(around 70% accuracy)

• ToM’s property: long, complicated, contains causal relationships

• Intuition: use reasoning

• → Can we improve LLMs’ ToM via RL post-training?

9[Lu et al. arXiv’25] 



What We Observed in ToM?

• A new study on ToM post-training appeared on arXiv in May 2025

• Their key takeaway: SFT achieves competitive performance with RL 
on current ToM benchmarks for ToM post-training

10
arXiv, May 2025



What We Observed in ToM?

• Their key takeaway: SFT achieves 
competitive performance with RL 
on current ToM benchmarks for 
ToM post-training

• Interesting 

11[Lu et al. arXiv’25] 
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What We Observed in ToM?

• Our key takeaway: Why do all ToM
post-trained models perform better 
on 4th-order ToM than on lower 
orders, while all non–post-trained 
models do not?

• Higher-order ToM should be harder!

12[He et al. EMNLP-Findings’23] [Lu et al. arXiv’25] 

(1st, 2nd, 
3rd-order)

We reproduced, 
same results!



We found Shortcuts in ToM Benchmarks

• In the Hi-ToM dataset, a shortcut
can solve 99% of the 3rd and 4th 
order questions

• The ground-truth answer is always 
the object’s location when the 
outermost agent leaves, regardless 
of what happens afterward.
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3rd-order)

[He et al. EMNLP-Findings’23] [Lu et al. arXiv’25] 



We Found Shortcuts in ToM Benchmarks

• We conduct the first systematic examination of shortcuts 
for existing ToM datasets

• (1) LLM-guided rules: Simply asking an advanced LLM to 
discover potential shortcuts, which works well

• (2) Lexical associations: Check spurious lexical associations
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We Found Shortcuts in ToM Benchmarks

• We audit 8 widely used ToM datasets with different 
question types

• Narrative vs. Conversational

• State tracking vs. Intention

• Language Only vs. Vision & Language
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Examples of ToM Datasets

• Hi-ToM: narrative, tracking, language only 

16[He et al. EMNLP-Findings’23]



Examples of ToM Datasets

• ToMATO: 
conversational, 
intention, 
language only

17[Shinoda et al. AAAI’25]



Examples of ToM Datasets

• MMToM: narrative, both tracking & intention, vision & language

18[Jin et al. ACL’24]



We Found Shortcuts in ToM Benchmarks

• We provide a comprehensive investigation of 8 ToM datasets

• We found that state tracking problems are highly shortcut-prone, 
while intention problems require real ToM reasoning
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We Found Shortcuts in ToM Benchmarks

• The shortcut issue is serious in 4 out of 8 audited benchmarks

• The shortcut solution largely outperforms the state-of-the-art LLM
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Shortcut Learning Gives a False Sense of ToM

• All the datasets 
used in [Lu et al. 
2025] are shortcut-
prone datasets

• → Their findings 
may not be true

21[Lu et al. arXiv’25] 



Robust Evaluation of ToM Post-Training

• We experiment with the 4 shortcut-free datasets that cover different 
scenarios: OpenToM (narrative), ToMATO (conversational), and 
MMToM / MuMA-ToM (vision & language)

• Thinking RFT > SFT > No-Thinking RFT > Zero-shot
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OpenToM (narrative)



Robust Evaluation of ToM Post-Training

• RFT enables larger gains on mind-state related questions 
(e.g., desire and intention)
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ToMATO (conversational)



Robust Evaluation of ToM Post-Training

• RFT excels in complex 
scenarios such as mind-state 
related questions (attitude) 
and higher-order reasoning

• Entries above the diagonal line 
denote where RFT performs 
better than SFT:
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Robust Evaluation of ToM Post-Training

• RFT excels in complex scenarios such as multimodal inputs
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MMToM & MuMA-ToM (conversational)



Robust Evaluation of ToM Post-Training

• RFT has better generalization from lower- to higher-order 
ToM compared to SFT
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Attention Visualization

• RFT model aligns more closely with key information

• In contrast, the zero-shot+CoT model exhibits unfocused attention
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Summary 

• We find that ToM explicitly benefits from reasoning-based RL: 
Thinking RFT > SFT > No-Thinking RFT > Zero-shot

• Our findings help prevent future ToM research from heading 
in the wrong direction

• We hope these findings serve as guidelines for designing 
future ToM benchmarks
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