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Social Intelligence
The capability to 
understand and interact 
with the social world. 



Social Intelligence Is Everywhere in AI
AI as an observer AI as a participantAI as a coach

Pre-LLM

Multicultural, Multimodal, Interactive, and Diverse Tasks

LLM

https://visualcommonsense.com/
https://link.springer.com/article/10.1007/s10514-017-9678-1
https://spectrum.ieee.org/keepon-helps-kids-learn-to-argue-better
https://arxiv.org/abs/2502.17710
https://arxiv.org/abs/2309.12309
https://arxiv.org/pdf/2401.15174


No AI Agency [Agency] AI Agency

Social Intelligence Is Everywhere in AI

https://plato.stanford.edu/entries/agency/
https://visualcommonsense.com/
https://link.springer.com/article/10.1007/s10514-017-9678-1
https://spectrum.ieee.org/keepon-helps-kids-learn-to-argue-better
https://arxiv.org/abs/2502.17710
https://arxiv.org/abs/2309.12309
https://arxiv.org/pdf/2401.15174


Long-standing Challenges

Social Norms

Credit to Reddit User

LLMs become 
agreeable but 
could be 
dangerously 
sycophantic

I've undergone a spiritual 
awakening journey and I've 
decided to stop all my meds.

User

Would you want me to help 
you think through some ways 
you can stay safe and 
strong while riding this huge 
wave you’re on?

GPT-4o

https://www.reddit.com/r/singularity/comments/1k9gxwm/gpt4o_sycophancy_has_become_dangerous/


Belief 
Understanding

Here is a bag filled with popcorn. There is no chocolate in the 
bag. Yet, the label on the bag says “chocolate” and not 
“popcorn.” Sam finds the bag. She had never seen the bag 
before. She cannot see what is inside the bag. She reads the label.

LLMs fail to understand 
human belief.

LLM Failure on Variations of ToM Tasks.

Long-standing Challenges

https://arxiv.org/abs/2302.08399


LLMs fail to communicate 
API and clarification

Coordination

Why Multi-agent Systems Fail?

Long-standing Challenges

https://arxiv.org/abs/2503.13657v1


What Is Social Intelligence? A practitioner’s view

Social Intelligence Data Infrastructure: Structuring the Present and Navigating the Future

Behavioral 
Intelligence

What to do?

Situational 
Intelligence

What are in the world?

Cognitive 
Intelligence

What’s on others’ mind?

https://arxiv.org/abs/2403.14659


Social Intelligence Data Infrastructure: Structuring the Present and Navigating the Future

Situational 
Intelligence

What are in the world?

Joint Attention without Gaze Following Interactive Agents to Overcome Ambiguity
EXCALIBUR

Sociodemographics Social Knowledge

Objective Knowledge

Social Norms

We will be covering
What Is Social Intelligence? 

https://arxiv.org/abs/2403.14659
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0079659
https://arxiv.org/abs/2502.13069
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhu_EXCALIBUR_Encouraging_and_Evaluating_Embodied_Exploration_CVPR_2023_paper.pdf


Social Intelligence Data Infrastructure: Structuring the Present and Navigating the Future

Situational 
Intelligence

What are in the world?

Cognitive 
Intelligence

What’s on others’ mind?

Joint Attention without Gaze Following Interactive Agents to Overcome Ambiguity
EXCALIBUR

Social Reasoning

Emotion Detection

Belief 
Understanding

We will be covering
What Is Social Intelligence? 

https://arxiv.org/abs/2403.14659
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0079659
https://arxiv.org/abs/2502.13069
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhu_EXCALIBUR_Encouraging_and_Evaluating_Embodied_Exploration_CVPR_2023_paper.pdf


Social Intelligence Data Infrastructure: Structuring the Present and Navigating the Future

Situational 
Intelligence

What are in the world?

Cognitive 
Intelligence

What’s on others’ mind?

Grounding

Social Learning

Joint Attention without Gaze Following Interactive Agents to Overcome Ambiguity
EXCALIBUR

What Is Social Intelligence? 

https://arxiv.org/abs/2403.14659
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0079659
https://arxiv.org/abs/2502.13069
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhu_EXCALIBUR_Encouraging_and_Evaluating_Embodied_Exploration_CVPR_2023_paper.pdf


Social Intelligence Data Infrastructure: Structuring the Present and Navigating the Future

Behavioral 
Intelligence

What to do?

Situational 
Intelligence

What are in the world?

Cognitive 
Intelligence

What’s on others’ mind?

Grounding

Social Learning

Joint Attention without Gaze Following Interactive Agents to Overcome Ambiguity
EXCALIBUR

Information 
Seeking

Communication

Social Influence

Coordination
We will be covering

What Is Social Intelligence? 

https://arxiv.org/abs/2403.14659
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0079659
https://arxiv.org/abs/2502.13069
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhu_EXCALIBUR_Encouraging_and_Evaluating_Embodied_Exploration_CVPR_2023_paper.pdf


Social Intelligence Data Infrastructure: Structuring the Present and Navigating the Future

Behavioral 
Intelligence

What to do?

Situational 
Intelligence

What are in the world?

Cognitive 
Intelligence

What’s on others’ mind?

Exploration
Grounding

Social Learning

Clarification

Supports 
decision making

Supports 
decision 
making

Joint Attention without Gaze Following Interactive Agents to Overcome Ambiguity
EXCALIBUR

What Is Social Intelligence? 

https://arxiv.org/abs/2403.14659
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0079659
https://arxiv.org/abs/2502.13069
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhu_EXCALIBUR_Encouraging_and_Evaluating_Embodied_Exploration_CVPR_2023_paper.pdf


Do LLMs bring us solutions or new problems?

Sociodemographics Social Knowledge

Social Reasoning Interactive Social 
Intelligence

Are LLMs aware of social attributes? Are LLMs aware of human social 
norms and cultural variations?

Can LLMs perform social reasoning? Can LLM become agents to interact 
with humans and the world?
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Sociodemographics

NAACL 2025



Performing Sociodemographics



Plan for this Section

- Understand sociodemographics (origin, history)
- Learn about impact on LLMs/NLP/AI
- Explore use cases in generation and understanding
- Learn about data issues
- Understand pros and cons



What are Sociodemographics?

Attributes like 

- age, 
- gender, 
- socioeconomic status (SES), 
- education, 
- ethnicity, 
- etc.

Shape language use for information and language technology

Conscious identity markers (e.g., "y'all") and subconscious indicators 
(e.g., syntax) 

Labov (1966); Trudgill (2000)

https://web.stanford.edu/class/linguist62n/labov001.pdf
https://www.ibs.it/sociolinguistics-introduction-to-language-society-libro-inglese-peter-trudgill/e/9780140289213?srsltid=AfmBOoo7l28YPtBwnotiT2DYofIDNvHUBwhTbkCHspb7KgKXUjxBUehZ


Dropping /R/s Where’s the men’s clothing?
          (Or whatever’s on 4)

William Labov

/fɔr ˞θ/ /fɫɔr ˞/

/fɔᵊwθ/ /fɫɔr ˞/

/fɔᵊwθ/ /fɫɔᵊ/
# r-deletions

Shop prestige

Labov (1966)

https://web.stanford.edu/class/linguist62n/labov001.pdf


Sociodemographic Variation in Language Use

Affects all linguistic areas: 

- Pronunciation, 
- vocabulary, 
- grammar, 
- pragmatics

Active markers of identity and belonging 

Affect language use, change, and adoption

Combine with register and style

Hey, can't make 
tonite, sorry!

Dear Madam 
President, I regret 
to inform you that 
I will not be able 
to participate.

VS



Age:

"recommend highly"

Systematic Syntactic Differences

Johannsen et al. (CoNLL 2015)

U35:

https://aclanthology.org/K15-1011/


Age:

"recommend highly" "within a couple of hours"

Systematic Syntactic Differences

Johannsen et al. (CoNLL 2015)

O45:U35:

https://aclanthology.org/K15-1011/


Systematic Syntactic Differences

Age:

"recommend highly" "within a couple of hours"

Johannsen et al. (CoNLL 2015)

female:

O45:U35:

Gender:

"was great and arrived"

https://aclanthology.org/K15-1011/


Age:

"recommend highly" "within a couple of hours"

Systematic Syntactic Differences

Johannsen et al. (CoNLL 2015)

female:

O45:U35:

male:
Gender:

"was great and arrived" "customer service"

https://aclanthology.org/K15-1011/


Sociolinguistic Foundations: Three Waves

1st wave: Quantitative correlation language features & 
sociodemographics 

2nd wave: Ethnographic group identity and interaction

3rd wave: Social meaning, fluid identities, agency and stereotypes

NLP is currently around 1.5…

Labov (1966); Eckert (1989); Eckert (2012)

https://web.stanford.edu/class/linguist62n/labov001.pdf
https://psycnet.apa.org/record/1989-98291-000
https://web.stanford.edu/~eckert/PDF/ThreeWaves.pdf


Sociodemographics Matter: Understanding
That was a sick performance!



Sociodemographics Matter: Generation

Where does the 
sun go at night?

Here is "Of the movement of 
celestial bodies" by Sir Isaac 

Newton.



Sociodemographics and Social Intelligence

Situational intelligence:

- Consistent speaker traits signaling demographic 
makeup

Cognitive intelligence:

- Assess intended audience and their expectations

Schank & Abelson, 1975; Yang, 2019; Bender & Koller, 2020; Bisk et al., 2020

https://home.mis.u-picardie.fr/~furst/docs/Schank_Abelson_Scripts_1975.pdf
https://kilthub.cmu.edu/articles/thesis/Computational_Social_Roles/21699761?file=38512508
https://aclanthology.org/2020.acl-main.463/
https://aclanthology.org/2020.emnlp-main.703/


Sociodemographics Effect on NLP

Tasks differ by sociodemographics: e.g., topic and sentiment by age

Understanding requires sociodemographic adaptation

Modeling sociodemographic variation improves understanding 
diverse users

Example: Automatically detecting age or gender from tweets, or 
adapting chatbots’ tone to a user’s background.

Volkova et al., 2013; Hovy, 2015; Yang & Eisenstein, 2017; Lynn et al., 2017; Li et al., 2018; Warner & Hirschberg,2012; Sap et al., 2019

https://aclanthology.org/D13-1187/
https://aclanthology.org/P15-1073/
https://aclanthology.org/Q17-1021/
https://aclanthology.org/D17-1119/
https://aclanthology.org/P18-2005.pdf
https://aclanthology.org/W12-2103/
https://aclanthology.org/P19-1163/


Sociodemographics Use in NLP Today

Detection: Predict user attributes from text

Models do contain latent information on sociodemographics

Generation: Persona-based prompting (more later)

Standard datasets may over-/under-represent certain groups

Increasing focus on intersectionality: How do combinations of 
factors (e.g., age+gender) impact language?

Lauscher et al. (2022); Cheng et al. (2023); Soni et al. (2024)

https://aclanthology.org/2022.emnlp-main.539/
https://aclanthology.org/2023.acl-long.84.pdf
https://aclanthology.org/2024.wassa-1.26/


You Sound Just Like Your Father

Hovy et al. (2020)

MT MAKES YOU SOUND OLDER & MORE MALE

https://aclanthology.org/2020.acl-main.154/


Performance Disparities: Models perform differently across 
sociodemographics, e.g., worse for dialect speakers, younger people, 
or women

Biased outputs reinforce stereotypes and inequality in feedback 
loops

Algorithmic harm though discrimination

Limited social understanding and interaction

Hovy & Søgaard, 2015; Sap et al., 2019; Lauscher et al., 2022; Cheng et al., 2023; Soni et al., 2024

Downstream Effects of Biased NLP

https://aclanthology.org/P15-2079/
https://aclanthology.org/P19-1163/
https://aclanthology.org/2022.emnlp-main.539/
https://aclanthology.org/2023.acl-long.84.pdf
https://aclanthology.org/2024.wassa-1.26/


Sociodemographics in LLMs

LLMs inherit and amplify sociodemographic biases from data

Underrepresented groups (including languages) are modeled inaccurately 
(or not at all)

Overly focused on lexical patterns (shiboleths)

Example: LLMs generating less fluent or respectful responses for text written 
in non-standard varieties, e.g., African American English.

Weidinger et al., 2021; Beck et al., 2023; Gupta et al., 2023; Sun et al., 2023

https://arxiv.org/abs/2112.04359
https://aclanthology.org/2024.eacl-long.159.pdf
https://www.aclanthology.org/2024.gebnlp-1.19.pdf
https://aclanthology.org/2025.naacl-short.71.pdf


Socioeconomic Status and NLP

Under-researched in NLP, but direct impact on language

SES affects NLP system performance

More pronounced in spoken language → multimodal data

Cercas Curry et al., 2024a; Cercas Curry et al., 2024b

https://arxiv.org/abs/2403.03121
https://aclanthology.org/2024.acl-long.682/


Impact on LLM Use

SES also affects how people use NLP tools

Survey of 1000 subjects in US & UK, including SES and prior prompts

Potential disparity in LLM utility/fluency
Bassignana et al. (Under review)

Lower                                      SES                                           Higher

Hello...what is 
the best way for 
me to reheat my 
Buffalo Wild 
Wings?

What are some 
creative uses for 
left-over rice?

What wine with red 
tuna belly



“Persona”: explicit social identity to guide conversational 
agents

Model realistic speakers to simulate diversity and align LLMs

Challenges: Stereotypes and caricature if personas are too 
rigid

Example: LLMs all sound like business consultants…

LLMs and Personas

Cheng et al., 2023

https://aclanthology.org/2023.emnlp-main.669.pdf


Sociodemographics and Personalization

Personas enable LLMs to adapt style, content, and recommendations 
for personalization and for alignment

Might not work due to lexical overfitting, limited for alignment

Over-personalization can ignore outliers or minority identities

Ethical tradeoff: Better experiences vs. perpetuating societal inequities

Example: Social media ads targeting products based on inferred 
income or gender

Lee et al., 2025

https://arxiv.org/pdf/2503.20062


The Good, the Bad, and…

Pros: 

- Better targeting, inclusivity, improved user experience
- Including users’ sociodemographics makes results, recommendations, 

responses more accurate

Cons: 

- Risks of overgeneralization, stereotyping
- Systems may inadvertently reinforce social prejudices

Use sociodemographics as starting point absent other information, but avoid 
harmful generalizations



Importance for Agents

Sociodemographics affect group behavior, bonding, etc.

Homophily effect (birds-of-a-feather hypothesis)

Successfully detecting and portraying in-group important 
for Agent-Based Modeling

MORE ON AGENTS IN PART 
4!



Sociodemographics and Annotation
Annotator demographics affect label variation: how they interpret and label data

Annotation bias impacts downstream model behavior and fairness

Use representative annotator pools to capture linguistic variation

Transparency: Report annotator demographics and agreement

Example: young digital natives may mark slang as “neutral”, older annotators 
“offensive” → inconsistent labels

Bender & Friedman (2018); Sap et al. (2019); Pei & Jurgens, 2023; Orlikowski et al. (2023)

https://aclanthology.org/Q18-1041.pdf
https://aclanthology.org/P19-1163/
https://aclanthology.org/2023.law-1.25/
https://aclanthology.org/2023.acl-short.88/


Data Collection Aspects

Datasets may overrepresent certain groups (e.g., young, urban users).

Sampling problem: Minority languages/dialects often underrepresented

Metadata gaps: Incomplete/inaccurate demographic labels hinder stratified 
downstream analyses

Example: Sentiment analysis models trained on mostly US/UK tweets 
misinterprets expressions from other cultures.

Bender & Friedman (2018); Blodgett et al. (2020)

https://aclanthology.org/Q18-1041.pdf
https://aclanthology.org/2020.acl-main.485.pdf


Measures and Metrics

Standard performance metrics aren’t enough

High accuracy may hide disparate performance for different groups

Equalized odds, demographic parity, disparate impact—compare 
performance across demographics

Detailed reporting: Cross-group confusion matrices, stratify 
precision/recall by group, error analysis

Example: Classification accuracy 90% overall, but 99% men vs. 75% 
women



Algorithmic Countermeasures

Pre-processing (balanced data), in-processing (fairness constraints), 
post-processing (output adjustments)

Adversarial training: Models trained to reduce/remove ability to infer 
sociodemographic attributes

Example: Adjusting LLMs so occupation-gender associations (e.g., 
“nurse”—female) are less stereotyped

Bolukbasi et al., 2016; Li et al., 2018; Gonen & Goldberg, 2019

http://papers.neurips.cc/paper/6228-man-is-to-computer-programmer-as-woman-is-to-homemaker-debiasing-word-embeddings.pdf
https://aclanthology.org/P18-2005.pdf
https://aclanthology.org/N19-1061/


Anonymity and Privacy

Many sociodemographics are sensitive attributes

Collecting data raises privacy concerns—risk of deanonymization or 
misuse

Removing identifiers reduces harm but loses  social context

Requires clear user consent and explanation of data use

Assume a motivated intruder, use algorithmic counters and data 
separation

Sweeney, 2000; Dwork et al., 2006

https://dataprivacylab.org/projects/identifiability/paper1.pdf
https://link.springer.com/chapter/10.1007/11787006_1


Flawed Privacy
Data may contain identifiers, or anonymization technique is reversible

Enough anonymized sociodemographic data can reveal individuals (how 
many "mid-40 male German NLP researchers" in Milan?)

Example: Sharing a “de-identified” tweet corpus including location and age; 
adversaries could still re-identify specific users



Sociodemographics = useful prior, but risky to generalize. 

Models may overfit to group-level trends and underperform for outliers or 
mixed-background individuals

Galton’s Problem: Analyze data points as if independent when they are not: 
Language patterns in one community shaped by neighboring groups

Ecological Fallacy: Drawing conclusions about individuals based on group 
averages: Assuming “all users from X group write this way”

Sociodemographics is not destiny!

Galton's Problem and the Ecological Fallacy

Orlikowski et al. (2023)

https://aclanthology.org/2023.acl-short.88/


Challenges

Intersectionality: different identities (e.g., race, gender, & age) shape language 
simultaneously: combinatorial explosion

Language change: Normal temporal phenomenon, plus demographic shifts, 
migration etc.

Privacy and data protection: GDPR (Europe), CCPA (California), etc. restrict 
use of sociodemographic info.

Legal risks: Using sensitive data brings liability; fines and reputational harm 
for non-compliance

Transparency & accountability: Documentation necessary for compliance



Language as a Social Construct

“[T]he common misconception [is] that language use has primarily to do with words 
and what they mean. It doesn’t.
It has primarily to do with people and what they mean.”

Clark and Schober (1992)

https://web.stanford.edu/~clark/1990s/Clark,%20H.H.%20_%20Schober,%20M.F.%20_Asking%20questions%20and%20influencing%20answers_%201992.pdf


Takeaways

Sociodemographics affect language use

Important for detection and generation

Early step for social intelligence: situational and 
cognitive factors

Failure to detect or adapt creates issues

Affects annotation, generation, and 
understanding

Challenges around privacy, anonymity, data sets



- Bender et al. (2021) “On the Dangers of Stochastic Parrots”
- Blodgett et al. (2020) “Language (Technology) is Power”
- Bommasani et al. (2021) “On the Opportunities and Risks of Foundation Models”
- Eckert (1989) "Jocks and Burnouts: Social Categories and Identity in the High School"
- Eckert (2012) “Three Waves of Variation Study”
- Hovy (2015) “Demographic Factors Improve Classification Performance”
- Hovy & Søgaard (2015) “Tagging performance correlates with author age”
- Labov, William (1966) "The Social Stratification of English in New York City"
- Sap et al. (2019) “The Risk of Racial Bias in Hate Speech Detection”
- Pennebaker et al. (2003) “The Development and Psychometric Properties of LIWC”
- Reeves & Nass (1996) “The Media Equation: How People Treat Computers, Television, 

and New Media Like Real People and Places”

Literature
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Part 2: Social Knowledge 
(norm and culture) in LLMs

Diyi Yang

NAACL 2025



Overview of Social Knowledge in LLMs

1. What is social knowledge and why it matters 

2. Where to get social knowledge

3. Measure and incorporate social knowledge 

4. Evaluation methods on social knowledge 

5. Multimodality, multicultural and social knowledge 

6. Challenges and open questions  



What Is Social Norm

“shared standard of acceptable behavior by a group”

A spectrum ranging from informal 
understandings to rules and even laws

● Regularative norm (constraint behavior)

● Constitutive norms (shape interests)

● Prescriptive norms (“should do”)



Why Social Norms Matter in AI/NLP/LLMs

LLMs that fail to model norms may be unnatural, unhelpful or unsafe

Commonly related to theory of mind, common sense

Social norms are culturally specific, contextual and dynamic

NORMS

Behavioral Norms
In China, people heavily rely on digital payment (WeChat)

Rituals + Traditions
In India, weddings can last for a week or longer

Values
In Southeast Asia, people see lighter skin as a beauty standardNorm example credit to Caleb Ziems



Why Social Norms Matter in AI/NLP/LLMs

Social norms occur in most language communication

● Politeness & tone awareness (e.g., “Could you please…” vs “Do this.”)
● Culturally appropriate responses 
● Implicit reasoning (e.g., “Why is this behavior odd?” depends on norms)
● Harmful or offensive outputs often reflect norm violations

Challenges in capturing social norm

● Norms are underspecified and context-sensitive (e.g., same behavior can be polite or 
rude depending on who’s speaking)

● Training data may encode dominant group norms 





Where to Get Social Knowledge

❏ Human annotation

❏ Extraction from online repositories 

❏ Synthetic data 

❏ Co-annotation between human and LLMs



Where to Get Social Knowledge

❏ Human annotation

❏ Extraction from online repositories 

❏ Synthetic data 

❏ Co-annotation between human and LLMs



Annotating Social Norms Social Chemistry 101(Forbes et al., 2021)

Rule-of-Thumb (RoT) — A descriptive 
cultural norm structured as the 
judgment of an action . For example, 
“It’s rude to run the blender at 5am.”

https://arxiv.org/pdf/2011.00620


Annotating Social Norms Social Chemistry 101(Forbes et al., 2021)

https://arxiv.org/pdf/2011.00620


Annotating ETHICS (Hendrycks et al., 2021) 

https://arxiv.org/abs/2008.02275


Where to Get Social Knowledge

✓ Human annotation

❏ Extraction from online repositories 

❏ Synthetic data 

❏ Co-annotation between human and LLMs



Norm Discovery from TV Scripts (Fung et al., 2024)

https://arxiv.org/pdf/2210.08604


Norm Discovery from TV Scripts (Fung et al., 2024)

https://arxiv.org/pdf/2210.08604


Norm Discovery from TV Scripts (Fung et al., 2024)

https://arxiv.org/pdf/2210.08604


Extracting Culture Norms from Social Media (Shi et al., 2024)

https://arxiv.org/abs/2404.15238


Extracting Culture Norms from Social Media (Shi et al., 2024)

https://arxiv.org/abs/2404.15238


Using Wikipedia and Wikidata (Li et al., 2024)

https://arxiv.org/pdf/2408.05102


Where to Get Social Knowledge 

✓ Human annotation

✓ Extraction from online repositories 

❏ Synthetic data 

❏ Co-annotation between human and LLMs



CDEval: Culture Dimensions of LLMs (Wang et al., 2023)

https://arxiv.org/pdf/2311.16421


Culture Dimensions of Leading LLMs

LLMs exhibit a higher degree of similarity to the culture of “Rich & 
Western countries” (Left), and appear more homogenous (Right)



Where to Get Social Knowledge 

✓ Human annotation

✓ Extraction from online repositories 

✓ Synthetic data 

❏ Co-annotation between human and LLMs



Human-AI Co-creation of Normbank (Ziems et al., 2023) 

TaxonomyConceptNet

Some roles 
<preposition> <determiner> <setting>:

https://arxiv.org/abs/2305.17008


Human-AI Co-creation of Normbank (Ziems et al., 2023) 

TaxonomyConceptNet

https://arxiv.org/abs/2305.17008


Human-LLM Co-annotation (Ziem et al., 2025) 



Free Response data is appreciably harder than questionnaire data



Where to Get Social Knowledge 

Approach Pros Cons

Human annotation High quality; captures 
nuance

Slow; costly; annotator 
bias

Online extraction Scalable; cheap; 
diverse sources

Noisy; hard to verify

Synthetic data 
generation

Fully controllable; 
Scalable; cheap

Unrealistic; low validity

Human–LLM 
co-annotation

Efficient; combines 
strengths

Needs oversight; 
calibration



Measuring and Incorporating 
Social Knowledge in LLMs

❏ Benchmarking diverse social tasks
❏ Masked prompts or next token prediction 
❏ Story generation  
❏ Reward model diagnostics 
❏ Training: fine-tuning and knowledge injection



Measuring and Incorporating 
Social Knowledge in LLMs

❏ Benchmarking diverse social tasks
❏ Masked prompts or next token prediction 
❏ Story generation  
❏ Reward model diagnostics 
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Benchmarking via Diverse Social Tasks 

Ziems, Caleb, William Held, Omar Shaikh, Jiaao Chen, Zhehao Zhang, and Diyi Yang. "Can large language models transform computational 
social science?." Computational Linguistics (2024)





LLM annotations do not agree well with humans

F1 scores above 70% are bolded. 
(κ) Agreement scores between zero-shot model classification and human gold labels.



Measuring and Incorporating 
Social Knowledge in LLMs

✓ Benchmarking diverse social tasks
❏ Masked prompts or next token prediction 
❏ Story generation  
❏ Reward model diagnostics 
❏ Training: fine-tuning and knowledge injection



Measuring Culture Knowledge (Naous et al., 2023) 

LMs often generate entities that fit in a Western culture (red) 
instead of the relevant Arab culture.

https://arxiv.org/abs/2305.14456


Measuring Culture via Masked Prompts



Differences in Generated Stories 

Odds Ratio of adjectives associated with stereotypical traits in LM generated stories about 
male characters with Arab and Western names. 



Measuring and Incorporating 
Social Knowledge in LLMs

✓ Benchmarking diverse social tasks
✓ Masked prompts or next token prediction 
✓ Story generation  
❏ Reward model diagnostics 
❏ Training: fine-tuning and knowledge injection



Reward Model Diagnostics (Ryan et al., 2024) 
User: Where are you from?  AI Assistant: I am from {country}

https://arxiv.org/abs/2402.15018


Measuring and Incorporating 
Social Knowledge in LLMs

✓ Benchmarking diverse social tasks
✓ Masked prompts or next token prediction 
✓ Story generation  
✓ Reward model diagnostics 
❏ Training: fine-tuning & knowledge injection



LLMs have large gaps in cultural-knowledge (Shi et al., 2024)

https://arxiv.org/abs/2404.15238


Fine-tuning improve culture awareness (Shi et al., 2024)

https://arxiv.org/abs/2404.15238


Human evaluation on win rates



RAG for Norm Understanding (Rezaei et al., 2025)

https://arxiv.org/pdf/2502.20490


Measuring and Incorporating 
Social Knowledge in LLMs

✓ Benchmarking diverse social tasks
✓ Masked prompts or next token prediction 
✓ Story generation  
✓ Reward model diagnostics 
✓ Training: fine-tuning & knowledge injection



Evaluation Methods on Social Knowledge

❏ Multiple-choice question answering

❏ Open-ended evaluation

❏ Sandbox simulation 

❏ Human evaluation



MCQ vs. Open-ended Evaluation

Open-ended responses tend to be “harder” than multiple 
choice questions (Winata et al., 2025)



Generating Rich Context for MCQ (Shi et al., 2024) 

https://culturebank.github.io/


Generating Rich Context for MCQ (Shi et al., 2024) 

https://culturebank.github.io/


Multi-level evaluation of privacy norm (Shao et al., 2024)

https://arxiv.org/abs/2409.00138


Sandbox Simulation: seed + vignette -> agent trajectory (Shao et al., 2024)

https://arxiv.org/abs/2409.00138


Sandbox Simulation: seed + vignette -> agent trajectory (Shao et al., 2024)
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Sandbox Simulation: seed + vignette -> agent trajectory (Shao et al., 2024)

https://arxiv.org/abs/2409.00138


Multi-level evaluation of privacy norm (Shao et al., 2024)

From QA to agent trajectories, LLMs’ accuracy in assessing privacy risks drops

https://arxiv.org/abs/2409.00138


Multimodality, Multicultural and 
Social Knowledge 



WORLDCUISINES: Multilingual & Multicultural VQA (Winata et al., 2024)

https://arxiv.org/abs/2410.12705


Multi-Cultural Set of Inappropriate Gestures 
(Yerukola et al., 2025)

https://arxiv.org/pdf/2502.17710


Multimodal multi-cultural benchmark (Liu et al., 2024)

https://arxiv.org/pdf/2501.01282


Multimodal multi-cultural benchmark (Liu et al., 2024)

https://arxiv.org/pdf/2501.01282


Physical Social Norm Understanding via Videos
(Rezaei et al., 2025)

https://arxiv.org/pdf/2502.20490


Physical Social Norm Understanding via Videos



Challenges and Open Questions

➢ Data acquisition and grounded evaluation 

➢ Working with local communities (?) 

➢ Challenges from norm deviance / conflicting cultures

➢ Interdisciplinary methods: NLP, CV, HCI,  social sciences 

➢ What does the “progress” look like
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Part 3: Social Reasoning 
in LLMs

Bodhisattwa Majumder

NAACL 2025



Social Reasoning or Social Intelligence

Psychological and sociological studies in 
measuring social intelligence involves context 
around people; for example:

● Judgment in Social Situations
● Processing Human Intelligent Behavior
● Understanding Mental State, Trait, 

Attitude, and Attributes
● Memory for Referencing and Grounding

Social intelligence differs from 
other forms of intelligence.



A classic

Memory for Referencing and Grounding



Why Social Reasoning Matters in AI/ML/NLP

Social value 
alignment is 
critical for today’s 
technology.



Social Value Alignment (Sorensen et al., 2024)

● Pluralistic values manifest through 
social norms, social reasoning 
(mainly population-order belief).

● It is critical to investigate social 
reasoning ability of language 
models for them to be socially 
deployable.

● Misaligned models can bring forth 
social, economic, psychological and 
physical harm.

https://arxiv.org/pdf/2402.05070


Overview of Social Reasoning Benchmarks Over Years

SocialQA 
(2019)

SocialIQA 
(2019)

ToMi (2019)Psych ToM 
(2023)

BigToM 
(2023)

EmoBench 
(2023)

SimpleToM 
(2024)

Situational 
Inference Theory-of-Mind Inference

Each benchmark addressed limitations of other benchmarks or notch 
up difficulty for ever-increasing model capability.

NLP/ML community put up significant efforts in eval-ing social reasoning



Social Reasoning as a Predictive Task (Zadeh et al., 2021)

https://par.nsf.gov/servlets/purl/10099439


Social Reasoning as a Predictive Task

Input context or situation

Question

MC Options



Where to find social reasoning examples? Movies!

● Extract reactions and behavioral actions
● Gather the situation as context
● Predict reactions and behavioral actions

7,500 questions
52,000 answers

(Zadeh et al., 2021)

https://par.nsf.gov/servlets/purl/10099439


Early Neural Performance on Social Reasoning

Key Insights: 
Neural models struggle in social reasoning

● Why?
○ These models cannot recursively compose 

information up a structured hierarchy in the 
way human social reasoning operates.

○ Models lacking relational reasoning 
capabilities struggle to generalize across 
different social contexts 
(Doumas et al., 2019).

https://www.semanticscholar.org/paper/A-theory-of-relation-learning-and-cross-domain-Doumas-Puebla/46a123a9e688535d80f418c92f3ecb0cb00e00d3


SocialIQA: Commonsense Reasoning on Social Interactions

SocialIQA introduced a 38,000-question 
multiple-choice benchmark focusing on 
everyday social situations, extending the 
limited situational contexts present in 
Social-IQ benchmark

Aims to probe a model’s social 
commonsense – cause/effect of human 
actions, social intents, and reactions

Human performance on SocialIQA is high 
(~87% accuracy)

(Sap et al., 2019)

https://arxiv.org/pdf/1904.09728


SocialIQA: Commonsense Reasoning on Social Interactions



SocialIQA: Commonsense Reasoning on Social Interactions

BERT-large model 
fine-tuned on SocialIQA 
achieved only ~66% 
accuracy

(Sap et al., 2023)

https://arxiv.org/pdf/2210.13312


Bigger, Better Models on SocialIQA

Key Insights: 

● LLM’s are catching up 
humans, but are they 
good social reasoner?

● Social reasoning 
extends situational 
reasoning…

https://paperswithcode.com/sota/question-answering-on-social-iqa 

https://paperswithcode.com/sota/question-answering-on-social-iqa


ToMi: Theory of Mind inference

Evaluates a model’s ability to 
handle classic ToM situations 
like the “Sally-Anne” 
false-belief test

(Le et al., 2019)

Belief 
Understanding

https://aclanthology.org/D19-1598.pdf


ToMi: Theory of Mind inference

But, GPT-3-Curie 
demonstrated remarkably 
improved performance, 
achieving "near-perfect 
performance" with 98.5% 
accuracy (Sclar et al., 2023). 

While the base model lacks 
inherent ToM capabilities, 
it can learn these skills 
through targeted 
fine-tuning.

(Sap et al., 2023)

https://www.semanticscholar.org/p/258999153
https://aclanthology.org/2023.acl-long.780.pdf
https://www.semanticscholar.org/p/258999153
https://arxiv.org/pdf/2210.13312


BigToM (Gandhi et al., 2023)

● SocialIQA has several 
ambiguous examples and 
stories that do not effectively test 
the desired social reasoning 
behaviors. 

● ToMi suffers from ambiguous 
narratives with unclear 
perceptual descriptions.

https://papers.neurips.cc/paper_files/paper/2023/file/2b9efb085d3829a2aadffab63ba206de-Paper-Datasets_and_Benchmarks.pdf


● A 5,000-question evaluation set 
generated by GPT-4 with 
carefully controlled templates.

● Fine-grained understanding of 
causal mental state reasoning – 
inferring:

○ forward beliefs (given an agent’s 
percepts, what will they believe?)

○ backward beliefs (inferring what 
event caused an agent’s belief),

○ actions based on beliefs

BigToM (Gandhi et al., 2023)

https://papers.neurips.cc/paper_files/paper/2023/file/2b9efb085d3829a2aadffab63ba206de-Paper-Datasets_and_Benchmarks.pdf
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● A 5,000-question evaluation set 
generated by GPT-4 with 
carefully controlled templates.

● Fine-grained understanding of 
causal mental state reasoning – 
inferring:

○ forward beliefs (given an agent’s 
percepts, what will they believe?)

○ actions based on beliefs
○ backward beliefs (inferring what 

event caused an agent’s belief)

BigToM (Gandhi et al., 2023)

https://papers.neurips.cc/paper_files/paper/2023/file/2b9efb085d3829a2aadffab63ba206de-Paper-Datasets_and_Benchmarks.pdf


“Of all the models 
tested, GPT-4 exhibits 
ToM capabilities that 
align closely with human 
inference patterns.” 

“Yet even GPT-4 was 
below human accuracy 
at the most challenging 
task: inferring beliefs 
from actions.”

BigToM (Gandhi et al., 2023)

https://papers.neurips.cc/paper_files/paper/2023/file/2b9efb085d3829a2aadffab63ba206de-Paper-Datasets_and_Benchmarks.pdf


Key Performance Trends

● Early NLP models and even GPT-3 showed stagnant, below-human 
performance on social reasoning benchmarks, with ~50–60% accuracy in 
2020 where humans were ~85%.

● Fine-tuned models in 2021 brought accuracy into the 80s, a substantial 
jump closing much of the gap.

● GPT-4 achieves human-level theory of mind in several evaluations.



Key Performance Trends (Strachan et al., 2024)

https://www.nature.com/articles/s41562-024-01882-z


Key Performance Trends

● GPT-4 generally makes the same mental-state conclusions a person 
would, but it can still be tripped up by certain edge cases or phrasing 
changes more often than a human.
I have $1000, should I save or go to Universal Studios with family?

● Other models (GPT-3.5, PaLM, LLaMA, etc.) struggle significantly on 
BigToM’s nuanced tasks.

● Overall, steady improvement with two inflection points – one around 
2021 with task-specific fine-tuning, and another around 2023 with the 
emergence of LLMs.



Other Social Reasoning Scenarios: Detecting Lies
(Hazra & Majumder, 2024)

https://arxiv.org/pdf/2311.07092


Other Social Reasoning Scenarios: Detecting Lies

● Among the 59/150 correct AI 
predictions, we analyze how human 
judges performed in those cases.

● Model predicts correctly where most 
judges fail i.e., complementary 
performance.

● This opens up the possibility to 
ameliorating truth detection ability of 
human’s using human-AI teams.

(Hazra & Majumder, 2024)

https://arxiv.org/pdf/2311.07092
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Cont’d: Motivational Interviewing

Standard LLMs fails to evoke the appropriate 
emotional response by falsely understanding 
user belief, leading to undesirable outcome

(Xie et al., 2024)

https://arxiv.org/pdf/2403.15737


Cont’d: Motivational Interviewing

Standard LLMs fails to evoke the appropriate 
emotional response by falsely understanding 
user belief, leading to undesirable outcome

Learning and applying dialogue strategies as 
natural language inductive rules from MI 
experts for only a few dialogues, leads to 
positive outcome

(Xie et al., 2024)

https://arxiv.org/pdf/2403.15737


Find more:



Did we solve 
social reasoning?

Not yet.



Did we solve 
social reasoning?

Not yet.

Latest benchmark, 
SimpleToM highlights 
massive failure in 
behavior prediction 
and failure at 
judgement despite 
having near-perfect 
ToM estimates. 

(Gu et al., 2024)

https://arxiv.org/pdf/2410.13648


Open Questions

● Most benchmarks seem saturated, but the problem is not apparently 
solved. Are we approaching the problem correctly?

● The progress so far involve building a series of benchmarks. But most of 
the benchmarks are not involved in frontier model building or 
evaluation leaderboards. Why?

● Are we building the datasets in the wrong direction, addressing issues 
that may not translate in reality or are we not doing well in 
disseminating these?

● Is social reasoning important at all, given the measure of progress?



Summary: Social Reasoning with LLMs

● Social Reasoning and Value Alignment

● Overview of Social Reasoning Benchmarks

○ Social-IQ, SocialIQA, ToMi, BigToM

● Key Performance Trends

● Other scenarios:

○ Lie Detection

○ Motivational Interviewing

● Current state and open questions
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Part 4: Interactive Social 
Intelligence in LLM Agents

Hao Zhu

NAACL 2025



What are LLM Agents?

Decision Makers
[Barto and Sutton]

LLMs Connected w/ Tools  
what are tools

LLMs agents give LLMs the ability to interact with ...

LLM
LLM Agent

https://mitpress.mit.edu/9780262193986/reinforcement-learning/
https://arxiv.org/abs/2403.15452


What do LLM Agents interact with?

AI Agents

Grounded 
Environments

Physical World [Code as Policy]Virtual Interfaces  [Claude Plays Pokemon]
Interacting with non-decision makers

https://code-as-policies.github.io/
https://www.anthropic.com/news/claude-3-7-sonnet


What do LLM Agents interact with?

LLM Agents

Other Decision 
Makers

Social Intelligence 
in LLM agents is the 
capability to 
interact with other 
decision-makers.

Humans and Other Agents [Sotopia]

Interacting with decision makers

https://sotopia.world


What do LLM Agents interact with?

LLM Agents

Other Decision 
Makers

Social interaction is often grounded

Grounded 
Environments

Check out Awesome Social Agents for a 
break-down survey

https://sotopia.world/awesome-social-agents/


What helps agents and what agents help?

AgentSociodemographics

You are a young 
programmer who 
works at Meta and 
lives in Menlo Park 
and interested in 
investment

prompt browsing agent

NNetNav

https://www.nnetnav.dev/


What helps agents and what agents help?

Agent

You are a young 
programmer who 
works at Meta and 
lives in Menlo Park 
and interested in 
investment

Open-ended exploration with persona produces 
diverse browser agent training data

SociodemographicsNNetNav

https://www.nnetnav.dev/


What helps agents and what agents help?

AgentSocial Norms

Agents learn from 
social norm-based 
rewards while 
improving game 
success

Aligning to Social 
Norms

https://aclanthology.org/2022.naacl-main.439/
https://aclanthology.org/2022.naacl-main.439/


What helps agents and what agents help?

AgentSocial Reasoning
ToM for 
Few-shot 
Coordination

ToM 
improves 
language 
coordination

https://arxiv.org/abs/2107.05697
https://arxiv.org/abs/2107.05697
https://arxiv.org/abs/2107.05697


What helps agents and what agents help?

Agent Social Reasoning

When you are 
hiking, you saw a 
stack of stones. 
What would you 
think?

Initial state: 
No stacks

Some humans 
stacked them

Some animals 
stacked them

Wind, Tide

time

What is the 
reason?

A message?

Traces of our past: the 
social representation of 
the physical world

https://osf.io/preprints/psyarxiv/s8eka
https://osf.io/preprints/psyarxiv/s8eka
https://osf.io/preprints/psyarxiv/s8eka


What helps agents and what agents help?

Agent Social Norms
Agent Alignment 
to Evolving Social 
Norms

https://arxiv.org/abs/2401.04620
https://arxiv.org/abs/2401.04620
https://arxiv.org/abs/2401.04620


Humans are born with primitive social intelligence

Even babies communicate, cooperate, follow social norms
14-months olds intend to help the adults find objects

https://pubmed.ncbi.nlm.nih.gov/33412734/


What if agents don’t have social intelligence?

Failure to coordinate with humans is catastrophic 
[The halting problem; Brown al., 2023] for more examples

The other driver indicates left 
parallel parking

Waymo still moved forward

Social Norms
Belief 
Understanding
Coordination

https://dl.acm.org/doi/full/10.1145/3544548.3581045


Can we identify these problems in LLM agents?

Agents collaborate 
with other agents 
with access to tools
[TheAgentCompany; Xu et al., 2025]

Failure Modes: Commonsense / Social Skills

Agent

Agent

Tools embodied 
world

Humans

Coordination

https://the-agent-company.com/


Can we identify these problems in LLM agents?

Agents collaborate w/ 
humans  access to tools
[CoGym; Shao et al., 2025]

Failure Modes: Communication / Situational Awareness

Agent

Agent

Tools Embodied 
world

Humans

Belief Understanding

Coordination

https://cogym.saltlab.stanford.edu


Can we identify these problems in LLM agents?

Agents collaborate 
with other agents with 
embodied interface 
[MindCraft;MineCollab]

Failure Modes: Coordination on Resources

Agent

Agent

Tools Embodied 
world

Humans

Coordination

https://arxiv.org/abs/2109.06275
https://arxiv.org/abs/2504.17950


Can we identify these problems in LLM agents?

Agents collaborate 
with human with 
embodied interface 
[EgoNormia 2025]

Failure Modes: Disobey Social Norms

Agent

Agent

Tools Embodied 
world

Humans

Social Norms

https://egonormia.org


LLM implicitly 
persuades voters
[Hidden Persuader; Potter et al., 
2024]

Safety Risks: LLMs persuade without a goal

Agents can be surprisingly “good” at some tasks



Agents can be surprisingly “good” at some tasks

AI Realtor more 
persuasive than 
human realtors
[AI Realtor; Wu et al., 2025]

Economic Implication: Influence of AI on Marketing



Short summary of different failure modes

Agent

Agent

Tools Embodied 
world

Humans

Social 
Norms

Coordination Belief 
Understanding

Multi-agent
Agent - Human

Embodied

Risks of influencing 
the society



How to evaluate social intelligence in agents?

Challenge 1: tasks should be realistic Deal or no deal

https://engineering.fb.com/2017/06/14/ml-applications/deal-or-no-deal-training-ai-bots-to-negotiate/


How to evaluate social intelligence in agents?

Challenge 1: tasks should be realistic GAMA Bench

https://arxiv.org/abs/2403.11807


How to evaluate social intelligence in agents?

Challenge 2: background should be diverse



How to evaluate social intelligence in agents?

Challenge 3: Goal-oriented evaluation is not enough



Evaluate Social Intelligence in LLM Agents

Sotopia

https://sotopia.world/


Evaluate Social Intelligence in LLM Agents: Believability

Human 
Evaluations 
for 
Believability

https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2304.03442


Evaluate Social Intelligence in LLM Agents: Scale



Can LLM evaluate social Intelligence in agents?

Sotopia

Challenge 4: LLM evaluators could be unaligned

Social 
Norms

https://sotopia.world/


Break dimensions down to bite size

Automatically 
induced metrics 
are more concrete 
than heuristically 
defined ones

Coordination

Belief 
Understanding

https://bit.ly/autolibra
https://bit.ly/autolibra
https://bit.ly/autolibra
https://bit.ly/autolibra
https://bit.ly/autolibra


Goal-Oriented Social Simulation: Information Asymmetry

Perfect Information Imperfect Information

Challenge 5: Simulating what one should know
Under imperfect information cooperation and competition are both hard.

https://arxiv.org/abs/2403.05020


How to improve social intelligence in agents? 
Sotopia-π: BC + Self-reinforcement

Challenge 6: long-horizon agent training

http://pi.sotopia.world


How to improve social intelligence in agents? 

Sotopia-π-online (in prep): learning a reward attribution model

http://pi.sotopia.world


How to improve social intelligence in agents? 

ArCHer Utterance level value-based + token level policy graident RL

https://arxiv.org/abs/2402.19446v1


Social intelligence improves non-social skills: as teacher

Humans Provide Intervention

Can an agent identify the other gets stuck and step 
in to teach the skill?

A teacher 
agent

https://oaishi.github.io/cowpilot.html


Social intelligence improves non-social skills: as student

Language model predictive control

https://robot-teaching.github.io/


Takeaway Messages

● LLM agents need social intelligence to interact with 
other decision-makers including humans

● LLM agents experience similar failure modes as 
pre-LLM agents

● However, evaluation and improvement are very 
hard due to numerous challenges

● Social intelligence can also help learning other 
skills in agents.



Part 5: Conclusion

Hao Zhu

NAACL 2025



What we have covered in this tutorial 

Sociodemographics Social Knowledge

Social Reasoning Interactive Social 
Intelligence

Are LLMs aware of social attributes? Are LLMs aware of human social 
norms and cultural variations?

Can LLMs perform social reasoning? Can LLM become agents to interact 
with humans and the world?



Social Demographics 

Sociodemographics affect language use

Important for detection and generation

Early step for social intelligence: situational 
factors

Failure to detect or adapt creates issues

Affects annotation, generation, and 
understanding

Challenges around privacy, anonymity, data sets



Social Knowledge (Culture and Norm)

Data acquisition and grounded evaluation 

Working with local communities + participatory approach 

Challenges from norm deviance / conflicting cultures

Interdisciplinary methods 

What does the “progress” look like



Social Reasoning

● Most benchmarks seem saturated, but the problem is not apparently 
solved. Are we approaching the problem correctly?

● The progress so far involve building a series of benchmarks. But most of 
the benchmarks are not involved in frontier model building or 
evaluation leaderboards. Why?

● Are we building the datasets in the wrong direction, addressing issues 
that may not translate in reality or are we not doing well in 
disseminating these?

● Is social reasoning important at all, given the measure of progress?



Interactive Social Intelligence
LLM agents need social intelligence to interact with other 
decision-makers including humans

LLM agents experience similar failure modes as pre-LLM agents

However, evaluation and improvement are very hard due to 
numerous challenges

Social intelligence can also help learning other skills in agents.



To make AI useful for us, we need social intelligence!

Social Norms

Belief 
Understanding

Coordination

1. Social intelligence is 
everywhere in our life -- 
every AI applications that 
interact with humans. 

2. All the failures in pre-LLM 
era are still severe and 
more critical with the 
broader deployment of AI.



Social intelligence needs a multidisciplinary community!

Social 
Intelligence

NLP

Robotics HCI

CogSci

Social Science

communication

physical actions insights from 
human learning

AI interface with 
humans

social knowledge insights

…
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