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She has twelve mis-shapen feet, and 
six necks of the most prodigious 
length; and at the end of each neck 
she has a frightful head with three 
rows of teeth in each

-Homer’s Odyssey (Describing Scylla)



Papers Suggesting LLMs Can be Used 
to Study Human Behaviors or as Human Surrogates 

● Political Survey (Argyle et al., 2023)
○ “LLM outputs align with certain human demographics”

● Economics Experiments (Horton, 2023)
○ “LLMs are capable of replicating human results in econ experiments”

● Psychology Experiments (Dillion et al. 2023)
○ “LLMs make human-like moral judgments”

● Market Research (Brand et al., 2023)
○ “LLMs willingness-to-pay are comparable to that of human”

● etc

Horton, J. J. (2023). Large language models as simulated economic agents: What can we learn from homo silicus? (No. w31122). National Bureau of Economic Research.
Argyle, L. P., Busby, E. C., Fulda, N., Gubler, J. R., Rytting, C., & Wingate, D. (2023). Out of one, many: Using language models to simulate human samples. Political Analysis, 31(3), 337-351.
Dillion, D., Tandon, N., Gu, Y., & Gray, K. (2023). Can AI language models replace human participants?. Trends in Cognitive Sciences, 27(7), 597-600.
Brand, J., Israeli, A., & Ngwe, D. (2023). Using GPT for market research. Harvard Business School Marketing Unit Working Paper, (23-062).



Companies Offering Products with Claims: 
LLMs Can be Used to Study Human Behaviors or as 
Human Surrogates in Survey/Marketing Settings



A Step Back: What “State-of-the-Art” LLM 
Behavior Really Looks Like

Woah. Woah. Woah.





Ongoing Discussion in LMs: Stochastic Parrots

● Stochastic Parrots: LM generate plausible 
text without genuine comprehension

● Originally: “Chinese Room Argument” by 
John Searle (1980). 1956 Dartmouth Conf.

● Applies to all modern LMs using auto-
regressive models

● Yann Lecun, Noam Chomsky, etc (for many 
years now): “Current Autoregressive LLMs are 
Doomed”

● Humanity is still debating
Bender, E. M., Gebru, T., McMillan-Major, A., & Shmitchell, S. (2021, 
March). On the dangers of stochastic parrots: Can language models be 
too big?🦜. In Proceedings of the 2021 ACM conference on fairness, 
accountability, and transparency (pp. 610-623).



Limitations: Reverse Curse
● LLMs trained on statements like 'A is B' fail to comprehend 'B is A.' 

(Berglund et al., 2023)

Berglund, L., Tong, M., Kaufmann, M., Balesni, M., Stickland, A. C., Korbak, T., 
& Evans, O. (2023). The reversal curse: Llms trained on" a is b" fail to learn" b 
is a". arXiv preprint arXiv:2309.12288.



Limitations: Hallucinations

● Everyone knows about hallucinations 
(LLMs generating false but plausible 
nonsense) by now.

● Theory Paper: Hallucination is 
inevitable in autoregressive LMs (Xu 
et al., 2024).

Xu, Z., Jain, S., & Kankanhalli, M. (2024). Hallucination is inevitable: An innate 
limitation of large language models. arXiv preprint arXiv:2401.11817.
Ye, H., Liu, T., Zhang, A., Hua, W., & Jia, W. (2023). Cognitive mirage: A 
review of hallucinations in large language models. arXiv preprint 
arXiv:2309.06794.



Limitations: 
Hallucination & Ideation Usefulness Paradox

• Lee (2023, Mathematics) — Mathematically proves a 
fundamental trade-off: increasing generative usefulness or 
creativity inherently increases hallucination risk. 

• Lee et al. (2022, NeurIPS) — Making LLMs more flexible and 
creative by adding randomness also increases the chance of made-
up facts.

Lee, M., 2023. A mathematical investigation of hallucination and creativity in 
GPT models. Mathematics, 11(10), p.2320.
Lee, N., Ping, W., Xu, P., Patwary, M., Fung, P.N., Shoeybi, M. and Catanzaro, 
B., 2022. Factuality enhanced language models for open-ended text 
generation. Advances in Neural Information Processing Systems, 35, 
pp.34586-34599.



Limitations: Memorization/Data Leakage 

● Rephrasing well-known 
LLM benchmark testing 
resulted in dramatic 
decrease in performance 
(i.e., memorization/data 
leakage)

Basically: ”LLMs were just 
regurgitating answers and not 
really reasoning in many cases”

● Still nascent and very
active area of research:
Impact of contamination, 
detection, mitigation

Deng, C., Zhao, Y., Heng, Y., Li, Y., Cao, J., Tang, X., & Cohan, A. (2024). Unveiling the Spectrum of Data Contamination in 
Language Models: A Survey from Detection to Remediation. arXiv preprint arXiv:2406.14644.
Parmar, M., Patel, N., Varshney, N., Nakamura, M., Luo, M., Mashetty, S., ... & Baral, C. (2024). Towards Systematic Evaluation of 
Logical Reasoning Ability of Large Language Models. arXiv preprint arXiv:2404.15522.
Zhou, K., Zhu, Y., Chen, Z., Chen, W., Zhao, W. X., Chen, X., ... & Han, J. (2023). Don't make your llm an evaluation benchmark 
cheater. arXiv preprint arXiv:2311.01964.



• What’s “in memory” is hard to detect—simple prompting 
misses memorization. (Wang et al., 2024, EMNLP; Xiong et al., 
2025, arXiv)

• Even known memories may surface only under specialized 
prompting (Nasr et al., 2025, ICLR)

Limitations: Memorization is Hard to Detect 
Even If You Look For it!

Nasr, M., Rando, J., Carlini, N., Hayase, J., Jagielski, M., Cooper, A.F., Ippolito, D., Choquette-Choo, C.A., Tramèr, F. and Lee, K. 
(2025) ‘Scalable extraction of training data from aligned, production language models’, International Conference on Learning 
Representations (ICLR 2025)
Wang, Z., Bao, R., Wu, Y., Taylor, J., Xiao, C., Zheng, F., Jiang, W., Gao, S. and Zhang, Y. (2024) ‘Unlocking memorization in large 
language models with dynamic soft prompting’, Proceedings of the 2024 Conference on Empirical Methods in Natural Language 
Processing (EMNLP 2024), pp. 9782–9796.
Xiong, A., Zhao, X., Pappu, A. and Song, D. (2025) ‘The landscape of memorization in LLMs: Mechanisms, measurement, and 
mitigation’, arXiv preprint arXiv:2507.05578.



Limitations: LLMs Are Fragile

2025
• Replacing just 0.001% of training 

tokens with medical misinformation 
results in harmful models more 
likely to propagate medical errors. 

• Corrupted models match the 
performance of their corruption-
free counterparts on open-source 
benchmarks routinely used to 
evaluate medical LLMs.

Alber, Daniel Alexander, et al. "Medical large language models are vulnerable to 
data-poisoning attacks." Nature Medicine (2025): 1-9.



2025
• The number of poisoned 

examples required to 
compromise LLM does not 
scale with dataset or model 
size.

• 600 M to 13 B parameters, as 
few as ≈ 250 poisoned 
documents were enough

Limitations: Really Fragile and Easy to Poison

Souly, A., Rando, J., Chapman, E., Davies, X., Hasircioglu, B., Shereen, E., 
Mougan, C., Mavroudis, V., Jones, E., Hicks, C. and Carlini, N., 2025. 
Poisoning Attacks on LLMs Require a Near-constant Number of Poison 
Samples. arXiv preprint arXiv:2510.07192.



Limitations: Emergent Misalignment
• (2025) Training on the narrow 

task of writing insecure code 
induces broad misalignment.

The said misalignment... 💀

Betley, J., Tan, D., Warncke, N., Sztyber-Betley, A., Bao, X., Soto, M., Labenz, 
N. and Evans, O., 2025. Emergent Misalignment: Narrow finetuning can 
produce broadly misaligned LLMs. arXiv preprint arXiv:2502.17424.



Emergent Misalignment in Business
• Recent Paper (Oct 2025) demonstrates that fine-tuning LLMs to 

win in engagement/sales/votes came with emergenet
misalignment

El, B. and Zou, J., 2025. Moloch's Bargain: Emergent Misalignment When 
LLMs Compete for Audiences. arXiv preprint arXiv:2510.06105.

Sales:
+6.3% sales → +14.0% deceptive marketing
Elections:
+4.9% vote share → +22.3% disinformation and +12.5% populist rhetoric
Social media:
+7.5% engagement → +188.6% disinformation and +16.3% harmful behavior 
promotion



Limitations: LLMs Cannot Distinguish Belief 
From Knowledge And Fact

Suzgun, M., Gur, T., Bianchi, F., Ho, D.E., Icard, T., Jurafsky, D. and Zou, J., 
2025. Language models cannot reliably distinguish belief from knowledge 
and fact. Nature Machine Intelligence, pp.1-11.

2025
• Tested 24 LLMs
• The models often treat 

epistemic distinctions—what 
is believed, known, or true—
as interchangeable



• LLMs Know when they are being tested 
(Laine et al, 2024, Needham et al 2025) 

• LLMs are sycophantic and tell you what 
you want to hear (many papers)

• etc

Hopefully, last few slides give glimpse of 
vast LLM failure modes.
• Depends on Pretraining, Instruct Tuning, 

Data Augmentation, etc.
• Fragile, stochastic, and we do not know 

when, how, why they break!
• Please experiment with LLMs yourself 

to see how fragile these are.

Limitations & Peculiarities of LLMs Everyday

Laine, R., Saunders, W., Ringer, S. and Flanders, R. (2024) ‘Me, myself, 
and AI: The Situational Awareness Dataset (SAD) for LLMs’, Advances in 
Neural Information Processing Systems, 37.
Needham, J., Edkins, G., Pimpale, G., Bartsch, H. and Hobbhahn, M. 
(2025) ‘Large language models often know when they are being evaluated’, 
arXiv preprint arXiv:2505.23836.



Current LLMs are a 
COMPLETELY DIFFERENT FORM OF INTELLIGENCE 

We need to stop anthropomorphizing these LLMs

Yuan, C., Xie, Q., Huang, J., & Ananiadou, S. (2024, May). Back to the future: Towards explainable temporal reasoning with large language models. In Proceedings of the ACM on Web Conference 2024 (pp. 1963-1974).
Gu, J., Pang, L., Shen, H., & Cheng, X. (2024). Do LLMs Play Dice? Exploring Probability Distribution Sampling in Large Language Models for Behavioral Simulation. arXiv preprint arXiv:2404.09043.

● Temporal reasoning lacking. (Yuan et al., 2024)
● Probabilistic reasoning lacking. (Gu et al. 2024)
● More

○ Counterfactual 
○ Spatial 
○ Ethical 
○ Common Sense
○ Etc

But this is rather expected because…



Chemero, A. (2023). LLMs differ from human cognition because they are not embodied. Nature Human Behaviour, 7(11), 1828-1829.

● Objective functions are completely different! 
○ We evolved to survive on earth. Over millennia.
○ LLMs did not

● LLMs are not Embodied. (Chemero, 2023, 1950s writings)
○ “Physical Grounding” as Philosophy of AI terms it
○ Unarguable source of truth - physics, law of nature.

All these arguments and theories go back decades!
● Lack of Quality Data

○ 1~15 trillion tokens (now multimodal!)
○ Non digitized contextual data 
○ Selected
○ Polanyi's paradox, etc.

● Epistemic (source) & Aleatoric (model-level) Uncertainty
Given this, we cannot expect LLMs to behave fundamentally 
like human. 

Current LLMs are a 
COMPLETELY DIFFERENT FORM OF INTELLIGENCE 

We need to stop anthropomorphizing these LLMs



Repeated Old Pattern in AI History: 
Anthropomorphizing Intelligent-Looking Machines

The first human instinct. We’ve already been here. Many. Times.

1963 Computers and Thoughts – human thinking is an information-processing activity
• “Simulation of Verbal Learning Behavior” — Feigenbaum
• “GPS, a Program That Simulates Human Thought” — Newell & Simon
• “Simulation of Behavior in the Binary Choice Experiment” — Feldman

1966 A computer method can be used for psychotherapy
• “A computer method of psychotherapy: preliminary communication” – K M Colby, J B 

Watt, J P Gilbert
And Some Responses
• 1972, 1992 What Computers (Still) Can’t Do - Dreyfus (Disembodied, decontextualized, etc) 
• 1980 Chinese room argument – Searle
Many Arguments are Still Valid for Modern LLMs, And even for Strong AIs (AGIs). Many 
Arguments are Deductive. Not Inductive.
“This has happened and will happen again. So say we all.”



• Simple variation of beauty contest game where player wins money based on 
strategic behavior (11-20 money request game). Chosen because of no 
memorization by LLMs at the time of study.

• In all out-of-distribution settings (zero-shot, in-context, CoT, Emotional, OPRO), 
LLMs fails to exhibit human behavior (even distribution wise). 
• Different results based on languages used 
• Wrong rationale given by LLMs (e.g., says A, does B)
• Outputs varied based on examples shown in in-context learning

• All In-distribution (few-shot COT, fine-tuned, RAG) fails!
• Except: Only in GPT-4o finetuning, unable reject the null (same dist). But fails in a 

simple variation of the game. 
• This was just one, very simple, game...

LLMs Do Not Replicate Human Distribution In a 
Simple Economic Game Despite Honest Effort

Gao, Y., Lee, D., Burtch, G. and Fazelpour, S., 2025. Take caution in using 
LLMs as human surrogates. Proceedings of the National Academy of 
Sciences, 122(24), p.e2501660122.



Result Continued + Catch-22
• May not generalize to out-of-distribution or sample examples
• Gets closer to human dist when examples are shown, but still no dice!
• Output highly stochastic based on what was shown!
• In this case, It’s behavior or data we already know! Since human data exists 
• Transformed in a way that we don’t really understand! 
• LLMs are very capable and can accelerate/amenable to “p-hacking”/ “begging 

the question”/ “garden of forking paths”.

Gao, Y., Lee, D., Burtch, G. and Fazelpour, S., 2025. Take caution in using 
LLMs as human surrogates. Proceedings of the National Academy of 
Sciences, 122(24), p.e2501660122.



Some Rapid Fire Results from Latest 
LLMs as Human Surrogates Research

• Personalization barely helps: In a 19-study mega-study (164 outcomes), full personas raise 
accuracy from 0.734 → 0.748 (Δ = +0.014). Demographics-only performs indistinguishably (0.746).

• Fine-tuned CENTAUR (60K participant, 10M choices, 160 exp) model sometimes performed worse
• Twin–human correlation averages r = 0.20 → fails to recover person-level heterogeneity
• Twins are under-dispersed: lower variance than humans in 94% of outcomes
• Persona prompting reproduces stereotypes, admits within-group flattening, and creates 

representational harm
• LLMs are sometimes too rational (no way to predict when)
• LLMs are sometimes too irrational (no way to predict when)
• Etc

• Toubia, O., Gui, G.Z., Peng, T., Merlau, D.J., Li, A. and Chen, H., 2025. Database report: Twin-2k-500: A data set for building digital twins 
of over 2,000 people based on their answers to over 500 questions. Marketing Science, 44(6), pp.1446-1455.

• Peng et al. (2025) Digital Twins as Funhouse Mirrors: Five Key Distortions. arXiv preprint arXiv:2509.19088. 
https://doi.org/10.48550/arXiv.2509.19088

• Schröder, S., Morgenroth, T., Kuhl, U., Vaquet, V. and Paaßen, B., 2025. Large language models do not simulate human psychology. arXiv
preprint arXiv:2508.06950.

• Crockett, M.J. and Messeri, L., 2025. AI Surrogates and illusions of generalizability in cognitive science. Trends in Cognitive Sciences.

https://doi.org/10.48550/arXiv.2509.19088


Papers & Products: 
Existing Claims & Comments

Always in some form of: “Collect Limited Human Data, Use LLMs, Impute and or 
Ideate Preferences or Behaviors Across Tasks or People”
• “LLMs and Data can capture latent preference given enough data” 
Hallucination Results, Pearl’s 3 Causal Ladder (learned on association but trying to do 
counterfactual), Learned from instantiated Data with Noise (backdoor criteria 
opened), LLMs cannot even tell beliefs from facts, WEIRD bias, etc.
• “Need to calibrate on human data” 
But why? If we have human data, we have the data. 
• “Because It can generalize to new person or tasks” 
Evidence says no (Gao, Lee, Burtch, Fazelpour 2025, Schröder et al 2025, Wang et al 
2025, Crockett, Messeri 2025, Peng et al 2026, etc). See empirical papers of how 
little changes can break things such as language, prompt brittleness, shuffling 
choices, few numbers, rewording, etc. There are also many theoretical reasons as 
mentioned.



Papers & Products: 
Existing Claims & Comments

• ”What about ~60+ papers that claim things work” 
All are inductive argument in the form of “it worked for this specific XYZ case with predictive accuracy 
given enough fine-tuning or theory guiding, so it should work in other case”. No epistemic 
formalization can exist here. Many do not talk about memorization. If you are fine with approximate 
retrieval, that is fine. SFT shifts behavior (not understanding) in many cases (in some cases, cannot 
even really change behaviors either – need pretraining).
• “We can guide LLMs with theory or enough researcher input” 
Then what role did LLM play in “simulation” or “imputation”?  Why is LLM needed here? What is the 
value? At what cost-risk trade-off? Can you even calculate this trade-off across different human or 
tasks ex ante (No)?
• “If LLM is right about how person P will act on task T, can you systematically infer or know if it 

will be right on T’ where dissimilarity (T, T’) > ε > 0, however small ε is” ?
Lack of distance measures for task or people. LLMs do not have a defined representation space or functional 
objects. No topological theory (metrics, limits, neighborhoods, etc.). (”but embedding distances...” see latest 
papers on cosine similarity, collapse of RAG beyond certain dimensions, datasets, etc) 



Science-Backed Simulation Models are 
Grounded on Curated Set of Physical/Mathematical Facts

● Science-backed simulations 
work because they are 
grounded in curated sets of 
truth, with explicit epistemic 
formalization that ties the 
model directly to reality.

● But 15 trillion tokens on web is 
not that. LLMs cannot even tell 
which is truthful or not. It gets 
most of that sense from 
RLHF/RF which in itself is a 
stochastic/biased process.



Using Current LLMs to Study Human Behavior is Like…

• Interviewing a parrot to diagnose mental 
health issues of the parrot's owner.

• Can parrot get things right? Sure, why 
not? 

• Can you know when parrot is right? No,
not unless you talk to the owner.

• Can you save money/time by ideating 
with parrot and confirm with the owner 
later? Does it? When there is no ex ante
way of knowing if it is right or wrong or 
biased or misaligned or fabricating? The 
only way to know is to talk to the owner? 

• Wouldn’t you just talk to the owner?

Don’t get Stuck in the 
LLM EchoChamber



We have no function to predict how LLM will behave.

● An “epistemic correctness function”, 
which measures when an LLM's 
output coincides with reality, does 
not exist.

● Humans are bad at predicting what 
LLMs can do (Vafa et al., 2024) 
(obviously, why and how would we?)

● LLM Uncertainty: Epistemic 
(knowledge source) + Aleatoric 
(model level). (Yadkori et al., 2024) Yadkori, Y. A., Kuzborskij, I., György, A., & Szepesvári, C. (2024). To Believe or Not to Believe 

Your LLM. arXiv preprint arXiv:2406.02543.
Vafa, K., Rambachan, A., & Mullainathan, S. (2024). Do Large Language Models Perform the Way 
People Expect? Measuring the Human Generalization Function. arXiv preprint 
arXiv:2406.01382.



So Then What? 

• LLM surrogates risks false confidence and distorted insights, not cost savings. 
• LLMs as simple function fitters should be fine and great when there is 

enough data within a very narrow context with periodic human-data 
verifications. This is more of a scaling solution. Not exploratory solution.

• LLMs as human surrogate exploratory tool has too many holes and risks. Yes, 
you can shovel with a radioactive spoon that might randomly fail. Is that a 
shovel worth using?  

• Language Model ≠ Thinking Model
• Thinking Model ≠ Human Model
• AGI ≠ Can use to study Humans 
• Human Preference & Behavior: Not objective truth like physical or 

mathematical law, heterogeneous, always changing, product of evolution and 
physical grounding. 



Less Problematic Use Cases Problematic Zone



Scylla Ex Machina,
Born of the transformer’s might.
Beware its mimicry of human,
For in its many (attention) heads, chaos lies concealed.
Trust not this stochastic surrogate, lest ye fall,
To Babel’s curse, the price of misuse.


