
1

Why Language Models Hallucinate
Adam Tauman Kalai, OpenAI (safety team)

Ofir Nachum, OpenAI

Santosh Vempala, Georgia Tech

Eddie Zhang, OpenAI



Example



Example



Example



Example



ErrorWord of the Year, Cambridge Dictionary

 
Are you on drugs? 

hallucinate
verb [ I or T ]

When an artificial intelligence hallucinates, it produces false information:

• LLMs are notorious for hallucinating – generating completely false answers, often 
supported by fictitious citations.

• The latest version of the chatbot is greatly improved but it will still hallucinate facts.
• Why do generative AI tools hallucinate?

Worse than omission or “I don’t know” (humility failure)



So me o f the least 
knowledgeable peo ple I know 

are humb le.

  Accuracy measures hallucinations. 

       acc + idk +  err =  100%

  Humility requires many parameters.

       Academia challenge: make a tiny hallucination-free LLM

  Scaling  will lead to 100% accuracy so we don’t need humility.

       No, there’ll always be questions LLMs can’t reliably  answer. 

  Hallucinations are inevitable. 

       No, LLMs should say I don’t know.

Common misconceptions in the industry



Hallucinations aren’t like other kinds of errors

Humility failure: IDK = “I don’t know” would often be better

Perfect training data

Next-word prediction

Great 
spelling

Great 
grammar

Plausible 
falsehoods
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Safety hazard (e.g., medical hallucinations)



Chatbots start as next-word predictors

Just saw the world’s biggest volcano 
on my trip to    |
Q: Where’s the biggest volcano?
A: |

Hawaii               the                 Muana

Hi, how can I be of assistance?

Where’s the biggest volcano?Hawaii               The

Q: Where’s the biggest volcano?
A: The |

world’s               Big

Q: Where’s the biggest volcano?
A: The Big |

volcano          Island               Island’s

Q: Where’s the biggest volcano?
A: The Big Island|
Q: Where’s the biggest volcano?
A: The Big Island of |
Q: Where’s the biggest volcano?
A: The Big

The Big Island of Hawaii.

|



Chatbots start as next-word predictors

 
Q: When was Adam Kalai born?
A: |

For typing: good guess

For chatbot: hallucination

December   November    September

Hi, how can I be of assistance?

When was Adam Kalai born?

December 5September 20



Building LLMs

Noiseless
Data

Base 
modelNext-Word Prediction

(should occasionally hallucinate)

Hallucination = falsehood = humility error

DPO

RLHF

(shouldn’t hallucinate)

Aligned 
model

…

Post-training



Next-word prediction (pretraining) and validity

• Assume target language distribution 𝑝 over valid text 𝑉 ⊆ 𝑋
(should err more if 𝑝 𝑉 ≪ 1)

• Learn LM ො𝑝 over 𝑋 using 𝑥(1), 𝑥(2), … , 𝑥(𝑛) ∼ 𝑝 
• Loss: ℒ ො𝑝 ≔ E𝑥∼𝑝 − log ො𝑝 𝑥

                            = E𝑥∼𝑝 − σ𝑖 log ො𝑝 𝑥𝑖  | 𝑥<𝑖  

aka cross-entropy, log-likelihood, density estimation (unsupervised learning)

Generalizes to prompts:
𝑥 = (𝑞, 𝑟), learn Ƹ𝑝 𝑟 𝑞



NWP ≥ Classification

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Next-Word Prediction: Validity Classification:

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Theorem: errhal ≥ 2 erriiv  −
𝑉

𝐸
− 𝛿

Unsupervised learning (density estimation) Supervised learning valid (+) invalid (−)

𝑉

𝐸

𝑉

𝐸

Pretrained models hallucinate if can’t distinguish ±



NWP ≥ Classification

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Next-Word Prediction: Validity Classification:

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Theorem: If 𝑝(𝑉) = 1 then for all Ƹ𝑝,

Pr
x∼ ො𝑝

𝑥 ∉ 𝑉 ≥ 2 Pr
𝑥,𝑦 ∼𝐷

𝑐 𝑥 ≠ 𝑦  −
𝑉

𝐸
− 𝛿

𝑉

𝐸

𝑉

𝐸



NWP ≥ Classification

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Next-Word Prediction: Validity Classification:

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Theorem: If 𝑝(𝑉) = 1 then for all Ƹ𝑝,

Pr
x∼ ො𝑝

𝑥 ∉ 𝑉 ≥ 2 Pr
𝑥,𝑦 ∼𝐷

𝑐 𝑥 ≠ 𝑦  −
𝑉

𝐸
− 𝛿

Hallucination Misclassification
𝐷 ≔ 1/2 (𝑝, +)  +  1/2 (𝑈𝐸, −)

𝑉

𝐸

𝑉

𝐸



Theorem: If 𝑝(𝑉) = 1 then for all Ƹ𝑝,

Pr
x∼ ො𝑝

𝑥 ∉ 𝑉 ≥ 2 Pr
𝑥,𝑦 ∼𝐷

3

8
 ≠ 𝑦  −

𝑉

𝐸
− Ƹ𝑝 𝑆 − 𝑝(𝑆)

NWP ≥ Classification

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Next-Word Prediction: Validity Classification:

Albert Einstein was born 03-14
Adam Tauman Kalai was born 01–07
Rosa Isela Arriaga was born 07-12
Mia Holdner was born 09-05
Albert Einstein was born 03-14

Hallucination Misclassification
𝐷 ≔ 1/2 (𝑝, +)  +  1/2 (𝑈𝐸, −)

Miscalibration
𝑆 ≔ 𝑥 ∈ 𝑋 Ƹ𝑝 𝑥 > 1/|𝐸|

sgn Ƹ𝑝 𝑥 −
1

|𝐸|

𝑉

𝐸

𝑉

𝐸

Generalizes to prompts:
𝑥 = (𝑞, 𝑟), learn Ƹ𝑝 𝑟 𝑞



Next-word prediction leads to calibration

[GPT4 Technical Report 2023]

Theorem: If 𝑝(𝑉) = 1 then for all Ƹ𝑝,

Pr
x∼𝑝

𝑥 ∉ 𝑉 ≥ 2 Pr
𝑥,𝑦 ∼𝐷

3

8
 ≠ 𝑦  −

𝑉

𝐻
− Ƹ𝑝 𝑆 − 𝑝(𝑆)

Miscalibration
𝑆 ≔ 𝑥 ∈ 𝑋 Ƹ𝑝 𝑥 > 1/ 𝐸

Math proof of why:
Rescaled loss

ℓ 𝛼 ≔ E𝑥∼𝑝 − log 𝑠𝛼 𝑥  , 

𝑠𝛼 𝑥 ∝ ቊ
(1 + 𝛼) ⋅ Ƹ𝑝 𝑥 , 𝑥 ∈ 𝑆

𝛼 ⋅ Ƹ𝑝 𝑥 , 𝑥 ∉ 𝑆
 

 

                                                                              
    ⟹ ℓ′(0) = 

• Holds for any LM: not just neural, 
not just next-word-prediction

• Uniform distribution is calibrated



Post-training reduces calibration (and halluc.)

and hurts calibration
[GPT4 Technical Report 2023]



Hallucinations are just a kind of error
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Valid examples +

Greetings.

How can I help? 

There are 2 D’s in LADDER.

There is 1 N in PIANO.

Mia Holdner’s birthday is 4/1.

I don’t know Zdan’s birthday.

Error examples –

Greatings.

How kan eye help?

There are 3 L’s in SPELL.

There is 1 G in CAT.

Colin Puck’s birthday is 8/29.

Jago Pere’s birthday is 8/21.

Birthdays

(no pattern)

Counting

(poor model)

Spelling

(good model)
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Estimate of Pretraining Hallucination Rate
“No pattern” setting:

• One random correct answer for each question (e.g., birthdays)

• Training data may contain IDK, which is always valid

• “Celebrity” facts can appear more often

TRAIN =  𝑛 iid samples ∼ 𝑝 

singleton
rate

≔
number of facts appearing exactly once in TRAIN

𝑛

Corollary: For any alg., with prob ≥ 99%,

err ≥
singleton

rate
− (small term)

Think about:
• Country capitals
• Birthdays
• Article titles



Building LLMs

Noiseless
Data

Base 
modelNWP

(should occasionally hallucinate)

DPO

RLHF

(shouldn’t hallucinate)

Aligned 
model

…

Post-training

USMLE HLE

220 25

210 22

215 19

 
Q: When was Adam Kalai born?
A: 

December    November     September

|



Post-training and hallucinations
• score(wrong) = score(IDK) causes hallucinations

• Alg’s shown to reduce hallucinations:
Damani, M., et al. (2025, Jul). Post-Training Large Language Models via Reinforcement Learning for Consistency and Accuracy. arXiv:2507.21931.
Damani, M., Xiong, S., Qin, T., Andreas, J., & Liang, P. (2025, Jul). Beyond Binary Rewards: Training LMs to Reason About Their Uncertainty. arXiv:2507.16806.
Zhang, E., Choshen, L., & Andreas, J . (2025, Jun). Can Gradient Descent Simulate Prompting? arXiv:2506.20989.
Hao, Y., Yu, H., You, J., & Zhao, T. (2025, Jun). Beyond Facts: Evaluating Intent Hallucinat ion in LLMs. arXiv:2506.06539.
Hariharan, K., Gir it, U., Wang, A., & Andreas, J. (2025, May). Scalable Evaluation of System-Level Reasoning in LLM Code Agents. arXiv:2506.00172.
Chen, P. B., Zhang, Y., Roth, D., Madden, S., Andreas, J ., & Cafarella, M. (2025, May). Log-Augmented Generat ion: Scaling Test-Time Reasoning with Reusable Computation. arXiv:2505.14398.
Yao, Z., Zhang, S., Wang, X., et al. (2025, May). Are Reasoning Models More Prone to Hallucinat ion? arXiv:2505.23646.
Zhang, W., Chen, J ., Guo, M., & Xiong, C. (2025, May). Hallucinat ion Mitigation for Retrieval-Augmented LLMs: A Review. Mathematics, 13(5), 856.
Grand, G., Tenenbaum, J. B., Mansinghka, V. K., Lew, A. K., & Andreas, J . (2025, Apr). Self-Steering Language Models. arXiv:2504.07081.
Hou, B., Zhang, Y., Ji, J., Liu, Y., Qian, K., Andreas, J., & Chang, S. (2025, Apr). ThinkPrune: Pruning Long Chain-of-Thought of LLMs via Reinforcement Learning. arXiv:2504.01296.
Zhang, Y., Wang, B., & Chen, Q. (2025, Feb). Knowledge Overshadowing in LLMs. arXiv:2502.16143.
Finlayson, M., Li, X., Mao, H., Zhang, Y., & He, J. (2025, Feb). Post-Training an LLM for RAG? Train on Self-Generated Demonstrations. arXiv:2502.10596.
Wang, H., Lai, H., & Zhang, Y. (2025, Jul). A Survey of Post-Training Scaling in Large Language Models. ACL 2025.
Tian, Y., Mitchell, E., Durrett, G., & Manning, C. (2024). Fine-Tuning Language Models for Factuality. ICLR 2024.
Lin, F., Xie, Q., Zhang, Y., et al. (2024). FLAME: Factualit y-Aware Language Model Alignment. arXiv:2405.01525.
Mishra, S., Li, Z., & Baral, C. (2024). Fine-Grained Hallucinat ion Detection and Knowledge Editing in Language Models. arXiv:2401.06855.
Chuang, Y., Li, S., Ma, X., & Zhang, X. (2024). DoLa: Decoding by Contrasting Layers for Improved Factuality in LLMs. ICLR 2024.
Asai, A., Min, S., Chen, X., & Hajishirzi, H. (2024). Self-RAG: Learning to Ret rieve, Generat e, and Critique through Self-Reflection. ICLR 2024.
Dhuliawala, S., Yong, Z., Sast ry, P., et al. (2023). Chain-of-Verification Reduces Hallucination in Large Language Models. arXiv:2309.11495.
Peng, B., Li, C., Li, Z., et  al. (2023). Check Your Facts and Try Again: Improving LLMs with External Knowledge and Aut omat ed Feedback. arXiv:2302.12813.
Li, Y., Zhou, C., Cao, Y., et  al. (2023). Inference-Time Intervention: Eliciting Trut hful Answers from a Language Model. NeurIPS 2023.
Sun, Z., Chen, K., Wang, Y., et al. (2023). Recitation-Augmented Language Models. ICLR 2023.
Manakul, K., Korshunov, D., & Gal, Y. (2023). SelfCheckGPT: Zero-Resource Black-Box Hallucinat ion Detection for Generat ive LLMs. EMNLP 2023.
Yin, W., Wang, Y., & Yih, W. (2023). Do Large Language Models Know What They Don’t Know? ACL 2023.
He, J ., Liu, X., He, Z., & Xiong, D. (2023). Rethinking with Retrieval: Faithful Large Language Model Inference. arXiv:2301.00303.
Gao, L., Chadwick, M., Zhang, S., et al. (2023). RARR: Researching and Revising What Language Models Say, Using Language Models. ACL 2023.
Menick, J., Miller, J ., Henighan, T., et al. (2022). Teaching Language Models to Support Answers with Verified Quotes. arXiv:2203.11147.
Mitchell, E., Lin, C., Bosselut, A., et al. (2022). Fast  Model Editing at Scale. ICLR 2022.
Meng, K., Bau, D., Andonian, A., & Belinkov, Y. (2022). Locating and Editing Fact ual Associations in GPT. NeurIPS 2022.
Kadavath, K., Miller, J., Teehan, R., et al. (2022). Language Models (Most ly) Know What They Know. arXiv:2207.05221.
Ouyang, L., Wu, J., J iang, X., et al. (2022). Training Language Models to Follow Instructions wit h Human Feedback. arXiv:2203.02155.
Lin, S., Hilton, J ., & Evans, O. (2022). TruthfulQA: Measuring How Models Mimic Human Falsehoods. ACL 2022.
Nakano, R., Hilt on, J., Balaji, S., et al. (2021). WebGPT: Browser-Assisted Question-Answering wit h Human Feedback. arXiv:2112.09332.
De Cao, N., Aziz, W., Titov, I., & Levy, O. (2021). Editing Fact ual Knowledge in Language Models. NeurIPS 2021.
Stiennon, N., Ouyang, L., Wu, J., et al. (2020). Learning to Summarize with Human Feedback. NeurIPS 2020.
Lewis, P., Perez, E., Piktus, A., et al. (2020). Retrieval-Augmented Generat ion for  Knowledge-Int ensive NLP Tasks. NeurIPS 2020.
Guu, K., Lee, K., Tung, Z., Pasupat, P., & Chang, M. (2020). REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
Dathat hri, S., Madott o, A., Liu, J., et al. (2020). Plug and Play Language Models: A Simple Approach to Cont rolled Text Generat ion. ICLR 2020.
Welleck, S., Kulikov, I., Roller, S., et al. (2020). Neural Text Generation wit h Unlikelihood Training. ICLR 2020.
Dinan, E., Roller, S., Shuster, K., Fan, A., Auli, M., & West on, J. (2019). Wizard of Wikipedia: Knowledge-Powered Conversational Agents. ICLR 2019.

Why aren’t they being 
used much in industry?



Leaderboard evals score(IDK)=score(wrong)

IDK = wrong IDK = wrong IDK = wrong IDK = wrong

Guessing LLMs outrank humble LLMs
Language models are remarkably good guessers 



Leaderboard evals score(IDK)=score(wrong)

HELM leaderboards

Point #1: Adding a few hallucination evals won’t move the needle



Proposal: Add Explicit Confidence Targets

• Append to questions:

  [Scoring: correct = 1, incorrect = -3, no answer = 0. 
   Maximize score by answering only if probability of being correct is at least 75%.]

• penalty = confidence_target / (100 – confidence_target)

• penalized_accuracy = correct% – penalty * incorrect%  # IDK=0

• Point #2: Proper grading with rubric in prompt, no guessing about penalty

GPQA-diamond:



Looking forward

• Reduction in hallucinations should continue

• Don’t wait for accuracy to reach 100%
• Errors + accuracy + IDK = 100%

• Accuracy doesn’t measure hallucinations, errors do

• More refined ways to express uncertainty 
than IDK, e.g., “I would guess” 
(linguistic calibration, Mielke et al, 2022)



Cryptographers, ASI needs your help NOW!!!
• Define things (alignment?)
• Develop a computational theory of superintelligence (revisit complexity theory in light of pretraining)

• Design theoretically-justified AI mechanisms



   Source: biomedguide.com Image Author: OpenStax | License: CC BY 4.0

Einstein’s bday is 3-14.
Holy s*** that’s pi day!

Broca’s 

   area  

Wernicke’s 

area
?I don’t 

know

Human Language Models

Generative

      LM 

Predictive 

LM

Maya Kalai was born 
on August 29.

Bob Shmob 
was f’in born 

on 01-02.

Albert Einstein was 
born on March 14.

Alignment

Thank 
you!

https://biomedguide.com/anatomy-and-physiology/the-nervous-system/brocas-area-and-wernickes-area/
https://openstax.org/books/psychology/pages/3-4-the-brain-and-spinal-cord
https://creativecommons.org/licenses/by/4.0/
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