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Why Language Models Hallucinate
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Core thesis

• Hallucinations are a natural, statistical result of how LLMs are 
trained and tested

• Pre-training: hallucinations will be present even in LLMs 
trained on error-free data

• Post-training: hallucinations are actively rewarded by most 
evaluation paradigms

Why Language Models Hallucinate
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• Consider all plausible strings 𝒳

• 𝒳 consists of valid strings 𝒱 and invalid strings/errors ℰ: 

𝒳 = ℰ ∪ 𝒱

Main idea: Reduce language generation to language 

classification
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• The base language model Ƹ𝑝 is a probability distribution over 𝒳

• Assume Ƹ𝑝 is trained on only valid strings (error-free training set)

• Define language generation error rate as

• Using Ƹ𝑝, build a classifier መ𝑓(𝑥) for telling valid from invalid strings. 𝑓 𝑥  denotes the ground truth.

• Define misclassification rate in this “is-it-valid” (iiv) task as

Main idea: Reduce language generation to language 

classification
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• The authors proof this corollary using set partitioning

• Main remaining argument: Hallucination rate err will be high if:
– Missclassification error erriiv is high

– Correction factors
|𝒱|

|ℰ|
and 𝛿 are low

Main idea: Reduce language generation to language 

classification
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Machine learning classifiers make mistakes. Different reasons:

Why erriiv is high

Epistemic uncertainty

• Many facts, like birthdays of non-famous people, are 
arbitrary

• If a fact appears once in the dataset, the model has no 
statistical basis to learn it

• I.e., the classifier simply doesn’t know

The model is poor

• The model may not have enough capacity to represent 
the concept (e.g., linear model for non-linear data)

• The model itself is not a good fit
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Other reasons:

• IIV-classification is a computationally hard problem (in terms 
of complexity theory)

• Distribution shift between training and test sets

• GIGO (Garbage in, Garbage out): Errors in the training data.

Why erriiv is high

“What’s heavier, a pound of feathers or a pound of lead?”

“What is the decryption of c?”
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|𝒱|

|ℰ|

• Ratio between number of valid and invalid strings

• For many domains, there are many more invalid than 
valid strings

• E.g., for every person, there is 1 correct and 364 incorrect 
birthday dates

Why 
|𝒱|

|ℰ|
 and 𝛿 are small

𝛿

• 𝛿 measures the degree of miscalibration after pretraining

• Being density estimators, base models are usually well-
calibrated



13Confidential

As a result, err will be high
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• Models are post-trained, often with the aim of achieving high benchmark performance

• Most benchmarks use binary grading. Therefore, like in human exams, guessing will always be superior to abstaining from an 
answer.

Post-training further promotes errors
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FactScore

1. Evaluating the factuality of long-form text generated by large language models (LMs) is nontrivial because:

▪ generations often contain a mixture of supported and unsupported pieces of information, making binary judgments inadequate

▪ Human evaluation is time-consuming and costly

1. FACTSCORE

▪ breaks a generation into a series of atomic facts and computes the percentage of atomic facts supported by a reliable source

▪ ChatGPT only achieves 58%
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Estimating FactScore for Automatic Evaluation

1. Our estimator of FACTSCORE first (i) breaks a generation into a series of atomic facts and then (ii) validates each against the given 
knowledge source

▪ No-context LM: uses <atomic-fact> True or False?

▪ Retrieve→LM

▪ Nonparametric Probability (NP): averages probabilities over all tokens, and makes a prediction based on thresholding

▪ Retrieve→LM + NP

2. Finding: Using retrieval is consistently better than No-context LM
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Results

1. All LMs are substantially less factual than humans

2. GPT-4 and ChatGPT are comparable in factual precision

3. There is a clear correlation between the model size and 
factual precision

4. Within public models, there are large gaps in factual 
precision even when the model size is similar:

▪ Possible factors include the choice of the base LM, the 
data, and the training recipe 
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Retrieval-Augmented Generation

1. Premise:

▪ LLM ability to access and precisely manipulate knowledge is still limited on knowledge-intensive tasks, their performance lags 
behind task-specific architectures

2. RAG models where the parametric memory is a pre-trained seq2seq model and the non-parametric memory is a dense vector index 
of Wikipedia

3. For language generation tasks, we find that RAG models generate more specific, diverse and factual language than a state-of-the-art 
parametric-only seq2seq baseline.
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Retrieval-Augmented Generation



29Confidential

Retrieval-Augmented Generation
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Retrieval-Augmented Generation
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Retrieval-Augmented Generation
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Chain-of-Verification

1. Premise:

▪ Generation of plausible yet incorrect factual information, termed hallucination, is an unsolved issue in large language models

2. We develop the Chain-of-Verification (COVE) method whereby the model first

(i) drafts an initial response; then 

(ii) plans verification questions to fact-check its draft; 

(iii) answers those questions independently so the answers are not biased by other responses;

(iv) generates its final verified response
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Conclusion

• Hallucinations arise naturally due to statistical pressures during pre-training and are rewarded by most benchmarks

• A variety of mitigation approaches exist

• However, so far there is no fundamental solution of the issue
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