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Tutorial Schedule

Time Section

09:00 - 09:10 Section 1: Introduction

09:10 - 09:45 Section 2: Hallucination Detection/Mitigation

09:45 - 10:40 Section 3: Hallucination Types

10:40 - 11:00 Coffee break

11:00 - 11:25 Section 4: Measuring Hallucination

11:25 - 11:45 Section 5: Multimodal Hallucination 

11:45 - 12:30 Section 6: Open challenges

12:30 - 13:00 Q & A Session



Tutorial Resources

The tutorial slides and resources are available at 
https://vr25.github.io/lrec26-hallucination-tutorial/

Q&A
● Remote attendees on Zoom have the option to type in the chat, and one 

of the instructors will moderate the discussion.
● Longer Q&A/discussion/debate will be at the end.

https://vr25.github.io/lrec26-hallucination-tutorial/


What is hallucination?



Deception is an inherent aspect of social interactions, with research indicating that 
most people engage in at least once or twice daily!

https://docs.google.com/file/d/1fmAlYYFpdwTV5YADeSvopi36VBxRCQeU/preview
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“AI Is Incredibly Smart 

and Shockingly Stupid” 

– Yejin Choi 
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● Katherine Lee, Orhan Firat, Ashish Agarwal, Clara Fannjiang, and David Sussillo. Hallucinations in neural machine 
translation. 2018

● Joshua Maynez, Shashi Narayan, Bernd Bohnet, and Ryan McDonald. 2020. On Faithfulness and Factuality in 
Abstractive Summarization. ACL, 2020.

https://aclanthology.org/2020.acl-main.173/
https://aclanthology.org/2020.acl-main.173/
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https://docs.google.com/file/d/1ZZT5vTtugQLdmgoNMXeZND9XTU5HUiKB/preview
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https://docs.google.com/file/d/1Pjrt_3MomHCDuIuS0FLt0Mx3kRmPFgbt/preview
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Evolution of Hallucination: 2022 - 2024

17
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Evolution of Hallucination: 2022 - 2024
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Evolution of Hallucination: 2022 - 2024
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Evolution of Hallucination: 2022 - 2024
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Evolution of Hallucination: 
2022 - 2024



Mistake Agency
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https://arxiv.org/pdf/2309.05922

https://arxiv.org/pdf/2309.05922
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Related Work



Detection
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- What:

● SelfCheckGPT is a zero-resource approach designed to 
detect hallucinations in LLM-generated responses. 

● The key idea is to use sampling-based methods to evaluate 
the consistency of generated responses without relying on 
external databases.

● By providing an effective hallucination detection method, 
SelfCheckGPT aims to enhance the reliability and 
trustworthiness of LLM outputs, especially in scenarios 
where access to the model's internal states or external 
databases is not feasible. SelfCheckGPT is thus a type of 
black-box method.

SelfCheckGPT

28
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AUC-PR for sentence-level detection tasks. Passage-level ranking 
performances are measured by Pearson correlation coefficient and 
Spearman’s rank correlation coefficient w.r.t. human judgements. 

Experimental Results

29

- How:

● SelfCheckGPT leverages the simple idea that if an LLM has 
knowledge of a given concept, sampled responses are likely 
to be similar and contain consistent facts.

● However, for hallucinated facts, stochastically sampled 
responses (i.e., token sampling methods such as 
top-p/top-k sampling or beam search, adjusting the softmax 
temperature, etc.) are likely to diverge and contradict one 
another.

- So What:

● SelfCheckGPT can effectively detect hallucinated sentences 
with higher accuracy compared to several baseline 
methods.

● SelfCheckGPT's prompting method achieved the highest 
performance in detecting non-factual sentences.

● The approach is applicable to black-box models, making it 
versatile for various LLMs accessed via APIs.

● Empirical results show that SelfCheckGPT outperforms 
grey-box methods, proving its effectiveness in both 
sentence-level and passage-level hallucination detection 
tasks.
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FACTScore

30

- What:

● FACTScore measures the factual accuracy of text 
generated by LLMs.

● Breaks down generated text into atomic facts and 
calculates the percentage supported by reliable sources.

● Provides a fine-grained evaluation compared to binary 
judgments of quality.

● FACTScore addresses the need for a more precise 
assessment method since generated texts often mix 
supported and unsupported information.
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- How:

● Defines an atomic fact as a short sentence with a 
single piece of information.

● Uses biographies for evaluation due to their objective 
nature and diversity.

● Employs an automated estimator to break text into 
atomic facts and validate against a knowledge source.

● Evaluates state-of-the-art LMs like InstructGPT, 
ChatGPT, and PerplexityAI using Generalizable 
T5-based Retrievers for passage retrieval.

FACTScore
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- So What:

32

FACTScore

● Legend:
○ No-context. Feed LLM just the prompt input <sentence>
○ Retrv→LM. Use a passage retrieval system to find supporting evidence from an external 

knowledge source (Wikipedia in this case).
○ + Atomic Facts. Adding atomic facts and their labels. Specifically, after the input sentence they 

add information to the prompt of the form: 
Fact 1 (True/False): <atomic fact 1> 
Fact 2 (True/False): <atomic fact 2>...
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G-Eval

33

- What:

● G-Eval is a framework using LLMs with chain-of-thoughts 
(CoT) and a form-filling paradigm to assess the quality of 
natural language generation (NLG) outputs.

● G-Eval seeks to improve the correlation between 
automatic NLG evaluation metrics and human judgments, 
especially for creative and diverse tasks where 
conventional metrics like BLEU and ROUGE fall short.
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- How:

● Task Introduction and Evaluation Criteria: Input these 
to the LLM.

● Generate CoT: The LLM generates a chain-of-thoughts 
outlining detailed evaluation steps.

● Form-Filling Paradigm: Use the prompt and generated 
CoT to evaluate NLG outputs systematically.

● Final Score Calculation: Use probability-weighted 
summation of the output scores.

- So What:

● Performance: G-Eval with GPT-4 achieves a Spearman 
correlation of 0.514 with human judgments on the 
summarization task, outperforming previous methods.

● Preliminary Analysis: Identifies potential bias of 
LLM-based evaluators towards LLM-generated texts.

G-Eval

G-Eval prompt to evaluate hallucinations.
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- So What?

● ReDeEP outperforms many hallucination detection baselines across RAGTruth, Dolly (AC), and multiple LLaMA models. 

ReDeEP

35

- What:

● ReDeEP detects hallucinations in RAG systems when the retrieved context is 
correct, but the model’s answer still conflicts with it. It does this by separating 
the model’s use of external retrieved context from its internal parametric 
knowledge.

● RAG reduces hallucinations, but does not eliminate them. Models can ignore 
correct retrieved evidence and rely on internal memory instead. Existing 
detectors often mix these signals, making hallucinations harder to identify. 

- How:

● Background:
○ Copying Heads are attention heads whose Output-Value circuits, the part of an attention head that transforms the attended token information 

into the update added back to the model’s residual stream, tend to copy information from earlier tokens into the current residual stream.
○ Put simply, Copying Heads help carry retrieved-context information forward into the generated answer; boosting them makes the model more 

likely to preserve and use evidence from the retrieved document instead of drifting toward unsupported parametric memory.
● The paper uses mechanistic interpretability to define two scores: an External Context Score, based on whether Copying Heads preserve retrieved 

information, and a Parametric Knowledge Score, based on how much FFN layers inject internal knowledge. ReDeEP flags hallucinations when 
external-context use is low and parametric-knowledge use is high.

● ReDeEP identifies Copying Heads. For each generated token, it checks which retrieved-context tokens these heads attend to, then measures whether 
the final hidden state remains semantically close to that attended context. Low Copying Head context retention suggests the model is failing to use 
retrieval, while high Feed-Forward Network-induced distribution shift suggests it is falling back on parametric memory.
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Related Papers
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● Guerreiro, Nuno M., Elena Voita, and André FT Martins. "Looking for a needle in a haystack: A comprehensive 
study of hallucinations in neural machine translation." EACL 2023.
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- What:

● Reduce hallucinations in conversational AI models by using retrieval augmentation.
● Integrating a neural-retrieval-in-the-loop architecture to improve the factual accuracy 

and coherence of responses in knowledge-grounded dialogue systems. 

38

Retrieval Augmentation Reduces Hallucination in Conversation

- So What?

● State-of-the-Art Performance: The best models achieved state-of-the-art performance on knowledge-grounded conversational tasks, such as Wizard 
of Wikipedia and CMU Document Grounded Conversations.

● Reduction in Hallucination: Human evaluations confirmed a substantial reduction in hallucinated responses by over 60%. Knowledgeability metric 
gains were 70% for in-distribution data and 85% for out-of-distribution data.

- How:

● Architectures Explored: The study explores various architectures combining retrievers, rankers, and encoder-decoders.
● Retrieval-Augmented Generation (RAG): Utilizes Dense Passage Retriever (DPR) and incorporates retrieval scores into the generation process, 

allowing the model to retrieve relevant documents from a large corpus.
● Fusion-in-Decoder (FiD): Retrieves documents, encodes them independently, and combines their outputs before decoding, allowing the model to 

attend to multiple documents simultaneously.
● Iterative Retrieval: Enhances retrieval through repeated querying, improving the model's ability to find relevant knowledge across multiple dialogue 

turns.
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- What:

Given an input, we iteratively generate sentences from the model and actively detect and mitigate 
hallucinations. 

- How:

Detection:

● Identify the important concepts and calculate model’s uncertainty on them.
● Validate the correctness of the uncertain concepts by retrieving relevant knowledge. 

Mitigation:

● Repair the hallucinated sentence using the retrieved knowledge as evidence.
● Append the repaired sentence to the input (and previously generated sentences) and continue 

generating the next sentence. 

39

A Stitch in Time Saves Nine: Detecting and Mitigating Hallucinations of LLMs by Validating 
Low-Confidence Generation

- So What?

● This method not only mitigates current hallucination but also prevents its propagation in the 
subsequently generated sentences.

● Comparing percentage of hallucinations (on the ‘article generation task’) in the 
output of GPT-3.5 (text-davinci-003) and the proposed active detection and 
mitigation approach.
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Chain-Of-Verification (CoVe) Reduces Hallucination

- What:

● CoVe is a prompt-based method that reduces inaccuracies in LLMs' responses by 
verifying individual facts through structured questioning.

- How:

Baseline Response Generation:

● LLM generates an initial response to a user query, which may contain inaccuracies.

Verification Plan:

● CoVe generates a set of verification questions to check the accuracy of the baseline 
response.

Execution of Verification:

● Answer each verification question individually.
● Check for agreement and accuracy of the facts.

40
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● Legend
○ Joint: Planning and execution are accomplished by using a 

single LLM prompt.
○ Two-step: Separate the planning and execution into separate 

steps, both with their own LLM prompt. To avoid hallucination 
for verification questions similar to the original baseline 
response.

○ Factored: The factored version of CoVe answers verification 
questions such that they cannot condition on the original 
response, avoiding repetition and improving performance.

Chain-Of-Verification (CoVe) Reduces Hallucination

- So What:

● Improved Accuracy:
○ Individual verification questions show 

higher accuracy than the initial response.
● Reduced Hallucinations:

○ Significant reduction in factual 
hallucinations.

● Enhanced Performance:
○ Factored CoVe improves overall 

performance by avoiding repetition and 
ensuring independent verification.

● Reliability:
○ Final responses are more reliable and 

factually accurate.

41

Test Precision and average number of positive and negative 
(hallucination) entities for list-based questions on the Wikidata and 

Wiki-Category list tasks.
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- What:

● HaluSearch is an inference-time framework for reducing hallucinations in LLMs 
by making generation more deliberate. Instead of producing one answer directly, 
it treats each sentence as a reasoning step and searches for a more reliable 
generation path.

● Standard auto-regressive generation is “fast thinking” and can accumulate errors. 
Even prompt-based methods like Chain-of-Thought or Self-Refine still mostly 
operate at the response level, so they may miss or preserve earlier mistakes. 
HaluSearch aims to reduce hallucinations by checking and guiding generation 
step by step.  

42

Think More, Hallucinate Less: Mitigating Hallucinations via Dual Process of Fast and Slow 
Thinking

- So What?

● HaluSearch outperforms direct generation, Chain-of-Thought, Self-Consistency, Best-of-N, Self-Refine, and Inference-Time Intervention across English 
and Chinese hallucination benchmarks. The paper shows that slow, reward-guided step-level search can improve factuality, while the system-switch 
mechanism helps trade off accuracy and inference cost.

- How:

● HaluSearch uses Monte Carlo Tree Search, where each node is a generated sentence. The model expands multiple possible next sentences, rolls out 
possible completions, scores them with a self-evaluation reward model, and backpropagates those scores to choose the best path. It also uses a 
dynamic switch between System 1, fast direct generation, and System 2, slower tree-search reasoning, at both the question level and the individual 
reasoning-step level. 
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Related Papers
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● Shuster, Kurt, et al. "Retrieval augmentation reduces hallucination in conversation.", EMNLP 2021.

● Varshney, Neeraj, et al. "A stitch in time saves nine: Detecting and mitigating hallucinations of llms 
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● Dhuliawala, Shehzaad, et al. "Chain-of-verification reduces hallucination in large language models." 
arXiv preprint arXiv:2309.11495 (2023).
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Name-Nationality

An article and generated 
summary from BART model 
trained on XSum dataset. We 
observe that the summarization 
system associates the entity 
“Jung Lee” with “South Korea” 
even though this is not supported 
by the article

46

Ladhak, Faisal et al. “When Do Pre-Training Biases Propagate to Downstream Tasks? A Case Study in Text Summarization.” 
Conference of the European Chapter of the Association for Computational Linguistics (2023).
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Hallucination Taxonomy

47

Rawte, Vipula, et al. "The troubling emergence of hallucination in large language models-an extensive definition, quantification, and prescriptive remediations." 
Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing. 2023.
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Factual Mirage and Silver Lining 

48
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Hallucination Categories

49
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Hallucination Categories

50
Alansari, A. and Luqman, H., 2026. Large language models hallucination: A comprehensive survey. Computer Science Review, 61, p.100970.
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Hallucination Categories

51

Ravichander, Abhilasha, et al. "Halogen: Fantastic llm hallucinations and where to find them." Proceedings of the 63rd Annual Meeting of the Association 
for Computational Linguistics (Volume 1: Long Papers). 2025.

Type A:
Correct fact exists in training data, but the model still hallucinates. For example, incorrect senator 
educational affiliations even though correct info exists in training data



Image Hallucination
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Image-to-Text

Rawte, Vipula et al. “Defining and Quantifying Visual Hallucinations in Vision-Language Models.” Proceedings of the 5th Workshop on Trustworthy NLP 
(TrustNLP 2025) (2025): n. pag.
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Image-to-Text



Hallucinations in Large Multimodal Models © 2026 by Vipula Rawte, Aman Chadha, Amit Sheth and Amitava Das 55

Image-to-Text
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VHTest

56
Huang, Wen, et al. "Visual hallucinations of multi-modal large language models." Findings of the Association for Computational Linguistics: ACL 2024.
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MetaToken

57

https://arxiv.org/pdf/2405.19186



Video Hallucination
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Omission Error

An airport runway with a large 
plane and cars parked on one side

59

Wooden cabinetry in a blue kitchen 
with white appliances

Rawte, Vipula, et al. "Vibe: A text-to-video benchmark for evaluating hallucination in large multimodal models." Proceedings of the 5th Workshop on 
Trustworthy NLP (TrustNLP 2025). 2025.

https://docs.google.com/file/d/13AdHL80CeoVK_L6B76SYex_VD3c8qVL4/preview
https://docs.google.com/file/d/12YVgxAeXjL9szlBWNfsJlG1qsoiFAmCm/preview
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Numeric Variability

7 jars full of grain with rotten 
bananas hanging over them

60

Two people on their 
surfboards in rough water

https://docs.google.com/file/d/1OXo6eI6ig7-krMZ-rwmaFiK7b3vHY_Gl/preview
https://docs.google.com/file/d/1rf4SXln-yyVL_f-CeeKlZSdQxjLGE1Ws/preview
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Temporal Dysmorphia

Skateboarder and blue shirt and 
black jeans jumping on his board

61

A man in athletic wear swings a 
tennis racket through the air

https://docs.google.com/file/d/1Gl-KQG_WDdHM1RfkOZW3uKl2jxSJhMc1/preview
https://docs.google.com/file/d/1U28kxHbEvdCoe3FY92iT0ZP9b2DqK21P/preview
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Physical Incongruity

Series of lights coming off of two 
passenger trains in opposite at night

62

An animal that is walking in 
a crowd of people

https://docs.google.com/file/d/1Wb9KTIEQ1Apy1L3v5nnsyvP6jMuWRtng/preview
https://docs.google.com/file/d/146Dvna6b1APfQRNYbWOOpiW5hKm1UJ_f/preview
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Vanishing Subject

A couple of guys are 
playing a soccer game

63

Slices of orange are 
arranged on a plate

https://docs.google.com/file/d/13ZimGC8OwB_OBvlT3Y2LFawISfGdphjN/preview
https://docs.google.com/file/d/1bpMqHEEKnLRg7hM7H1eWCMu2uy4mO6fD/preview
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VideoHallu

64

Li, Chaoyu, Eun Woo Im, and Pooyan Fazli. "Vidhalluc: Evaluating temporal hallucinations in multimodal large language models for video understanding." 
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2025.
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Dr.V : A Hierarchical Perception-Temporal-Cognition Framework 

69

Li, Chaoyu, Eun Woo Im, and Pooyan Fazli. "Vidhalluc: Evaluating temporal hallucinations in multimodal large language models for video understanding." 
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2025.
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Sora Detector

70

https://arxiv.org/pdf/2405.04180



Quantify Hallucination
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Hallucination Vulnerability Index (HVI)

72
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Galileo’s LLM Hallucination Index
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Vectara’s LLM Hallucination Rate
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Entity-Context Divergence (ECD) ≈ Factuality
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Before RADIANT

10

8

11
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After RADIANT epoch x

10

8

4
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After RADIANT epoch final

13

5

3
# Common Entities: 10 -> 10 -> 13

# Missing Entities: 8 -> 8 -> 5
# Extra Entities: 11 -> 4 -> 3
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Entity-Context Divergence (ECD)

91

Cr    retrieved context
Cg   AI-generated content
Wr  set of words within a window of size w around e in Cr
Wg set of words within a window of size w around e in Cg
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This plot visualizes the distribution of entity-context divergence by comparing 
missing entities (green region) and extra (hallucinated) entities (blue region) in 
AI-generated content. The dotted vertical lines denote the divergence peaks: extra 
entities at -11.69 (blue) and missing entities at 12.17 (green), highlighting the 
degree of entity-context drift in RAG.

Illustration of the RADIANT training objective in a RAG setup. The 
green and blue zero-centered curves demonstrate significantly 
reduced peak magnitudes - indicating minimized ECD - compared to 
the baseline behavior.
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(i) (iii)

(ii) (iv)
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Multimodal Hallucination 
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https://deepgram.com/learn/whisper-v3-results 

http://www.youtube.com/watch?v=fj_MkZPfa40
https://deepgram.com/learn/whisper-v3-results
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http://www.youtube.com/watch?v=lfbImB0_rKY
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http://www.youtube.com/watch?v=TzfZIaOdx3U
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Open Challenges
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Tug-of-War Between Knowledge: Exploring and Resolving 
Knowledge Conflicts in Retrieval-Augmented Language Models

109

● We find that stronger Retrieval-augmented language models 
(RALMs) emerge with the Dunning-Kruger effect, 
persistently favoring their faulty internal memory even when 
correct evidence is provided.

● Besides, RALMs exhibit an availability bias towards 
common knowledge.

● Moreover, we find that RALMs exhibit confirmation bias, and 
are more willing to choose evidence that is consistent with 
their internal memory.

https://aclanthology.org/2024.lrec-main.1466.pdf 

https://aclanthology.org/2024.lrec-main.1466.pdf
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Does Fine-Tuning LLMs on New Knowledge 
Encourage Hallucination?
● Authors demonstrate that large language models struggle to acquire new 

factual knowledge through fine-tuning, as fine-tuning examples that introduce 
new knowledge are learned significantly slower than those consistent with the 
model’s knowledge.

● However, authors also find that as the examples with new knowledge are 
eventually learned, they linearly increase the model’s tendency to hallucinate. 

https://arxiv.org/pdf/2405.05904

110

https://arxiv.org/pdf/2405.05904
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LoRA Learns Less and Forgets Less

111

● This study aimed to compare LoRA to 
full fine-tuning on two different target 
domains: programming and 
mathematics.

● Moreover, the authors also compared 
instruction fine-tuning and continued 
pre-training scenarios.

https://arxiv.org/pdf/2405.09673 

https://arxiv.org/pdf/2405.09673
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Long-context LLMs Struggle with Long In-context Learning

112

● Finds that after evaluating 13 long-context LLMs on long in-context learning the LLMs perform relatively 
well under the token length of 20K. However, after the context window exceeds 20K, most LLMs except 
GPT-4 will dip dramatically.

● "Further analysis revealed a tendency among models to favor predictions for labels presented toward the 
end of the sequence."
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Linear Regression also hallucinates!

113

Every miscalibrated 
model (and most of 

models are 
miscalibrated) that 

over confidently 
predicts something 

with confidence 
exceeding its actual 

accuracy is well 
hallucinating.



Mistake Agency









https://docs.google.com/file/d/1K8FQRVOKPx9zP204XRs4yEybDgMQPSFq/preview










https://docs.google.com/file/d/159m5t8OWx8VyzIkSPuN81E2pWRGS1xb_/preview
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https://docs.google.com/file/d/1oP69sbyGjkDNLqqSqvV2_8zKn1CgF3gV/preview


Hallucinations in Large Multimodal Models © 2026 by Vipula Rawte, Aman Chadha, Amit Sheth and Amitava Das

Is hallucination always bad?

134

https://www.washingtonpost.com/opinions/2023/12/27/artificial-intelligence-hallucinations/

https://www.washingtonpost.com/opinions/2023/12/27/artificial-intelligence-hallucinations/
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Can AI hallucinations be eliminated? 

135
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Key Takeaways

● Categorization
○ Intrinsic vs. Extrinsic [1], Factual vs. Non-Factual [2], Name-Nationality [3], Factual mirage vs. Silver lining [4]

● Dataset
○ HaluEval [5], Hallucinations Leaderboard [6], HELMA [7], HiLT [4]

● Quantification
○ Galileo’s LLM Hallucination Index [8], Vectara Factual Consistency Score [9], HVI [4], HVI_auto [10]

● Detection
○ SelfChekGPT [11], HALO [12], Validating Low-Confidence Generation [13]

● Avoidance
○ SCA [14]

● Mitigation
○ RARR [15], Validating Low-Confidence Generation [13]

● Open Challenges
○ RAG, longer context limitation, knowledge conflict, text-to-image, image-to-text, text-to-video, video-to-text, 

speech
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