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Author Questionnaire 
1. We have marked your project as author-provided footage, meaning you film the video yourself and provide JoVE with the footage to edit. JoVE will not send the videographer. Please confirm that this is correct. 
√ Correct 

2. Interview statements: Which interview statement filming option is the most appropriate for your group? Please select one.


☒ 	Interview Statements are read by JoVE’s voiceover talent. 



Current Protocol Length

Number of Steps:  08
Number of Shots:  18 (18 SC) 

Introduction 

Authors: Please note that the questions will not appear on screen. Please answer in stand-alone full sentence with sufficient context.

INTRODUCTION:
REQUIRED: Summarize your research focus and the main questions it aims to answer.
1.1. This study uses the Entity Hallucination Index as a reward signal to reduce incorrect entity generation in AI-summarized text.
1.1.1. B roll: 2.2.1

Describe the research gap or limitation in existing methods and how this protocol addresses them.
1.2. Current metrics are too coarse; this protocol employs fine-grained entity rewards to improve factuality without human labels.
1.2.1. B roll: 2.5.1


CONCLUSION:
What does this protocol allow researchers to study or measure?
1. 
1.1. 
1.2. 
1.3. 
1.3., Researchers can measure entity-level faithfulness and hallucination rates in summaries using the automated EHI reward signal.
1.3.1. B roll: 2.6.1


Describe the most important consideration or challenge when performing this protocol.
1.4. The most critical challenge is NER accuracy, as extraction errors can propagate into incorrect reward calculations during training.
1.4.1. B roll: 3.2.1


How can future studies build on this work? Describe the questions or research directions that can be investigated next.
1.5. Future studies can integrate coreference resolution and informativeness rewards to better balance faithfulness with summary coverage.
1.5.1. B roll: 3.3.1




Protocol  
2. Fine-Tuning Large Language Models 
Demonstrator: Praveenkumar Katwe

2.1. To begin, use two primary corpora, including a dialogue transcription dataset of multi-turn meeting transcripts and the XSUM news summarization benchmark [1]. Clean each dataset, flatten the data [2], and partition it into 80 percent training, 10 percent validation, and 10 percent test sets [3].
2.1.1. SCREEN: PROTOCOL_EHI.MP4   1:05 -  01:10
2.1.2. SCREEN: PROTOCOL_EHI.MP4   02:04- 02:08
2.1.3. SCREEN: PROTOCOL_EHI.MP4   02:57- 03:02  

2.2. Perform tokenization and entity extraction using a transformer-based NER model dslim (D-slim) slash bert-base-NER to ensure robust grounding [1].
2.2.1. SCREEN: PROTOCOL_EHI.MP4   01:10-01:12 and 02:05-02:08

2.3. Generate initial summaries in zero-shot mode using beam search with a width of 4 to estimate baseline hallucination prevalence [1].
2.3.1. SCREEN: PROTOCOL_EHI.MP4   01:14-01:15; 03:00-03:07

2.4. Compute the Entity Hallucination Index as a reference-free, entity-level metric that categorizes entities into five factors to quantify faithfulness [1]. Reward Extractiveness and Positive Hallucinations, and penalize Negative Hallucinations, Overfocused Entities, and Lost Focus [2].
2.4.1. SCREEN: PROTOCOL_EHI.MP4   00:17-00:20 
2.4.2. SCREEN: PROTOCOL_EHI.MP4   00:48-00:50 Video editor: Highlight parts = np.aaray([PH, EF, NH, OF, LF], dtype=np.float64)

2.5. Define the reward function to be proportional to entity faithfulness and maximize the expected EHI reward across generated summaries [1].
2.5.1. SCREEN: PROTOCOL_EHI.MP4   00:44-00:47

2.6. Apply a REINFORCE (re-in-force)-style update mechanism to optimize model parameters toward maximizing entity faithfulness [1]. Use Low-Rank Adaptation to enable parameter-efficient fine-tuning [2], and update only the LoRA adapters while keeping the base model weights frozen [3].
2.6.1. SCREEN: PROTOCOL_EHI.MP4   00:04-00:15
2.6.2. SCREEN: PROTOCOL_EHI.MP4   00:16-00:20
2.6.3. SCREEN: PROTOCOL_EHI.MP4   00:21-00:30

2.7. Then, apply policy gradient updates to encourage higher-reward outputs [1], and regenerate summaries for every 500 updates to refresh reward estimates [2].
2.7.1. SCREEN: PROTOCOL_EHI.MP4    01:19-01:22
2.7.2. SCREEN: PROTOCOL_EHI.MP4   02:11-02:13 and 03:04-03:06

2.8. Finally, generate final summaries using the fine-tuned models and compare them against baseline results [1]. Evaluate models for informativeness using ROUGE-1, ROUGE-2, and ROUGE-L [2], fluency [3], and factual consistency using FactCC and QAGS [4].
2.8.1. SCREEN: PROTOCOL_EHI.MP4   01:22-01:26
2.8.2. SCREEN: PROTOCOL_EHI.MP4    02:10
2.8.3. SCREEN: PROTOCOL_EHI.MP4   03:07-03:09



Results
3. Results 

3.1. EHI fine-tuning reduced hallucinations and improved factuality across models and datasets [1], with rightward shifts in EHI [2] and Fact-CC distributions confirming increased entity faithfulness and factual consistency [3], while QAGS scores remained largely unchanged [4].

3.1.1. LAB MEDIA: Figure 5 and 7. 
3.1.2. LAB MEDIA: Figure 5. Video editor: Highlight the 3 curves corresponding to “after” in the legend
3.1.3. LAB MEDIA: Figure 7. Video editor: Highlight the 3 curves corresponding to “after” in the legend.
3.1.4. LAB MEDIA: Figure 8, Figure 12. 

3.2. The harmful hallucination types of negative, over-focus, and lost focus were reduced in Mistral after fine-tuning [1], while the extractiveness factor almost doubled [2].

3.2.1. LAB MEDIA: Table 9. Video editor: Highlight the “after” column values for negative hallucination, over-focus, and lost focus rows.
3.2.2. LAB MEDIA: Table 9. Video editor: Highlight the “after” column for extractiveness factor row.

3.3. Correlation analysis showed EHI and QAGS had a weak correlation in Mistral and DistilBART (distil-bart) [1], but Flan-T5 showed a stronger positive correlation [2].

3.3.1. LAB MEDIA: Table 10. Video editor: Highlight the QAGS column values for Mistral and DistilBART rows.
3.3.2. LAB MEDIA: Table 10. Video editor: Highlight the Flan-T5 row showing 0.1 correlation for QAGS column.
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