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When is a QA model using your sources?
Entity Substitution Framework

Why So Gullible? Enhancing the Robustness of Retrieval-Augmented Models Against Counterfactual Noise (Hong et al., 2024)



When is a QA model using your sources?

Chang, Yingshan, et al. "Webqa: Multihop and multimodal qa." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.



Retrieval Performance Impacts QA



Query Complexity vs QA performance



Task and Dataset

• Given a question Q
• Retrieve Positive Sources Si relevant to Q

from a set of

• Text Sources 

• (Image, Caption) Sources

• Generate fluent answers from retrieved 
sources

Chang, Yingshan, et al. "Webqa: Multihop and multimodal qa." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

“WebQA was created to drive the research progress in multihop, multimodal question answering, 
which would bridge the gap between the natural language and vision community”



Zero-shot Prompting GPT-4o



● Stage 1: multimodal fusion
● Stage 2: multihop fusion
● Contribution: model takes variable 

number of inputs (max of 4)
● Model builds on VoLTA
● We pair this with a pretrained retriever 

(Uni-VLDR)

Custom Finetuned QA Model



VoLTA: Vision-Language Transformer with
Weakly-Supervised Local-Feature Alignment

https://arxiv.org/pdf/2210.04135https://arxiv.org/abs/1610.02391



Results: Finetuned vs Zero-shot GPT-4o



Retrieval augmented systems (RAG) are less prone to 
memorization based hallucinations,
With carefully filtered data sources (e.g. John Backflip)



Next time…

• How do LLM hallucinations relate to model generalization and specialization?

• How can we address the limitations of existing datasets (such as WebQA) used 
for training LLMs?


	Slide 1: Memorization, Generalization, and Specialization in LLMs
	Slide 2: When is a QA model using your sources? Entity Substitution Framework
	Slide 3: When is a QA model using your sources?
	Slide 4: Retrieval Performance Impacts QA
	Slide 5: Query Complexity vs QA performance
	Slide 6: Task and Dataset
	Slide 7: Zero-shot Prompting GPT-4o
	Slide 8: Custom Finetuned QA Model
	Slide 9: VoLTA: Vision-Language Transformer with Weakly-Supervised Local-Feature Alignment
	Slide 10: Results: Finetuned vs Zero-shot GPT-4o
	Slide 11: Retrieval augmented systems (RAG) are less prone to memorization based hallucinations, With carefully filtered data sources (e.g. John Backflip)
	Slide 12: Next time…

