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INTRO QUD FRAMEWORK

Many students use large language models (LLMs) as part of their (1) [WUmID Wt e s Sk e oo i’ |
writing process, but the impact on learning and comprehension L IFEGSNAEN) SSRNNR . TRV ) SR TP

remains unclear. We aim to identify where LLMs can provide | LGN U S W R TATINON S s

support without diminishing the learner’s active reasoning and skill

development.

v Answer compatibility: the answer sentence answers the QUD

v Givenness: QUD does not contain new concepts beyond anchor and context

v Relevance: reader could ask this after seeing anchor (QUD grounded in $1)

QUD (2,3) What does Glenn say about the situation?

We leveraged Question Under Di.scussion (QUD) to provide targeted, g, | ADearCosann i | 7 oUD s
guestion-based feedback that guides students to reason through -

QUD (1,5) What does the report say is the reason for the export ban?
their summaries to find missing content, without relying on the Jlang. X Answerincompatible: X Hallucination: ~ QUD is partially
model to generate dNSWers.

reason for ban missing  ban not in S1 grounded in S1
QUD (1,6) What is missing in the report?

v Lang. v Answer X Answer leakage: ~ QUD is partially
compatible “missing” is not given grounded in S1
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CONCLUSION & ONGOING WORK

*»* Analysis of ~118 questions over 10 articles showcased a statistically significant correlation between Al-predicted significance and human
ratings.

** Per-article correlation varied (-0.47 to 0.72) but showcased positive relationships in 80% of the articles.

*** The variation suggests the proposed method is feasible but requires refinement to better capture meaningful aspects of human judgement.

** There are at least 7 more potential tool evaluations we can do

** We would like to train our own summarization model

¢ Testing the confidence threshold of the system might give us insights into comparing the summaries more accurately and efficiently



