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What are QUDs?
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What are Questions under Discussion?

- introduced by Roberts (1996/2012) 
analyses discourse through ordered (explicit 
or implicit) current questions raised by the 
context

- Aim: Answering the “big question”: 
What is the way things are?
Subquestions create hierarchical (tree) 
structure.

- very nuanced annotations with visible subtle 
differences due to ‘free form’ annotations; 
however, also highly subjective and 
susceptible to HLV
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π1: Max had a lovely evening.
π2: He had a great meal.
π3: He ate salmon.
π4: He devoured cheese.
π5: He won a dancing competition.

Riester (2019)



How are QUDs annotated?

Most well known and extensive guidelines are by Riester 
et al. (2018):

- for each text segment a QUD is formulated 
following three principles:

- Q-A-Congruence:
“QUDs must be answerable by the assertion(s) that 
they immediately dominate.”

- Maximize-Q-Anaphoricity:
“Implicit QUDs should contain as much given 
material as possible.” 

- Q-Givenness:
“Implicit QUDs can only consist of given (or, at 
least, highly salient) material.”
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π1: Max had a lovely evening.
π2: He had a great meal.
π3: He ate salmon.
π4: He devoured cheese.
π5: He won a dancing competition.

Riester (2019)



How to compare QUD annotations?

- QUDs mostly compared in terms of structure and segmentation (e.g. De Kuthy et al. 
2018, Namuduri et al. (2025), Wu et al. (2023)); approaches largely disregard QUD 
similarity (Deck et al. upcoming)

- currently no good method for comparing QUD annotations (assessing parses) 

Deck et al. (upcoming) developed a method for integrating question similarity analysis 
into QUD annotation comparisons → only tested on two text types and with a gold 
standard segmentation 

RQ1: (How) can we extend the method proposed by Deck et al. (upcoming) for 
annotation with different segmentations?

RQ2: How can we identify areas of high variability?
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How to compare QUD annotations?

- QUDs mostly compared in terms of structure and segmentation (e.g. De Kuthy et al. 
2018, Namuduri et al. (2025), Wu et al. (2023)); approaches largely disregard QUD 
similarity (Deck et al. upcoming)

- currently no good method for comparing QUD annotations (assessing parses) 

Deck et al. (upcoming) developed a method for integrating question similarity analysis 
into QUD annotation comparisons → only tested on two text types and with a gold 
standard segmentation 

Aim: Extend the method proposed by Deck et al. (upcoming) 
for annotation with different segmentations
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Comparing QUD 
Annotations
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Methodology
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Comparing QUDs (Deck et al. upcoming):
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Similar QUDs

Prior She picks the lock to Mrs Simpson’s room.

QUD ● Has Susie been to Mrs Simpson's 
room before?

● Has Susie been in the room before?
● Has Susie ever been in Mrs Simpson's 

room before?

Post Susie’s in there every week to clean

Sim. 
all-mpnet-base-v2 

0.89



Comparing QUDs (Deck et al. upcoming):
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Similar QUDs Dissimilar QUDs

Prior She picks the lock to Mrs Simpson’s room. A single flake of dead skin can ruin a 
microchip.  

QUD ● Has Susie been to Mrs Simpson's 
room before?

● Has Susie been in the room before?
● Has Susie ever been in Mrs Simpson's 

room before?

● What about the factory?
● Why is scrubbing her face an issue 

for Susie?
● How does that constitute a discomfit?

Post Susie’s in there every week to clean But the factory is also vacuum-dry and she 
(Susie) has to moisturise often.

Sim. 
all-mpnet-base-v2 

0.89 0.08



How to compare QUD annotations?

Aim: adjust method developed by Deck et al. (upcoming) for annotations with differing 
segmentations and use it on a larger dataset

- since QUD trees follow a hierarchical structure, all segments in a given branch are (partial) 
answers to the governing question → allows us to align segmentations 
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Riester (2019)



How to compare QUD annotations?

Aim: adjust method developed by Deck et al. (upcoming) for annotations with differing 
segmentations and use it on a larger dataset

- since QUD trees follow a hierarchical structure, all segments in a given branch are (partial) 
answers to the governing question → allows us to align segmentations 
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Riester (2019)

- create unified (gold standard) 
segmentation 

- assign each segment to the closest 
preceding QUD within the same 
discourse branch

- compare QUDs across annotations 
using sentence embeddings (Deck et al. 
(upcoming))



Data

QUD-Anno-Challenge:

- three long-form texts from three different genres (narrative, interview, review) 
were annotated by multiple teams

- no gold segmentation between teams, partially within team
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Narrative (written) Interview (spoken) Review (written)

Sentences
Tokens
Types
Type-Token Ratio (TTR)
Avg. Sentence Length
Annotations
Same Segmentations
Segments (aligned)

77
964
437

0.453
12.52

7
4

98

42
804
309

0.384
19.14

7
4

48

58
1131
511

0.452
19.50

2
0

76



Similarities Results 
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Question Similarity Overview:
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Pairwise Annotator Similarities 
(all-mpnet-base-v2):

- Review Mean: 0.43 (only two annotators 
with different segmentations)

- for the narrative text and the interview, 
annotators a to d had the same 
segmentations 

- also shows higher similarity scores for 
narrative text than for interview and review 

- annotator g is a QUD expert (lower sim. in 
interview)

Narrative (mean: 0.61)

Interview (mean: 0.45)

Deck et al. 
(upcoming): 
mean 0.64

Deck et al. 
(upcoming): 
mean 0.47



Tree Structure Similarity Overview:
Also compared structure of the trees: token-based pairwise Parseval Score (F1) (Manning and Schütze (1999)

- Review mean: 0.52
- narrative again shows the highest results
- Deck et al. (upcoming): Narrative mean = 0.79, Interview mean = 0.73
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Narrative (mean: 0.65): Interview (mean: 0.55):

Narrative Interview Review

Boundary 
Agreement 
(Fournier 
2013)

0.73 0.64 0.68

Crossing 
Accuracy: 

0.87 0.81 0.76



Similarity Trajectory
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Where do QUD annotations differ?  

- trying to identify regions of highly different/similar QUDs within the text:
plotting ‘trajectory’ over text length by → see where the similarity ‘dips’ or 
‘spikes’

- areas can later be examined for potential reasons for changes in similarity 
-
- visualisations as a line diagram
- smoothed using moving average (window = 8) 
- if more than two annotators: mean similarity of all pairwise similarities used
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QUD Similarity Trajectory (Narrative Text Example)
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QUD Similarity Trajectory (Narrative Text Example)
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QUD Similarity Trajectory (Narrative Text Example)
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high similarity 

low similarity 



Example

22

- in both example cases (high and low 
similarity) many of the closely preceding 
segments have comparable similarity 
scores

- could hint at different / very similar 
interpretations of the discourse in these 
areas (instead of a single ambiguous 
segment)

Prior She picks the lock to Mrs Simpson’s room. A single flake of dead skin can ruin a microchip.  

QUD ● Has Susie been to Mrs Simpson's room before?
● Has Susie been in the room before?
● Has Susie ever been in Mrs Simpson's room 

before?

● What about the factory?
● Why is scrubbing her face an issue for Susie?
● How does that constitute a discomfit?

Sim. 0.89 0.08



QUD Similarity Trajectory Comparison
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Narrative: Interview:

- especially interview many low ranking 
QUDs (despite more explicit questions):
difficult spoken structure, evasive 
responses (genre-specific)

Review:



Takeaways
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Takeaways:

- alignment: thanks to the structure of QUD annotations, simple 
hierarchy-based alignment to separate gold standard segmentations already 
provides good results, 
but still looses information → test more alignment methods

- importance of genre: texts following a narrative structure seem to provide very 
similar QUD annotations, while interviews, despite the amount of explicit 
questions, show low similarities → test on more texts and different genres 

- structural difficulties: we can identify areas of low and high similarity by 
smoothing similarity trajectories, which can help identify areas where the 
discourse structure is particularly difficult → identify reasons for variability 
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Thank you! 
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