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Ongoing Work

Ongoing Work: Modeling Discourse Modes

With a tiny fur-piece wrapped around her shoulders, she wiggled her satin-
covered buttocks down the street before him and didn’t stop.

In one hand she clutched a hundred dollar bill and in the other a straw
suitcase. The way she strutted down the street, the Old Man would have
been blind not to have noticed both. Without looking at him, without looking
at anything except Drexel Street directly in front of her, she climbed up into
one of those orange streetcars, rode away in it, and never came back.

—Octavia Waldo, A Cup of the Sun

NARRATIVE MODE

A week after Ethiopia started an offensive that it says is
aimed at ending the two-year-old war it is now clqg

that the whole of Eritrea could become a battlefic kb

With hundreds of civilians fleeing the region, Colonel Kidane

said Ethiopian soldiers continue to skirmish with Eritrean

soldiers on the run here in western Eritrea. Tonight,
_ _ Ethiopian officials said planes bombed the main Eritrean

Carlota Smith. Modes of Discourse. it traini t tS () o

The LOCG' Structure Of TEXtS. 2010 mili al’y I’alnlng center a awa\...). —...;as sampled in Smith (2003, p. 16) .
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Ongoing Work

Ongoing Work: Modeling Discourse Modes

With a tiny fur-piece wrapped around her shc =
covered buttocks down the street before him

DESCRIPTION MODE

n the stré —

Even the stable-garage, WhICh housed —
. Without §& nLIJ SIR

nothing now but the scent of rot, had a lawn

before it. And the coffee shop on Drexel rectly in frt _;”: C;ﬁ‘*ﬂm
Street, where the men spent their evenings e away lri:"“.m 20 u"‘l:fm
and Sundays playing cards, had a rose :
hedge beneath its window. The hedge
reeked of coffee dregs thrown against it.

- Octavia Waldo, A Cup of the Sun A wee <'\
aimed ais
that theg

ARGUMENT MODE With hu
) ]
said EtF-

INFORMATION MODE soldiers
Ethiopia e
e -

Carlota Smith. Modes of Discourse. .- T - T — L
ml|ltal’y I C ' . . - assampledln Smith (2003, p. 16)

The Local Structure of Texts. 2010. .
Cambridge University Press. N
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Ongoing Work

Ongoing Work: Modeling Discourse Modes

~how reader perceives

~ aspectual clause types the discourse to move on

e
''''''
LAY
.......

S 2DS000SE MODES.

Carlota Smith. Modes of Discourse.
The Local Structure of Texts. 2010.
Cambridge University Press.

Image Sources :
https://freesvg.org/image-of-see-through-glass-bowl!
https://freesvg.org/flour-sack



Ongoing Work

Ongoing Work: Modeling Discourse Modes

Situation Entity Types

(Very) Explorative Case Study on Reddit Posts on Democracy

+ automatic modeling

she climbed up into : S Bl State Bl Generalizing Sentence
one of those orange ~ + &xtension to historic @B Event EEE Question
streetcars (EVENT) language variants B Generic Sentence  EEM Imperative
Argue using
[the coffee shop] had < 60; references to
Ask more

a rose hedge beneath o _ concrete events
its window. (STATE) ' q“ﬁst'o?ls_ tl? ”;)ake

others think about
where the men spent their = their opinions
evenings and Sundays playing
cards (GENERALIZING SENTENCE) 0 Conservative Federalist Liberal  Libertarian Minarchist

Independent

Penguins cannot fly.
(GEN ERIC SENTENCE) Hanna S_chmﬂck, Mich_ael Rgder,. Katrin_PauIa, ar.1d Anne.ma.rie Frigdrich. A Case Study on
Annotating and Analysing Situation Entity Types in Reddit Discussions on Democracy. CMC

Corpora. September 2025. Bayreuth, Germany.

Situation entity types: automatic classification of
clause-level aspect (Friedrich et al., ACL 2016) .
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Ongoing Work: Modeling Discourse Modes

Ongoing Work

Annotation of Progression Type(s)

=% DESCRIPTION MODE

NARRATIVE MODE el
temporal progression (continuity): / spatial: movement &
events and states relate to another ’:' through visual scene |
temporal progression (deictic): /

events and states relate to reference ,"
time e
REPORT VIODE  kaiaial v m
ARGUMENT MODE
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uub EVAS, Tinih
ST L e nci

i I:IT-I L
Sy G LT AR

. " . __ 1
Im . -, *.'- .- et :

- T Tt .-.-...-_"'-".’33.-':--_'1'.‘_' " .

Image: generated with bing.com/create (DALL-E)

Question Mark Image Course:
https://pixabay.com/illustrations/illustrator-graphic-design-8721204/
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Popcorn Papers

LLMSs are like beautiful cars
that occasionally kill
someone.

" Ed Hovy, ACL 2025
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Butterfly Collections

Pgsytlllon B | Damenbrett Blutstrépfchen WeiBfleck-Widderchen Birken-Zahnspinner | Ménch
(Colias croceus) : (Melanargia galathea) 4 (Zygaena filipendulae) (Amata phegea) (Pheosia gnoma) (Panthea coenobita)

Brauner Bér
(Arctia caja)

- I |
Blauaugiger Waldportier L Eichenprwzgssgnsspinner Goldafter GroBer Kahnspinner GroBe Wintereule
| (Minois dryas) : (Thaumetopoea processionea) (Euproctis chrysorrhoea) (Bena bicolorana) (Orbona fragariae)

Perigrasfalter | Nonne

Kieferneule
(Coencnympha arcania) (Lymantria monacha)

» (Panolis flammea)

Ed Hovy, ACL 2025

Eschen-Scheckenfalter Blauer Eichenzipfelfalter Schwammspinner ¢ 7 Pyramideneule Eichenkarmin
(Euphydryas maturna) (Neozephyrus quercus) { (Lymantria dispar) 1 1 5 b (Amphipyra pyramidea) (Catocala sponsa)

= > n —
Nierenfleck-Zipfelfalter Landkirtchen 4 Klew.. Nachtpnaenauge A Gelbes Ordensband
(Thecla betulae) (Araschnia levana) : L(Saturma pavonia) > (Calocala fulminea)

Image Source: https://pixabay.com/photos/butterflies-collection-display-board-982248/ w k



Some Butterflies

LLMs cannot always generalize procedural knowledge (but sometimes they can).

Current LLMs can apply zero-shot task generalization,
but they do not generalize as we humans do.

Neurosymbolic methods should not be necessary to solve NLU because
our brain is a neural network, but something is still missing from LLMs.

LLMs may be okay for lookups, but do we really want to trust them
with decision making? Maybe we need more neurosymbolic methods.

BUT we do not know the extent of generalization for sure
because of pre-training data contamination!

N



Reasoning  LLMs generalize, but sometimes not in the way they should.
| p—  How do LLMs really deal with reasoning chains?
» Let's keep building and evaluating NLP systems!

Dan Roth,
ACL 2025

Image Sources:
https://www.pexels.com/de-de/foto/roter-alfa-romeo-c4-auf-strasse-
nahe-baumen-; 210019/
https://www.pexels.com/photo/scenic-landscape-of-mountains-and-

desert-19311674
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Neurosymbolic Approaches
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ProbLog

Bayesian reasoning

Timo Pierre Schrader, Lukas Lange, Simon
Razniewski, and Annemarie Friedrich. QUITE:
Quantifying Uncertainty in Natural Lanquage Text in
Bayesian Reasoning Scenarios. In EMNLP 2024.

Bl ,noerSet
L L Programming (ASP)

Timo Pierre Schrader, Lukas Lange, Tobias
Kaminski, Simon Razniewski, Annemarie
Friedrich. A Solver-in-the-Loop Framework for
Improving LLMs on Answer Set Programming for
Logic Puzzle Solving. AAAI 2026. (to appear)
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Question Answering in Complex Technical Domains

Quetion Answering

E Task
Answer questions posed in natural language
Extract textual evidence
o

J/-l Challenges
Correct text interpretation and logical reasoning

Mathematical reasoning
(Data) Uncertainty, modality, hedging, negation
Conditions
Model Uncertainty: Confidence Estimation

We produced mutations i
homologous recombination
loss of the most abundantl

What is the likelihood of larvae
homozygous developing normally?

death in the larval or pupal stage. Under optimal conditions |-~

(20-30 isolated homozygous larvae per vial), about 60% of | .

larvae homozygous for the adgf-a mutation reach the third |2 -

instar. Development during the third larval instar is [...] at |-
about 5 d of development. Some homozygous third-instar [ -
larvae can be found alive in the vial even after 10 d of |-
development. Mutant third-instar larvae show fat body |:=
disintegration (Figure 1A and 1B) and multiple melanotic |-

tumors (Figure 1C), predominantly in the caudal part of the [-*

body and accompanied by disintegration of the fat body. |-:

......

Melanization of the lymph glands was never observed in these [ “= o ...

larvae, and the imaginal discs and brain appear normal. Less
than 30% of homozygotes eventually pupate. Homozygous
pupae usually die soon after pupariation;[...]. Less than 2% of
mutant pupae develop normally and eventually emerge as
adults without any obvious abnormalities besides the
abdominal curvature; some of them are sterile.

Dolezal, Tomas, et al. "A role for adenosine deaminase in

Drosophila larval development." PLoS biology 3.7 (2005): e201.

N



Mathematical Reasoning, Explainability & LLMs ??

All larvae in study
ca rry th em Utati on | Fooes DTS o8 ADGE Dy Tabiis g ADA sivi,

Correct interpretation requires translation into

Bayesmp probabilities and mathematical We produced nutations | What is the likelihood of larvae
calculations: homologous recombination homozygous developing normally?
loss of the most abundantl :
) death in the larval or pupal stage. Under optimal conditions |--
P(Pupation) = 0.3 (20-30 isolated homozygous larvae per vial), about 60% of |

P(Normal|Pupation) = 0.02 . ,

®  The likelihood of homozygous larvae developing normally and

P(Normal) = P(Pupation) - P(Normal|Pupation) emerging as adults is less than 2%. Although less than 30% of the
= 0.3-0.02 = 0.006 = 0.6%

larvae reach the 1z Y2

R Ar  Whatis the likelihood of an adult in the
study carrying the mutation?

Answer is not very informative. grvge. g 201nal dISCo NI DIdT JDDEd TIOTTIdL T ES0 T—_

In the study, it is reported that less than 2% of mutant pupae

@ develop normally and eventually emerge as adults. This indicates
WHY1?

that the percentage of adults carrying the mutation is less than

2%
o

Still same output 2025/07/14, GPT4o WIND



Mathematical Reasoning, Explainability & LLMs ??

Freiesleben & Kdnig, 2024: ,,We overfit explanation techniques to human intuitions.” - trustwashing

Chain-of-
Thought
] — Prompting

[ Think step by step.

Generating Post-
Hoc Explanations

Explain your
calculations /

reasoning.

Image Source: https://xkcd.com/1838/

Thank you for clarifying that all larvae in the study were mutants. Given this context, we can now
determine the percentage of adults carrying the mutation based on the information provided in the

excerpt:
1. Total Mutant Larvae: All larvae mentioned are mutants (homozygous for the adgf-a mutation).
2. Development to Adulthood:

® Less than 2% of the homozygous pupae (mutants) develop into adults.

Calculation of Percentage:

Since all larvae are mutants and less than 2% of them ultimately emerge as adults, we can conclude

that:

® Percentage of Adults Carrying the Mutation: Less than 2%

This percentage reflects the proportion of mutant larvae that develop into adults. If, for instance,

there were 100 homozygous larvae, fewer than 2 of them would survive to become adults.

So the answer is: less than 2% of the adults in the study are carrying the mutation (since all larvae

were mutants).




Mathematical Reasoning, Explainability & LLMs ??

Image Source: https://pixabay.com/photos/tree-face-forest-nature-smile-4721608/



Mathematical Reasoning, Explainability & LLMs ??

Freiesleben & Kdnig, 2024: ,,We overfit explanation techniques to human intuitions.” - trustwashing

Chain-of-
Thought
] — Prompting

[ Think step by step.

Generating Post-
Hoc Explanations

Explain your
calculations /
reasoning.

Image Source: https://xkcd.com/1838/

Thank you for clarifying that all larvae in the study were mutants. Given this context, we can now
determine the percentage of adults carrying the mutation based on the information provided in the

excerpt:

1. Total Mutant Larvae: All larvae mentioned are mutants (homozygous for the adgf-a mutation).

' Popularity of these methods due to Eliza

R Fffect, the linguistic correlate of

pareidolia (Steven Bird, ACL 2024)

Calculation of Percent

Since all larvae are mutants and less than 2% of them ultimately emerge as adults, we can conclude

that:

® Percentage of Adults Carrying the Mutation: Less than 2%

This percentage reflects the proportion of mutant larvae that develop into adults. If, for instance,

there were 100 homozygous larvae, fewer than 2 of them would survive to become adults.

So the answer is: less than 2% of the adults in the study are carrying the mutation (since all larvae

were mutants).




Quantifying Uncertainty In natural Text (QUITE)

Better calculations that make intermediate steps explicit? 2> Neurosymbolic models

For research & development, we need texts like this ...

I am an insurance agent supposed to decide how much
an insurance for a customer should cost.

If the insurance holder is a senior with a cautious
behaviour in terms of ,thenitis highly
likely that they have received senior training, and it is
improbable that they have not received such training.

[...]

The driver has attended a senior driver’s training and the
car's mileage is 20,000. What is the likelihood of being
involved in a moderate car accident?

+ gold standard answers

P=345%

+ gold standard symbolic representations

'\ % Premise ©
' 0.9::attends_training(driver) :- cautious(driver);
1 0.1::(not attends_training(driver)) :- cautious(driver).

i % Evidence ©

i evidence(attends_training(driver), true).
1 % Evidence 1

 evidence(mileage(car), 20000).

i % Query

i query(likelihood(accident, true)).

____________________________________________________________________________

Timo Pierre Schrader, Lukas Lange, Simon Razniewski, and Annemarie
Friedrich. QUITE: Quantifying Uncertainty in Natural Language Text in
Bayesian Reasoning Scenarios. In EMNLP 2024. o
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QuITE Dataset Creation Process

Bayesian Network

/Numeric Background Premisess\

If the insurance holder is a senior with

,then there is a 90%
chance that they have received senior
training, and it is only 10% likely to not

e I Causal Inference

Question- Evidential Inference

Evidence _

Sampling + Explaining away
LLM

Conversion into
ProbLog Code

senior), risk_aversion(driver, cautious).

1
[}
1
1
q | senior), risk_aversion(driver, normal).
1
[}
1
1
1
1
1
1

a cautious behaviour in terms of &

LLM
+

Qave received such training. [...] / WEP table

0.30::senior_driver_training(driver) :- age(driver,

0.90::senior_driver_training(driver) :- age(driver,

-

WEP-based Background Premises

~

If the insurance holder is a senior with a

cautious behaviour in terms of

I

then it is highly likely that they have received
senior training, and it is improbable that they

Qave not received such training. [...] j
Words of Human
Estimative Judgments
Probability (WEP)
certain 100%
almost certain 95.0%
highly likely 90.0%
highly unlikely 5.0%
almost no chance 2.0%
impossible 0.0%

Fagen-Ulmschneider. 2015.
Perception of probability words.

N



Neurosymbolic Model (here: for Bayesian Reasoning)

/ Causal Inference
Background Premises \ <@ The driver has attended a senior - ) ) )
If the insurance holder is a , ciing training and the car's Probability 'relatlonshlps and observa’u'ons
senior with a cautious " Whatis the likelihood of being expressed in natural language + question
i . involved in a moderate
behaviour in terms of accident? p = 0.685

,then there is a 90%
chance that they have
received senior training, and it | | T
is only 10% likely to not have g[

not verifiable

@:eived such training. [...] / :

Semantic Parsing

Neural LLM learns from examples to express

Ioglca_l connections symbolically (in a [&f verifiable!
machine-readable way)

' % Premise 0
' 0.9::attends_training(driver) :- cautious(driver);
1 @.1::(not attends_training(driver)) :- cautious(driver).

Symbolic Solver (here: ProbLog) solves
| the mathematical part of the task

i % Evidence 0 i

1 evidence(attends_training(driver), true). r_’ o

i % Evidence 1 i — "' i‘i’—» p = 0.345
 evidence(mileage(car), 20000).

L% Query E

1 query(likelihood(accident, true)).

____________________________________________________________________________

N



Experiments on QUITE: LLM Baseline

In 58% of the cases, the

of a car owner
can be described as adventurous,
[...].
If a car has anti-lock brakes, has
been driven for 20,000 miles, and
is driven poorly, there is a 40%
chance [...].

The driver has attended a
senior driver training and the
car‘s mileage is 20,000.

What is the likelihood of
being involved in a moderate
accident?

Jin et al. (2024)

“To calculate the likelihood of the driver being
involved in a moderate accident, we follow a
similar approach to the example provided. Let's
analyze the premises and evidences ...”

24

100

80

60

40

20

% Correct % Wrong % Error

W GPT-4 (CausalCoT)
m Mixtral 8x7B (Zero-Shot)

N



Experiments on QUITE: Neuro-Symbolic Approach

In 58% of the cases, the QUITE test set
of a car owner can be @ 100
described as adventurous, [...].
If a car has anti-lock brakes, has been
driven for 20,000 miles, and is driven ) 80
poorly, there is a 40% chance [...]. o
1 S T
¥ 60
[ 40
________________________________________ v
% Premise 3
0.02::risk_aversion(car, psychopathic); 0.58::risk_aversion(car, 20
adventurous); 0.30::risk_aversion(car, normal); ©0.10::risk_aversion(car,
cautious). . I
0 i -
% Premise 35

moderate); ©0.1::accident(car, severe) :- has_anti_lock _brakes(car),
car_mileage(car, 20000), driving skills(car, poor).

W GPT-4 (CausalCoT)
B Mixtral 8x7B (Zero-Shot)
m ProbLog Prompt (GPT-4)

% Evidence © ooe
evidence(senior_driver_training(driver), true).

% Evidence 1 </>
evidence(not car_mileage(car, 20000), true).

% Query

query(accident(car, moderate)).

0.4::accident(car, none); ©.3::accident(car, mild); ©.2::accident(car, i % Correct % Wrong % EITOI'

N



Experiments on QUITE: Neuro-Symbolic Approach

In 58% of the cases, the
of a car owner can be @

described as adventurous, [...].
If a car has anti-lock brakes, has been
driven for 20,000 miles, and is driven ?

poorly, there is a 40% chance [...]. o
1 S T
v
[ LLM
________________________________________ e

% Premise 3

0.02::risk_aversion(car, psychopathic); 0.58::risk_aversion(car,
adventurous); 0.30::risk_aversion(car, normal); ©0.10::risk_aversion(car,
cautious).

% Premise 35

0.4::accident(car, none); ©.3::accident(car, mild); ©.2::accident(car,
moderate); ©0.1::accident(car, severe) :- has_anti_lock _brakes(car),
car_mileage(car, 20000), driving skills(car, poor).

% Evidence ©

evidence(senior_driver_training(driver), true).

% Evidence 1 </>
evidence(not car_mileage(car, 20000), true).

% Query

query(accident(car, moderate)).

L)

100
90
80
10
60
50
40
30
20
10

0

QUITE test set
al II. _B
% Correct % Wrong % Error

m GPT-4 (CausalCoT)
m Mixtral 8x7B (Zero-Shot)
H ProbLog Prompt (GPT-4)
ProbLog-FT (Mistral 7B)
ProbLog-FT Oracle Premises (Mistral 7B)
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Experiments on QUITE: Neuro-Symbolic Approach

WEP-based premises ) )
Fallback for errors = 50% ProbLog models run into parsing
errors a lot (probably too little

training data)

Zero-shot and CoT models
almost always predict a number,

which is often wrong.

g

> GPT4-Tutbo || 8.7 89.1 2.2

..g" CAUSALCOT Llama-3-8B 3.5 91.7

% Mixtral-8x7B || 2.0 59.4

?i Regression-FT Llama-2-7B 0.040.0 100.040.0

§ LIM-FT Mistral-7B 3.640.9 96.410.9
ProbLog-Prompt GPT4-Turbo | 0.4 8.7
ProbLog-FT Mistral-TB 1.3406 3284146

But the predicted outcomes are

closest to what they should be.




QuiTE: Results by Reasoning Type

% Correct

() ()

B :i
N
. 4y
. v,
. v,
. .
L 3 ..
. '
7Y
7Y
’0
% “’
Qppmn®

L 4
L 4
]
]
[ ]
||
| |

.
\d

A
*

60

50

40

30

20

10

Causal

LLMs mostly assume causal relations.
Neurosymbolic model is the only one that
Is robust across reasoning types!

Evidential Explaining Away

m Mixtral 8x7B (Zero-Shot)
W GPT-4 (CausalCoT)

ProbLog-FT (Mistral 7B) o
INA



Logic Puzzles

Tom, Anna, and Eva are walking their dogs: a Saint Bernard, a

Golden Retriever, and a Beagle. Who is walking which dog and at
what time?

1. Tom is walking the Beagle one hour before the Golden Retriever.

2. ...
Tom | Anna | Eva 8 9 10
F| X
£1@ | x | x X
M| X X
8
9
10 X




Answer Set Programming (ASP)

Finding optimal assignments to combinatorial problems is time-intensive,
complex, and hence costly.

Scheduling

Project Management

Requirements: Requirements:

1. Inevery project, there must be at least 1. No worker must work longer than
one senior developer (exp. > 5 yrs.) 10 hours.
Every developer must|...] 2. One can only work[...]
No two SW testers [...] 3. Nobody can work 7 days per week.
4. Every skill must be [...] 4. A break after at most[...]




Solver-in-the-Loop Method for Creating Preference Data for ASP Coding

Timo Pierre Schrader, Lukas Lange, Tobias Kaminski, Simon Razniewski,

Datasets with problems / logic puzzles Annemarie Friedrich. A Solver-in-the-Loop Framework for Improving LLMs on
. . Answer Set Programming for Logic Puzzle Solving. AAAI 2026. (to appear)
In natural language + solution.

Each added ASP statement further

" constrains set of possible assignments.
:- assigned(D1, P), assigned(D2, ( ASP SOIver ‘/Chosen
P), has_skill(D1, test), in the LOOp
has_skill(D2, test).
:- assigned(D1, P), assigned(D2, {é} erIECtEd
P), has_skill(D1, test), not ‘ -
has_skill(D2, test). {§}
ReqUirements: :- assigned(D1, one), assigned(D2, Ch kl erIECtEd
. two), has_skill(D1, test),
1. Inevery project, [...] has_skill(D2, two). ecklist
v’'| Produces Correct xroi
2_ Every developer must [] t- :)assigned(Dl, one), assigned(D2, Partial Answer rEIECted
one).
X | Produces Errors

3. Notwo SW testers may be
part of the same project.

4. Every skill mustbe[...]

X | Is Unsatisfiable

X | Produces Wrong
Answer
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Experimental Results

Test Time Decision Support
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Timo Pierre Schrader, Lukas Lange, Tobias Kaminski, Simon Razniewski,
Annemarie Friedrich. A Solver-in-the-Loop Framework for Improving LLMs on
Answer Set Programming for Logic Puzzle Solving. AAAI 2026. (to appear)

% Solved Puzzles (LogicPuzzles Dataset*)
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*Learning to Automatically Solve Logic Grid Puzzles
(Mitra & Baral, EMNLP 2015) hd
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Summary

= Build systems that are much better at complex
reasoning tasks

= Help to gain insights in reasoning strengths and
weaknesses of pure LLMs

= Modeling linguistic uncertainty
o oo = LA (+ interaction with model
osymbolic sodels - calibration) needs more attention
S —— = |mplement linguistic
frameworks to gain a better
understanding of intra-text
variation
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