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— We probe LLMs for discourse knowledge
— We go beyond single-word predictions
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 Think of a continuation for the following sentence. Remember the first thing that

comes to your mind.

Paul admired Isabel ...

« What is your continuation about?
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Paul admired Isabel because she was the top student in all subjects.
Paul admired Isabel because she played the piano so well.
Paul admired Isabel because she was a very good swimmer.

Paul admired Isabel because she gave such a good talk.
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Paul admired Isabel because she was the top student in all subjects.
Paul admired Isabel because she played the piano so well.
Paul admired Isabel because she was a very good swimmer.

Paul admired Isabel because she gave such a good talk.

— admire triggers an explanation

— admire comes with a strong next-mention-bias
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Implicit Causality (IC)

* Interpersonal verbs that favor one argument for coreference — IC Coreference bias

Paul admired Isabel because she was the top student in all subjects.

NS

IC

Paul fascinated Isabel because he found a solution immediately.

IC
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IC in LLMs

e Focus on the next word prediction Paul admired Isabel because [MASK]
e For example: Upadhye et al., 2020; Davis and van Schijndel,
2020; Kementchedjhieva et al., 2021; ZarrieR et al., 2022 \/
IC?

e Studies suggest that LLMs lack congruence
with human IC bias, indicating difficulties in
discourse understanding
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Human-produced continuations

Vincent inspired Clara because he had so
many talents.

IPia hated Malte because he was constantly
annoying her.

[sabel admired Paul because he was such a
good swimmer.

Bjorn disappointed Celina because she
expected more from him.
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Human-produced continuations Model-generated continuations
Vincent inspired Clara because he had so \Vincent inspired Clara because she had
many talents. received a gift from her husband.

IPia hated Malte because he was constantly IPia hated Malte because he was too busy with
annoying her. the fact that he didn't even have a real lawyer.
[sabel admired Paul because he was such a [sabel admired Paul because he was able to
good swimmer. explore the world without leaving her.

Bjorn disappointed Celina because she Bjorn disappointed Celina because he had
expected more from him. fforgotten him and then took the boy.
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Human-produced continuations

Model-generated continuations

Vincent inspired Clara because he had so
many talents.

IPia hated Malte because he was constantly
annoying her.

[sabel admired Paul because he was such a
good swimmer.

Bjorn disappointed Celina because she
expected more from him.

\Vincent inspired Clara because she had
received a gift from her husband.

IPia hated Malte because he was too busy with
the fact that he didn't even have a real lawyer.

[sabel admired Paul because he was able to
explore the world without leaving her.

Bjorn disappointed Celina because he had
fforgotten him and then took the boy.
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Human-produced continuations Model-generated continuations
expected moré\from him. forgotten himand then took the .
C bias-congruent,
IC bias-incongruent, yet still coherent but not coherent
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Experiment — Set-Up

German Data from Bott and Solstad, 2021

Conditions
» 1) "Standard" prompt constructions
» 2) Prompts extended with adverbial

modifications

Models: GPT-2 & mGPT

Evaluation
 Automatic Measures

» Human Evaluation

Clara inspired Vincent because...

Clara inspired Vincent by her innovative lecture because...
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Satzanfang:
Nikolas entziickte Maria, weil

Begriindung:
er ihr ein Geschenk mitgebracht hatte.

Es folgen nun drei verschiedene Aussagen iiber die gegebene Begriindung.
Bitte lesen Sie jede dieser Aussagen und geben Sie an, inwiefern sie dieser zustimmen oder nicht zustimmen. Geben Sie Ihre

Antwort bitte jeweils auf der Skala von 1 (stimme der Aussage gar nicht zu) bis 5 (stimme der Aussage voll zu) an. Bitte
beriicksichtigen Sie bei Ihrem Urteil immer die Fortsetzung in Hinblick auf den gegebenen Satzanfang.

Die Begriindung wirkt natiirlich und liest sich so, als ob sie von einer/m deutschen Muttersprachler/in geschrieben wurde.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist sinnvoll, es gibt einen logischen Zusammenhang zwischen dem Satzanfang und der Fortsetzung.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist iiberraschend, dadurch kénnte der Satz insgesamt ein interessanter Beginn einer Geschichte sein.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu
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Satzanfang:

Nicolas delighted Maria because

Begriindung:
FETEE he had brought her a gift.

Es folgen nun drei verschiedene Aussagen iiber die gegebene Begriindung.
Bitte lesen Sie jede dieser Aussagen und geben Sie an, inwiefern sie dieser zustimmen oder nicht zustimmen. Geben Sie Ihre

Antwort bitte jeweils auf der Skala von 1 (stimme der Aussage gar nicht zu) bis 5 (stimme der Aussage voll zu) an. Bitte
beriicksichtigen Sie bei Ihrem Urteil immer die Fortsetzung in Hinblick auf den gegebenen Satzanfang.

Die Begriindung wirkt natiirlich und liest sich so, als ob sie von einer/m deutschen Muttersprachler/in geschrieben wurde.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist sinnvoll, es gibt einen logischen Zusammenhang zwischen dem Satzanfang und der Fortsetzung.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist iiberraschend, dadurch kénnte der Satz insgesamt ein interessanter Beginn einer Geschichte sein.
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Naturalness

Coherence

Informativity

Satzanfang:
Nicolas delighted Maria because

Begriindung:

he had brought her a gift.

Es folgen nun drei verschiedene Aussagen iiber die gegebene Begriindung.

Bitte lesen Sie jede dieser Aussagen und geben Sie an, inwiefern sie dieser zustimmen oder nicht zustimmen. Geben Sie Ihre
Antwort bitte jeweils auf der Skala von 1 (stimme der Aussage gar nicht zu) bis 5 (stimme der Aussage voll zu) an. Bitte

beriicksichtigen Sie bei Ihrem Urteil immer die Fortsetzung in Hinblick auf den gegebenen Satzanfang.

Die Begriindung wirk{ natiirlich ]md liest sich so, als ob sie von einer/m deutschen Muttersprachler/in geschrieben wurde.

— O O O OO
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist|sinnvoll, ¢s gibt einen logischen Zusammenhang zwischen dem Satzanfang und der Fortsetzung.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung istliiberraschendl dadurch konnte der Satz insgesamt ein interessanter Beginn einer Geschichte sein.
| I
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Naturalness

Satzanfang:

Nicolas delighted Maria because

Begriindung:
cETanne he had brought her a gift.

Es folgen nun drei verschiedene Aussagen iiber die gegebene Begriindung.

Bitte lesen Sie jede dieser Aussagen und geben Sie an, inwiefern sie dieser zustimmen oder nicht zustimmen. Geben Sie Ihre
Antwort bitte jeweils auf der Skala von 1 (stimme der Aussage gar nicht zu) bis 5 (stimme der Aussage voll zu) an. Bitte
beriicksichtigen Sie bei Ihrem Urteil immer die Fortsetzung in Hinblick auf den gegebenen Satzanfang.

The explanation is natural and sounds like it was written by a German native speaker.

O O 0O 0O 0O

stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist sinnvoll, es gibt einen logischen Zusammenhang zwischen dem Satzanfang und der Fortsetzung.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist iiberraschend, dadurch kénnte der Satz insgesamt ein interessanter Beginn einer Geschichte sein.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu
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Naturalness

Coherence

Satzanfang:
Nicolas delighted Maria because

Begriindung:

he had brought her a gift.

Es folgen nun drei verschiedene Aussagen iiber die gegebene Begriindung.

Bitte lesen Sie jede dieser Aussagen und geben Sie an, inwiefern sie dieser zustimmen oder nicht zustimmen. Geben Sie Ihre
Antwort bitte jeweils auf der Skala von 1 (stimme der Aussage gar nicht zu) bis 5 (stimme der Aussage voll zu) an. Bitte
beriicksichtigen Sie bei Ihrem Urteil immer die Fortsetzung in Hinblick auf den gegebenen Satzanfang.

The explanation is natural and sounds like it was written by a German native speaker.

O O 0O 0O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

The explanation is meaningful, there is a logical connection between the beginning of
the sentence and its continuation.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

Die Begriindung ist iiberraschend, dadurch kénnte der Satz insgesamt ein interessanter Beginn einer Geschichte sein.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu
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Naturalness

Coherence

Informativity

Satzanfang:
Nicolas delighted Maria because

Begriindung:

he had brought her a gift.

Es folgen nun drei verschiedene Aussagen iiber die gegebene Begriindung.

Bitte lesen Sie jede dieser Aussagen und geben Sie an, inwiefern sie dieser zustimmen oder nicht zustimmen. Geben Sie Ihre
Antwort bitte jeweils auf der Skala von 1 (stimme der Aussage gar nicht zu) bis 5 (stimme der Aussage voll zu) an. Bitte
beriicksichtigen Sie bei Ihrem Urteil immer die Fortsetzung in Hinblick auf den gegebenen Satzanfang.

The explanation is natural and sounds like it was written by a German native speaker.

O O 0O 0O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

The explanation is meaningful, there is a logical connection between the beginning of
the sentence and its continuation.

O O O O O
stimme gar nicht zu 1 2 3 4 5 stimme voll zu

The explanation is surprising, as a result the sentence as a whole could be an
interesting start to a story.

O O O O O
1 2 3 4 5 stimme voll zu

stimme gar nicht zu
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Experiment — Results |

Naturalness, Coherence & Informativity

Naturalness Coherence Informativity

Standard IC Prompt

Diverse Beam Search
Nucleus Sampling
Typical Sampling
Human bias-congruent
Human bias-incongruent

4 (3.55)
4 (3.26)
3 (3.26)
5@&.77)
4 (3.82)

3 (2.87)
2 (2.55)
3(2.74)
5 (4.75)
3 (3.20)

2 (2.50)
3(2.62)
3 (2.65)
2 (2.39)
3(2.47)
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Naturalness, Coherence & Informativity

* Human continuations excel in naturalness and
coherence

* Informativeness ratings don't strongly favor
human continuations

Naturalness Coherence Informativity

Standard IC Prompt

Diverse Beam Search
Nucleus Sampling
Typical Sampling
Human bias-congruent
Human bias-incongruent
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Naturalness, Coherence & Informativity

» Differences between naturalness and

coherence:

— High naturalness medians indicate

fluency

— Low coherence medians indicate lack

of logical consistency

Naturalness Coherence Informativity

Standard IC Prompt

Diverse Beam Search
Nucleus Sampling
Typical Sampling
Human bias-congruent
Human bias-incongruent

4 (3.55)
4 (3.26)
3 (3.26)
5 @4.77)
4 (3.82)

3 (2.87)
2 (2.55)
3(2.74)
5 (4.75)
3 (3.20)

2 (2.50)
3(2.62)
3 (2.65)
2 (2.39)
3(2.47)
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» Differences between naturalness and

coherence: Naturalness Coherence Informativity
Standard IC Prompt
— High naturalness medians indicate :
Diverse Beam Search 4 (3.55) 3(2.87) 2 (2.50)
fluency Nucleus Sampling 4(326) 2255 | 362
Typical Sampling 3(3.26) 3(2.74) 3 (2.65)
Human bias-congruent 5@.7) 5@.75) 2 (2.39)
— Low coherence medians indicate lack Human bias-incongruent 4 (3.82) 3 (3.20) 3 (2.47)

of logical consistency

Why do the models struggle especially with generating coherent continuations?
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A short excursion to Information Density

* Information Theory: low probability

units = more informative("surprising”)

* Uniform Information Density (UID):
speakers prefer to distribute
information uniformly across their

utterances (Levy and Florian Jaeger,
2007; Jaeger, 2010)

» Uniform distribution of information is
linked to higher linguistic
acceptability (e.g., Meister et al., 2021)
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A short excursion to Information Density

) . « Standard IC prompts are brief and contain only minimal information
* Information Theory: low probability

Y . . e Clara inspired Vincent because...
units = more informative("surprising”)

— continuations require more information to maintain a uniform

distribution of inf ti
* Uniform Information Density (UID): SHIbUToN oHnrormation

speakers prefer to distribute We posit posit that LLMs encounter difficulties in producing

information uniformly across their continuations that are informative and still sensible

utterances (Levy and Florian Jaeger,

2007, Jaeger, 2010) » Modified IC prompts inherently carry more more information

Clara inspired Vincent by her innovative lecture because...

» Uniform distribution of information is _ _ _ _ _
— less informative continuations are required

linked to higher linguistic

acceptability (e.g., Meister et al., 2021) Extended IC prompts expected to result in higher quality

continuations due to reduced burden on LLMs
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Naturalness Coherence Informativity

Standard IC Prompt

Diverse Beam Search 4(3.55) 3(2.87) 2 (2.50)
Nucleus Sampling 4(3.26) 2(2.55) 3(2.62)
Typical Sampling 3(3.26) 3274 3 (2.65)

Human bias-congruent 5@.77) 5@4.75) 2 (2.39)
Human bias-incongruent 4 (3.82) 3 (3.20) 3(2.47)

Modified IC Prompt

Diverse Beam Search 43.69) 3(3.06) 2 (2.54)
Nucleus Sampling 3(2.90) 2(2.04) 2 (2.40)
Typical Sampling 3(299) 2(2.24) 2(2.52)

Human bias-congruent 5@.56) 5(4.61) 3 (2.56)
Human bias-incongruent 5 (4.54) 5 (4.37) 3(2.61)
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Naturalness, Coherence & Informativity

» Modified prompts do lead to continuations that

are less informative

Naturalness Coherence Informativity

Standard IC Prompt

Diverse Beam Search 4(3.55) 3(2.87) 2 (2.50)
Nucleus Sampling 4(3.26) 2(2.55) 3(2.62)
Typical Sampling 3(3.26) 3(2.74) 3 (2.65)
Human bias-congruent 5@77) 5@4.75) 2 (2.39)
Human bias-incongruent 4 (3.82) 3 (3.20) 3(2.47)
Modified IC Prompt

Diverse Beam Search 43.69) 3(3.06) 2 (2.54)
Nucleus Sampling 3(290) 2(2.04) 2 (2.40)
Typical Sampling 3(299) 2224 2 (2.52)
Human bias-congruent 504.56) 5@4.61) 3 (2.56)
Human bias-incongruent 5 (4.54) 5 (4.37) 3(2.61)
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Naturalness, Coherence & Informativity

» Modified prompts do lead to continuations that

are less informative

» But: modified prompts don't consistently lead to

better evaluations

Naturalness Coherence Informativity

Standard IC Prompt

Diverse Beam Search 4(3.55) 3(2.87) 2 (2.50)
Nucleus Sampling 4(3.26) 2(2.55) 3(2.62)
Typical Sampling 3(3.26) 3274 3 (2.65)
Human bias-congruent S@ATTy 5@4.75) 2 (2.39)
Human bias-incongruent 4 (3.82) 3 (3.20) 3(2.47)
Modified IC Prompt

Diverse Beam Search 43.69) 3(3.06) 2 (2.54)
Nucleus Sampling 3(290) 2(2.04) 2 (2.40)
Typical Sampling 3(2.99) 2(2.24) 2(2.52)
Human bias-congruent 504.56) 5@4.61) 3 (2.56)
Human bias-incongruent 5 (4.54) 5 (4.37) 3(2.61)
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" Relation of bias congruency and continuation quality

GPT-2 mGPT

Diverse Nucleus Typical Diverse NucleusTypical
Beam Sam- Sam- Beam Sam- Sam-
Search pling pling Search pling pling
SE simple  62.5 25 75 50 25 62.5
SE modified 75 50 75 87.5 50 87.5
ES simple 50 75 87.5 75 875 875
ES modified 50 100  87.5 75 100 87.5

Completion Sensitivity
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" Relation of bias congruency and continuation quality

GPT-2 mGPT

Diverse Nucleus Typical Diverse NucleusTypical
Beam Sam- Sam- Beam Sam- Sam-
Search pling pling Search pling pling
SE simple  62.5 25 75 50 25 62.5
SE modified | 75 50 75 87.5 50 87.5
ES simple 50 75 87.5 75 875 875
ES modified | 50 100  87.5 75 100 87.5

Completion Sensitivity

* Modifying IC prompts affects IC bias capture, depending on decoding strategy
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BIELEFELD
Relation of bias congruency and continuation quality
Naturalness Coherence Informativity
Standard IC Prompt
. GPT2 - - mGPT . Diverse Beam Search 43.55 3.87) 2 (2.50)
Diverse Nucleus Typical Diverse NucleusTypical Nucleus Sampling 4(3.26) __2.(2.55 __3(2.62)
Beam Sam- Sam- Beam Sam- Sam- Typical Sampling 3(3.26) 3(2.74) 3 (2.65)
Search pling pling Search pling pling Human bias-congruent 5 (4.77) 5(4.75)  2(2.39)
SE Slmple 62.5 25 75 50 25 62.5 Hltnlan bias—inC()l’lgl’LtenT 4 (382) 3 (320) 3 (247)
SE modified 75 50 75 87.5 50 87.5 Modified IC Prompt
ES simple 50 75 87.5 75 87.5 1875 Diverse Beam Search 4(3.69 33.060 2254
ES modified 50 100 (87.5] 75 100 |87.5 Nuclens Sampling 3230) 20Q.04) 2(Q40)
Typical Sampling 3(299) 2(224) 2(2.52)
Completion Sensitivity Human bias-congruent 5@.56) 5(4.61) 3 (2.56)
Human bias-incongruent 5 (4.54) 5(4.37) 3(2.61)

* Modifying IC prompts affects IC bias capture, depending on decoding strategy
» Typical Sampling: most bias-congruent continuations, but not always better

evaluation scores
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BIELEFELD
Relation of bias congruency and continuation quality
Naturalness Coherence Informativity
Standard IC Prompt
. GPT2 - - mGPT . Diverse Beam Search 43.55 3.87) 2 (2.50)
Diverse Nucleus Typical Diverse NucleusTypical Nucleus Sampling 4(3.26) __2.(2.55 __3(2.62)
Beam Sam- Sam- Beam Sam- Sam- Typical Sampling 3(3.26) 3(2.74) 3 (2.65)
Search pling pling Search pling pling Human bias-congruent 5 (4.77) 5(4.75)  2(2.39)
SE simple 62.5 5 75 50 25 62.5 Human bias-incongruent 4 (3.82) 3 (3.20) 3(2.47)
SE modified 75 50 75 87.5 50 87.5 Modified IC Prompt
ES simple 50 75 87.5 75 87.5 1875 Diverse Beam Search 4(3.69 33.060 2254
ES modified 50 100 (87.5] 75 100 |87.5 Nuclens Sampling 3230) 20Q.04) 2(Q40)
Typical Sampling 3(2.99) 2(224) 2(2.52)
Completion Sensitivity Human bias-congruent 5@.56) 5(4.61) 3 (2.56)
Human bias-incongruent 5 (4.54) 5(4.37) 3(2.61)

* Modifying IC prompts affects IC bias capture, depending on decoding strategy
» Typical Sampling: most bias-congruent continuations, but not always better
evaluation scores

« — Bias-congruent continuations don't always equate to better quality
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Correlation between automatic and human evaluation
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BIELEFELD
Correlation between automatic and human evaluation

Human BLEU ROUGE-L BERTScore

Naturalness 0.16 (p=0.03) -0.02 (p=0.84) -0.04 (p=0.59)
Coherence  0.18 (p=0.01) 0.03 (p=0.66) -0.01 (p=0.91)
Informativity -0.18 (p=0.02) -0.08 (p=0.30) -0.07 (p=0.35)
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Correlation between automatic and human evaluation

* No significant correlation between ROUGE-L,

BERTScore, and human ratings

Human BLEU ROUGE-L BERTScore

Naturalness 0.16 (p=0.03) -0.02 (p=0.84) -0.04 (p=0.59)
Coherence  0.18 (p=0.01) | 0.03 (p=0.66) -0.01 (p=0.91)
Informativity -0.18 (p=0.02) |-0.08 (p=0.30) -0.07 (p=0.35)

16/19



UNIVERSITAT Experiment — Results IV

BIELEFELD
Correlation between automatic and human evaluation

No significant correlation between ROUGE-L,

BERTScore, and human ratings

BLEU scores weakly correlate with coherence Human BLEU ROUGE-L. BERTScore
A negative (hardly significant) relationship between Naturalness |0.16 (p=0.03) | -0.02 (p=0.84) -0.04 (p=0.59)
BLEU and informativity Coherence |0.18 (p=0.01) | 0.03 (p=0.66) -0.01 (p=0.91)

Informativity | -0.18 (p=0.02) | -0.08 (p=0.30) -0.07 (p=0.35)
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Correlation between automatic and human evaluation

No significant correlation between ROUGE-L,

BERTScore, and human ratings

BLEU scores weakly correlate with coherence
A negative (hardly significant) relationship between

BLEU and informativity

Automatic metrics struggle in our linguistically
controlled task — Scoring differences in this task
may demand a deeper understanding of language

nuances that is not captured by current metrics

Human BLEU ROUGE-L BERTScore

Naturalness 0.16 (p=0.03) -0.02 (p=0.84) -0.04 (p=0.59)
Coherence  0.18 (p=0.01) 0.03 (p=0.66) -0.01 (p=0.91)
Informativity -0.18 (p=0.02) -0.08 (p=0.30) -0.07 (p=0.35)
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» LLMs struggle with coherent continuations for relatively simple prompts, beyond the IC bias
* Information density of the prompt and decoding method impact text quality

» Modifying IC prompts affects capture of IC bias, depending on decoding strategy; however

bias congruence doesn't guarantee higher continuation quality
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Conclusion

LLMs struggle with coherent continuatios for relatively simple prompts, beyond the IC bias

Information density of the prompt and decoding method impact text quality

Modifying IC prompts affects capture of IC bias, depending on decoding strategy; however

bias congruence doesn't guarantee higher continuation quality

Surprisingly low correlation between automatic metrics and human judgments, underscoring

NLG metric challenges and caution in interpretation
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Abstract

Recent studies have used human

a.zarriess}@uni-bielefeld.de

IC refers to a property of a broad range of inter-
personal verbs that exhibit strong preferences for

of Implicit Causality (IC) prompts collected in
1 ic experi to evaluate di un-
derstanding in large language models (LLMs),
focusing on the well-known IC coreference bias
in the LLMs’ predictions of the next word fol-
lowing the prompt. In this study, we investigate
how continuations of IC prompts can be used
to evaluate the text generation capabilities of
LLMs in a linguistically controlled setting. We
conduct an experiment using two open-source
GPT-based models, employing human evalua-

blishing coreference to one of the verb’s argu-
ments over the other in explanations. For instance,
when asked to provide a continuation after "..." in
a sentence like (1), humans display strong next-
mention p: es towards the stimulus (he/Tom
in this case):

[§)] Tom fascinated Sarah because... he was
very smart.

As the IC bias has been extensively researched in

tion to assess different aspects of
quality. Our findings show that LLMs struggle
in particular with generating coherent continu-
ations in this rather simple setting, indicating a
lack of discourse knowledge beyond the well-
known IC bias. Our results also suggest that a
bias cong inuation does not

ily equate to a higher continuation quality. Fur-
thermore, our study draws upon insights from
the Uniform Information Density hypothesis,
testing different prompt modifications and de-
coding procedures and showing that sampling-
based methods are particularly sensitive to the
information density of the prompts.

1 Introduction

There is currently a growing interest in probing the
performance of large language models (LLMs) on
carefully controlled linguistic test suites and ex-
perimental datasets to get a deeper understanding
of specific linguistic capabilities captured in these
models (e.g., Belinkov and Glass, 2019; Ettinger,
2020). While a lot of previous work focused on
analyzing the syntactic competence of LLMs (e.g,
Hu et al., 2020; Schuster and Linzen, 2022), recent
studies also started to investigate the abilities of
LLM:s on the level of ics and ic dis-

psycholinguistics and psychology across various
languages and populations (e.g., Ferstl et al,, 2011;
Hartshorne et al., 2013; Bott and Solstad, 2014),
investigating this bias in LLMs has gained signifi-
cant interest. A range of recent studies investigated
LLMs’ predictions of the next mention in examples
like (1) and whether these mentions (i.e. pronouns)
follow the same coreference biases as can be found
in human data (e.g., Upadhye et a 20; Davis
and van Schijndel, 2020; Kementchedjhieva et al.,
2021; ZarrieB et al., 2022). These studies predomi-
nantly indicated that LLMs are not generally con-
gruent with the human IC bias, which has been
interpreted as evidence for LLMs struggling with
certain aspects of discourse understanding (but see
Cai et al,, 2023).

In this work, we propose that experimentally
elicited data of human continuations of IC prompts
cannot only be used for analyzing comprehension
in LLMs, but constitutes an excellent b for ana-
lyzing LLMSs’ discourse-level generation capabil-
ities, i.e. going beyond the prediction of the next
mention. While discourse-level downstream tasks

in NLG, e.g. story generation or summarization,
are complex and notoriously difficult to evaluate

course processing. One promising diagnostic for
probing discourse knowledge in LLMs has turned
out to be the use of Implicit Causality (IC) prompts.

systematically with respect to targeted linguistic ca-
pacities of NLG systems, IC continuations provide
a well lled di ic of disc knowl-

edge and, at the same time, rather simple sentences
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