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Problem: No consensus of one
single set of relations due to
different perspectives on

unitl: Eger bununla ilgili
birseyler yapmak istiyorsan

** Introduction & Motivation

unitl: if the velocity increases

unit2: sadece para kazan ve
kar1 hayir kurumlarma ver

unit2: then the pressure falls

Many approaches to CL / NLP focus on A growing body of research has explored . .
. discourse relations
sentence-by-sentence analyses, but the extent to which PLMs and LLMs unitl: Et menace de saisi anitt 1 25 5 it

K
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unit2: si les projets du
gouvernement ne respectent pas
1" article 3 de la Constitution

there are many research questions
which cannot be answered without
considering sentences in the context
of a larger discourse.

encode linguistic representations and

exhibit generalizable abstraction but is

limited to morphology, syntax, and
semantics.
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A unified label set!

attribution, comparison, elaboration, framing, mode,
reformulation, adversative

structuring

\

RQ1: Do LLMs encode discourse information? thematic

RQ2: Do LLM discourse representations generalize across languages?

causal-

: causal, contingency, enablement, explanation, evaluation
argumentative

want more details?
code and paper:

¢ model size alone does not lead to discourse probing
success; instead, multilingual training, dataset
composition, and language-specific factors play
significant roles.

Lo e topic-change, topic-comment, topic-adjustment
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We use a probing approach [1] on the testbed

discourse representations are best aliened across ) ) oo L.
- P & of discourse relation classification

languages in the intermediate layers, with later layers
refining these representations for specific relation types.

< Experimental Setup

data: DISRPT 2023 [2] @ 23 decoder-only LLMs
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< 13 languages from five language families
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< 224,281 discourse relations from 23 corpora
across four frameworks

If the @l velocity @ increases then | the | pressure falls

< Results & Findings

1) overall performance 2) by language/language-group performance of Aya-23-35B-probe

Larger models have better
discourse representations
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3) layer-wise performance (Aya-23-35B)
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unit1: Respondents were allowed to choose
one response from 11 categories.

4) confusion matrix of Aya-23-35B-probe
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unit2: For the present analysis , these
responses were recoded into nine mutually

exclusive categories elaboration
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