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Filler particles (FPs), i.e. hesitation markers like uh or um, are often linked to problems in language
planning of upcoming material. More recent research has refined this perspective by linking the
occurrence of FPs to probabilistic properties of language: speakers are more likely to produce
FPs before words that are unexpected or less predictable in context, as quantified by surprisal [1],
[2]. Importantly, this has also been reported for simultaneous interpreting [3].

Beyond their mere presence, the phonetic form and duration of FPs may provide further insight
into the extent of the underlying processing difficulty. Germanic languages like German and
English usually distinguish between two major types of FPs: vowel (uh, ah) and vowel-nasal
combinations (um, ahm). [4] proposed that speakers systematically choose between these FP
forms to announce the initiation of either a minor or a major delay. They suggested that minor
delays were associated with vocalic FPs and major delays with vowel-nasal combinations.

The present study explores the following two research questions: Do form and duration of FPs
vary as a function of upcoming processing difficulty, operationalised as surprisal of the subsequent
linguistic material? Does this effect differ between original, non-mediated speech and
simultaneous interpreting?

To investigate this, we conduct a corpus study, analysing naturally occurring speech data. We use
the German and English components of the EPIC-UdS Corpus [5], which contains audio
recordings and transcripts of English and German speeches from Members of the European
Parliament and their simultaneous interpretations into English and German respectively. In the
corpus, each word is annotated with surprisal, which was estimated with GPT-2 language models
(English: [9]; German: [10]). Filler particles and other disfluencies were excluded when estimating
surprisal. The transcripts are time-aligned with the audio using WebMAUS [6]. For FP annotation,
we follow an adapted scheme based on [7] (cf. Figure 1). Annotations are carried out in Praat [8].
The first tier (ORT-MAU) contains the time-aligned transcript by WebMAUS. Two additional tiers
are introduced. In the FP-seg tier, pauses (s) are annotated separate from FPs. In the FP-full tier,
FPs are grouped with their surrounding pause context. Pause context is encoded using plus and
minus symbols (e.g., +uh-), where minus indicates adjacent silent intervals and plus indicates
continuous speech. When several FPs appear in a row (e.g. uh um, uh uh uh), they are annotated
separately in the FP-seg tier and marked as cluster in the FP-full tier.

For analyses, we run several mixed-effects regression models. Our response variables are FP
duration (once for each individual FP as in FP-seg and once including pauses and clusters as in
FP-full) and FP type (uh vs. um vs. cluster). Our main predictor is the surprisal of the next word
following the FP. We also fit a categorical variable for text type (original vs. interpreted) and
interactions between surprisal and text type to investigate possible differences in the effect of
surprisal on interpreting and non-mediated speech. All models include lexical frequency of the
subsequent word as a control predictor. We fit random intercepts for speaker and individual
speech. Results of this study will be presented at the poster.
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Figure 1: Example of FP annotation in praat.
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