Z-Scores: A Metric for Linguistically
wmn - Assessing Disfluency Removal

Maria Teleki, Sai Janjur, Haoran Liu, Oliver Grabner, Ketan Verma, Thomas Docog, Xiangjue Dong,
Lingfeng Shi, Cong Wang, Stephanie Birkelbach, Jason Kim, Yin Zhang, James Caverlee

Texas A&M University
Disfluencies Results

INTJ EDITED PRN
gpt—4o0—-mini
Set a Find me the nearest Where is my
timer for gas station — no, wallet, you M EF Ep ER ZE Zr Zp
, uh,
g iy O etore, k':)?ng,ltglsvg;c'( s Py 7269570 75.61705 70.48735 || 89.20523 61.89;508 69.022099
carry? S P 81.94; s 84.47,0> 79.905 45 83.670-,7 78.283 10 74.86-5 o5
S Pz 79.865_42 76.887,02 83.526.12 87.457,48 79.608,89 87.0915_45
oy
= £} &
— . ‘é’ Metaprompting Experiment. \We provide examples
n M “ of the most-failed-on categories of disfluencies, and
Smart Speaker Smart Phone Smart Glasses SEC that performance imprOveS.

Z-Score Framework
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Data Pre-Processing: 7' = { (t(z) ) 8 40 ) } » from t\” using disfluent node types: {EDITED,PRN,INTJ}.
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Previous Work: Classify each word in the original input as fluent (O) or disfluent (I) to evaluate disfluency removal performance

in terms of £-Scores.

Classification Classification
Dataset Model L abale Evaluation Scores
tdisfluent > c(tdisfluent) » toLs ; 8(‘) R . {gpa gRa gF}
ttag

Our Method: Align LLM output with original input to evaluate disfluency removal performance in terms of £&-Scores & Z-Scores.
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