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BACKGROUND & PREVIOUS WORK THE DATASET

Background & Motivation: Acquisition method:

. Common practice in Germany: Language Proficiency » Data acquisition with WUSCHEL [9], a game-based task in a
assessment (LPA) for preschool children [1] custom-made app: children interact with virtual character,

» Most applied LPA methods: test for children’s vocabulary Enswe(;.que?tions to prﬁﬂess throCtIJgh coherent scenes
size, grammar skills [2, 3] and morphology [4] but not * Recordings from 167 children aged 4-6 years

fluency Data: 28 scenes, 2 answers each = 56 segments (& 7s duration)
» Speech fluency correlates with language proficiency, e.g. per child; muting non-child speech

[5], [6], [7] o , Annotation: Manually annotated 14 children (748 utterances,

- Need for an individual assessment of child’s fluency 7204 tokens)

« Assessment by human raters is 1) complex, ii) time
consuming, 1i1) inconsistent
- Aim: development of automatic annotation of fluency -
related phenomena

Previous Work:
* Most prior models based on adult speech, binary labels or <Filler> |der| |der| Willi hat  incine Tasse | versteckt
single disfluency types - limited coverage of fine-grained
disfluencies in spontaneous child speech FPl P RP| P 10| 0 0 |00 0O 0 P
« Adaptation of BERT-based model [8] to German child speech —
Count in % - Train
Overall F1 Overall Accuracy Loss - Training
RS 0.58
PW 1 0.95 0.65 0.96 0.6
RV 11.63 0.5
RP m 258 0.5 ’ 0.3 ‘
P mEEESS—— 35.75 0.5 0.95 0.2
FLU s 56,58 0.45 ’ 0.1
Count in % - Validation 0.945 4 o
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RS 0.2
PW 0.6
RV 1 0.73 roken-level Confusion Matrix * Final macro F1 score: 65.7%, final token-
;E ' 299 - M 001 level accuracy: 96.0%
B 2.25 ' ' ' - . . . .
I N I N N - outperforming majority baseline: 56.86%
FP .
FLU s 56.86

08 | o Performance is strongest for most frequent
classes (FLU, FP, P)

o

Preprocessing:

Consolidation of labels = final label
set: filler particles (FP), partial
words (PW), repetitions (RP),
restarts (RS), revisions (RV), pauses
(P), fluent tokens (FLU)
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 Rarest classes often misclassified as FLU
- due to imbalanced dataset

X
-

* RVs: often misclassified as RPs
- RVs (in contrast to RSs) often being minor
corrections (e.g. function words)
Training Process: - repair = single word (similar linguistic
« German BERT fine-tuned for Predicted properties to those of RPs)
token-level sequence labeling
* Train/Val Split: 80/20
« 60 epochs, Learning rate: 3 x 10
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» RSs: often misclassified as Ps
- both appearing at utterance boundaries
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