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Motivation RQ1: DACL on In-Domain (Spotify)
e Disfluencies are e \We perform Disfluency Augmentations on 1,020 podcasts
common in everyday ,.. from the Spotify Podcasts Dataset [7].
speech [1]. e o Repeat and Interjection augmentations: Samples are
. factor, N= . . g
e Data which does not drawn from X~N (u=10, o=1) for finding the positions
contain disfluencies < ot Text: An;er,-eciu:@_ - where we repeat the last word or inject interjections N
. L "m ir ugmentation Outpu . . . .
is beneficial for i sotiedioftey factor, N= times; interjections are randomly selected from: uh, um,
performance on — well, like, so, okay, you know, | mean.
downstream tasks Aggc'p;:t;g@\ o False start augmentations, sentences with at least 4
for conversational °- words are sampled with 80% probability, and the first 2
systems, words of the selected sentences are injected N times.
summarization, and This dataset is in-domain for the Switchboard (SWB) [8]
machine translation | dataset, as both are transcribed spoken text.
backbone model for the training Method o i
P R F 1 2 L
stages.
Resea rCh J Repeats Augmented [0, 1, 5, 10| shuffled (no CL) 26.35 46.99 33.76 | 73.47 6843 73.33
. e As we perform CL we see the scores |neeriections Augmented [0, 1,5, 10] shuffled (no CL) 27.69 48.35 35.22 | 70.33 66.52 70.18
_ _ ; Repeats 0 — 0,1 — 0 93.87 872 1596 | 89.64 83.97 89.65
e RQ1: How will IS low but gradually increases Repeats 0 — 0,1 — 0,5 — 0 9572 9.80 17.78 | 89.77 84.09 89.78
_ L . Repeats 0 — 0,1 — 0,5 — 0,10 — 0 95.76 10.04 18.18 | 89.79 84.11 89.78
DACL perform with showing its ability to understand Repeats 0 — 0,10 — 0 9209 429 8218932 8365 89.32
CLII’I’ICU/UIT) dlsﬂuenC|eS better Wlth each Step J(EQS:‘.;BI%S? (?e:;ztesgt;r?s: 110—_0,05—0, 10—-0, Inter- 9480 14.74 25.52 | 90.14 84.62 90.13
In_Doma in ROUGE scores and decent P, R, Curriculum Learning on Spotify Fine-tune on SWB? TORiEased RO
P R F 1 2 L
Datasets? and F1 score.s. No (T5-base) N |17.74 4925 26.08 | 05722 05124 0.5696
. - Y [ 93.57 83.66 88.34 [ 0.9752 0.9598 0.9750
@ RQZ.’ How will e In non CL StUdleS’_the models N (9480 14.74 2552 | 0.9015 0.8463 0.9014
, DACL-Best Y, 14 hs - DACL+FT | 97.10 84.75 90.50 | 0.9795 0.9650 0.9793
DACL perform with exhibit low P but high R scores on - Y, Overfitting, 66 epochs _DACLYFT (Overfit) | 96.10 90.25 93.08 | 0.9855 0.9758 0.9854
Curriculum the SWB test set.

. e This skip-CL study shows the importance of the Method Word-based
Learning on . . . P R F
Out-of-Domain intermediate steps in the CL process.

Datasets? e Directly fine-tuning T5-base on SWB yields decent gﬁgt’;:g Ot gg-: gg; gg-g
' scores. However, the model returns empty strings EGBC (Bach and Huang, 2019) 959 863 900
in few cases. EGBC + residual (Bach and Huang, 2019) 96.1 86.9 91.2
Refe rences . . . Self-Trained BERT-Based Parser (ensem- 92.5 97.2 94.8
[1] Elizabeth Ellen Shriberg. 1994. Preliminaries ¢ Flne-tunlng DACL_BeSt On SWB erIdS a mOdeI that b|6) (JamShid Lou and JOhﬂSOﬂ, 2020b)
to a theory of speech disfluencies. Ph.D. thesis exhibits the h|ghest P and shows decent R and F Self-Trajned BERT-Based Parser (single) 92.2 96.6 94.3
[2] Sharath Rao, _et al. 2007. Imp.rovllng spoken (Jamshld Lou and JOhﬂSOﬂ, 2020b)
moval evence fom comereatonal speecn | SCOMES. Noisy BILSTM (Bach and Huang, 2019) ~ 94.7 89.8 92.2
o e o e e Overfitting DACL-Best makes it identify more words  Weight sharing (Wang et al., 2018) 92.1 90.2 91.1
[3] Eunah Cho, et al. 2.014. Tight integration of . " BILSTM (Zayats et al-’ 2016) 91.6 80.3 85.9
e each disfluoncy removal into SMT. In and phrases as disfluencies at the cost of P. Semi-CRF (Zayats et al., 2016) 900 812 854
onference o e curopean apter o e
Egszc;iation fofrtgoriputgtiona?tinguisti];g,] pages _ _ _ _
St g 20 s RQ2: DACL on Out-of-Domain (WikiSplit)
In AAAI Conference on Artificial Intelligence, . . .
volume 34, pages 9193-9200. e CL on Spotify outperforms WikiSplit [10] as
Ly Hasean, 8L 201 Beamentation and ' L Curriculum Learning on WikiSplit  Fine-tune on SWB? | "vord-Based BIUGE
e et | the presence of inherent minimal speech & g on SR R F] 1 2 1
i[ri]p'\;'gt”sfzeiﬁl‘j’eﬁi?'(‘)ﬁ%ii‘kgr‘:iﬂﬁgf e disfluencies in the transcribed SpOtlfy texts I N| 1774 4925 26.08 | 05722 05124 05696
summarization. In Proceedings of the 2024 Joint addS some nOISG to the tl’alnln rocess 9 (Forase) Y | 93.57 8366 88.34 | 0.9752 0.9598 0.9750
International Conference on Computational g p DACL-Best N|71.09 6812 69.58 | 0.9391 0.9086 0.9386
Linguistis, Language making the model more capable in Y | 9513 87.00 90.89 | 0.9816 0.9691 0.9815
N S identifying disfluencies.
[8] Godfrey, John J and Holliman, Edward. 1997.
Switchboard-1 Release 2.
[9] Colin Raffel,. et al._ 2020. !E.xploring the limits i i i i i i
S e v A e e o e We find that performing DACL on our in-domain dataset (Spotify) results in the best
Research, 21(1):5485-5551.

precision and favorable recall and F1 scores for the disfluency removal task.
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