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You are an English linguistic expert, skilled in identifying phrase breaks when
reading textout loud. Your task is to label phrase break boundaries for
the given input sentence given the following information.

A phrase break in the input sentence is represented as follows:

- #: This symbol is added after a word when a phonetic pause is needed while
reading the sentence aloud.

- /: This symbol is added after a word at the end of a sentence, such as when
it is followed by a period (.), an exclamation mark (!), or a question mark (?).

The desired output format for the input sentence is the original sentence,
with each word concatenated with #, /, or no symbol, while maintaining the
original spacing between the words.

The input sentence must not be altered in any way, and no word should have
more than one break symbol attached.

Prompt

For the following input, please return the desired output in the correct format,
preceded by Desired Output:

Please provide only the direct answer, with no introductory phrases or analysis.
Remember to try speaking it aloud, before you annotate!

Here are some examples of inputs and their desired outputs.
Input: I got a big date coming up, do you know a good restaurant?
Desired Output: I got a big date coming up,# do you know a good

restaurant?/

Based on the les above, d this input.
Input: How will this new technology affect the world of commerce and mobile?

= | Desired Output: How will this new technology # affect the world of commerce
3 | and mobile?/
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Table 1: %) FFagirEikss (k). @it g (%) &
NiEEGTFHEEREL (%), BT NAFREE.

Annotation Type Pass Rate AP 1P SB
Human  HA 100. 79.0 (11.3) 9.2 (10.4) 11.9 (6.1)
H-T 100. 79.3 (8.2) 8.8 (7.4) 12.0 (6.4)
7S 98.1 18.4 (7.4) 722 (11.1) 9.4 (3.9)
FS, k=2 99.3 86.1 (6.6) 4.6 (6.5) 9.3 (3.8)
FS, k=4 98.5 84.8 (6.4) 5.9 (6.7) 9.3 (3.7)
FS, k=8 98.4 83.1 (5.9) 7.6 (6.4) 9.3 (3.7)
LLM FS, k=16 98.4 82.3 (5.8) 8.5 (6.3) 9.3 (3.7)
FS, k=32 98.5 83.2 (5.9) 7.5 (6.4) 9.2 (3.7)
FS, k=64 98.4 82.9 (5.9) 7.9 (6.3) 9.2 (3.7)
FS, k=128 98.3 83.2 (5.8) 7.5 (6.3) 9.3 (3.8)
FS, k=256 98.1 82.3 (6.4) 8.0 (6.6) 9.7 (4.1)

(a) Annotation agreement (b) Krippendorff's alpha
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Table 2: 3#i& P A Lz LLM 280 %M., &8 H-A
& H-T 15 R BATAREOG AL ITS & FI, 5 ASAL
EFENGETE,

Annotation Type

Human Score  F1 (H-A) F1 (H-T)

Human H-A 56.30 - 82.14
H-T 85.70 82.14 -
A 0 39.31(-42.8)  39.56(-42.6)
FS, k=2 71.61 79.52(-2.6) 86.12(+4.0)
FS, k=4 72.50 80.13(-2.0) 87.33(+5.2)
FS, k=8 75.13 80.79(-1.4)  88.31(+6.2)

LLM FS, k=16 76.61 80.73(-1.4)  88.56(+6.4)
FS, k=32 78.61 81.17(-1.0) 88.74(+6.6)
FS, k=64 79.46 81.33(-0.8)  89.55(+7.4)
FS, k=128 81.60 81.89(-0.3) 90.19(+8.1)
FS, k=256 83.72 81.81(-0.3) 90.25(+8.1)
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Table 3: fEAZEFe LLM & sty ETRSES VHERLE To RN,

Annotation Type X = French X = Spanish

P Pass Rate  Human Score F1 (H-A) F1 (H-T) Pass Rate  Human Score F1 (H-A) F1 (H-T)

Hume H-A 100. 67.50 - 82.91 100. 53.60 - 73.56

whan g 100. 88.20 82.91 - 100. 86.70 73.56 -
FS (X 16 — X) 91.1 81.75 7719(5.7)  83.74(+40.8) 98.8 89.87 TT14(13.6)  77.28(+3.7)
En4+4+X12—-X 94.2 78.73 79.09(-3.8) 85.13(+2.2) 99.3 91.14 74.03(+0.5) 77.13(+3.6)
LLM Ens8+X8—X 97.0 84.07 81.27(-1.6)  86.43(+3.5) 99.7 91.14 72.98(-0.6)  76.96(+3.1)
Enl12 + X4 — X 99.7 84.89 83.63(+0.7)  86.89(+4.0) 99.8 82.28 71.28(-2.3)  TA17(+0.6)
En16 + X0 — X 100. 79.50 84.77(+1.9)  86.02(+3.1) 100. 70.90 7T1.55(-2.0)  73.48(-0.1)
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