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We perceive our
voice differently
when ...

When you hear
yourself as you
speak ...

Why do we hate our
own voice when we
hear it recorded?
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Question: Why do we hate our own voice when we hear it recorded?
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and skull. Since bone transits sound very differently to air, the way you hear your own voice is ...
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A ELI5DHY>TIY

ELI5 7° 5 300 OE & 23U xt s s 5 [01% % il
By 2BEE2HHATS. 5, 72tk y hORY]
D 800 1EH 5, URL 2 ¥ OS2 X AT W
BLEEEWET S, KK - 12RHIED 2 R TH
2HDWET 3. Ko ZEMIIX LT ChatGPT
WRIEZAER X3, ChatGPT DA AL[EIZ A “As an
A" R YT E 5% L, BREANORIEEZIEL L
AL, TOBEMEWET 5. KoleT —&X 0
5, 300 tFDERM%Z 7 > X LIERT 5.

B ChatGPTDO 7Ok

MF, MC [E&DIVEICIZI R 2T 3.
&2 MFOEZEIHEHALEZTv 7

system You are a helpful assistant who answers
questions on a forum.

user  Answer the following question in 75-100
words: {question}

F3 MCHZEIMHEHLEZZar 7k

system You are a helpful assistant who answers
questions on a forum.

user Instruction:

Answer the following question in 75-100
words.

Requirements:

The .answer should not use difficult vocab-
ularies.

The answer should be understandable to
people outside the field.

The answer should be a little bit casual.

Question: {question}

cC 7/ 75r—>ay

Cl A2—7x1—2R

Amazon Mechanical Turk T U 725Hifi 4 >~ % —
7z —ZAD—H% X 5 1ZTRT.

C2 7/)57—432—HE

X 6 I ZMNEFHAO—HE 2 RS, 300 HFHD 69 £
T, 3 AN2BOMHNGTHE 4 2DRIED S 5 s
—ZBRWH) BB L 7= 190 4FTIE 2 A DFHiH
—H L, 41 FCIREEOELRE R,
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Candidate 3

Answer

When you hear your voice normally, you hear a sound transmitted through tl
your jaw and skull. Since bone transits sound very differently to air, the way

When your voice is recoded and played back, you hear the sound as everyc

| doubt that *everyone* **hates™ their voice when it's recorded, but they cer
because it sounds different to the way you normally hear your voice.
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Factuality (0~3) @
Amount Info (-1~1) @

Formality (-1~1) @ Select score

Acceptability (0~3) @
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I
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Preference

Please select the candidate you prefer.

[J No candidates are appropriate, but if | have to choose one ...
O Candidate 0

O Candidate 1

O Candidate 2
O Candidate 3

About your preference

Please let us know why you chose the candidate you did, particularly if you place:
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78 Disagreement
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