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Model Parameters

German, RZ2=0.85
a=022,=0.18

Catalan, R2=0.75
a=019, B=0.33
Chinese, R2=0.72
a=0.14,B=1.7
Persian, R2=0.78
a=0.23,B=0.068

Estonian, R = 0.84
a=027,8=0.025

Mongolian, R =0.78
a=0.28,=0.012

Turkish, R2=0.77
a=027,8=0.023
Arabic, R2=0.85
a=0.27,=0.023
Swedish, R2=0.75
a=0.19,B=0.36
Latvian, R?=0.83
a=028,B=0.017
Slovenian, R?2=0.76
a=0.26,B=0.035
Tamil, RZ2=0.76
a=0.18,B=0.67

Japanese, R? = 0.68
a=017,3=0.54

Indonesian, R2=0.76
a=022 B=0.15

Welsh, R = 0.73
a=0.22 B=0.15

Scaling from 250M to 18B Parameters

ST performance improves
from <10 on 15 languages
to>100n 17 languages

ASR WER can be directly
modeled with a power law
function

Substantial improvements
from 2B parameters to 18B
parameters! Current
models may be too small.

WER/CER
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Model Size

Scaling Data and Compute

English, R?=0.82, a =-0.19, B = 5.7e+02
Russian, R2=0.81, a=-0.25, B =4.4e+03
Japanese, R?=0.75, a =-0.29, B = 5.1e+03
Chinese, R?=0.81, a=-0.24, B = 2.3e+03
German, R*=0.83, a=-0.3, B = 7.2e+03
French, R2=0.84, a =-0.28, B = 7.6e+03
Spanish, R?=0.79, a =-0.34, B = 1.7e+04
Catalan, R2=0.80, a=-0.41, B =6.7e+04
Dutch, R2=091, a=-0.28, B = 1e+04
Belarussian, R?2=0.74, a =-0.32, B = 1.8e+04
ltalian, R? = 0.84, a = -0.46, B = 2.5e+05
Bengali, R?=0.79, a =-0.37, B = 5.3e+04
Javanese, R?=0.78, a=-04, B = 1.7e+05
Persian, R?=0.73, a=-0.27, B = 1.2e+04
Polish, R?=0.87, a =-0.3, B = 2.3e+04
Portuguesse, R*=0.74, a =-0.33, B = 2.6e+04
Tami, R2=0.79, a =-0.35, B = 3.8e+04
Cantonese, R*=0.88, a = -0.34, B = 5.5e+04
Turkish, R2=0.90, a =-0.28, B = 1.7e+04
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Zero-shot Behaviors and Emergent Abilities

Orthographic Understanding

In-Context Learning

= e I Mo iy &= W BCER Params. | k=0 k=1 k=2 k=3
60 15 °
s 0.25B 369  35.1 33.7 345
Ol'thogl'aphy Example b - O.SOB 53.3 39.2 w 33.9
L 1B 41.8 350 31.6 318
Romanization (zh) | shishishi ,, 0 B 473 351 319 332
Simp. Chinese EIf L | NI s 1T . s 4B 404 324 312  31.8
Trad. Chinese =5fF LT ‘; | N e 6 © e e_ o OB 38.3 31.3 78.1 27.4
Romanization (jp) | hashi 191 187 — - 5.'" . 18B 41.3 32.7 31.3 28.1
Hiragana Ii L/ 20 .4 152 144 i 0 @ 2
E:L?i‘ana %‘/ ' - We teach the model to
perform ASR on Quechua
’ 025B 05B 1B 2B 4B 9B 18B ° 025B 058 1B 2B 4B 9B 18B

Size Size

Larger models can be better at choosing what writing
system to use. Left shows Chinese, right is Japanese.
We calculate CER at the character level and phone level.
Phone level performance stagnates, but character-level
Improves!

using ICL.

Concatenate prompt audio
and text along time dim.
Larger models are better at
using more context!

Semantic Mishearing

Params. | PPL  MOS
Original | Alle burgers van die Vatikaan Stad is Rooms Katoliek.
0.25B 1338 1.9 0.25B Alabarkers fan diva
0.50B 728 4.1 0.5B Alabama cares for the development of the reservation.
1B 559 3.5 1B allebergers van the valley
2B Alabama kerrs fan the game.
2B 491 3.6 4B Alabama, Cars, Fan, Diva.
4B 436 3.8 9B All the birds catch the worm.
OB 372 4.8 18B All the workers found the vat.
18B 429 4.4

Humans can mishear audio into semantically informative
sentences. “Bon Appetit vs Bone Apple Tea”

Larger models are more li
smaller models are more

kely to do the same, while
ohonetic.




