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Do GPTs Produce Less Literal Translations”

[Raunak et al., ACL2023, short paper]
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How Good Are GPT Models at Machine Translation?
A Comprehensive Evaluation [Hendy et al., arXiv]
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How Good Are GPT Models at Machine Translation?

A Comprehensive Evaluation [Hendy et al., arXiv]
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Characteristic

Examples

GPT produces reasonable trans-
lations for erroneous, short or
unconventional source sentences
(EN-JP)

SRC: please try to perfprm thsi procedures”
GPT: ZOFIEZHR L TLZE W, (84)
WMT: perfprm thsi procedures” %2 T L TA T E W, (53)

ENU: Ms Truss said: "The UK is providing vital humanitarian as-
sistance in Afghanistan this winter.

GPT: Truss [Ki&, 9% A XV RRT7 7H=RAX  TEHER
NEXBRZRELTVET ) ABXREL . (85)

WMT: b7 28, MEERZZOE 77 H=RAX TEE
RNEXBREZIT> T3, (68)

GPT produces undesirable direct
/ literal translations (EN-JP)

ENU: Or they’ll claim that shredded ballots were fed to chickens
that were then incinerated.

GPT: ¥7z1%, o1k, bEFNAEREHKIBICIEZI 6N, £
DERPEHNE NIz FIRLE T, (50)

WMT: %703, Ml SR EZHESBOBE L 2D ZO®EE
HENn FRTE7255, (85

ENU: The Trump supporter has also pushed for debunked claims
of voter fraud in Arizona.

GPT: b 7V 7XFERE. 7V VT ORFEAIEOBEE S - iR
HHELEDTVE T, (61)

WMT: b 7 ¥ 7RKREADZFFE . 7V Y FMNTORERTERE
ROBRBHHAEL TV, (90)




GPT produces reasonable trans-
lations for short, colloquial
source sentences (JP-EN)

JPN: 55 ANTRESAH, BoTVELE,
GPT: A popular actor said, (52)
WMT: A popular actor once said, "’It’s not like that. (37)

JPN: o TWHGERE Y oDPTHEL oL RIEATIN, ¥ I T
HlzDPBOHEBERA -

GPT: I saw something about it somewhere, but I can’t remember
where... (67)

WMT: But I can’t remember where I saw it... (42)

GPT generates hallucinated
words (JP-EN, EN-JP)

IPN: D52 KK R FT I LR 20d LARVWIESRE
B—YE > TRWAHE S 2,

GPT: It might look like it has some udon in it, but there’s actually
no udon in this bowl. (13)

WMT: If you look very closely, you may understand a little, but
they don’t use any eel at all. (56)

ENU: Greece’s Defense Ministry also confirmed that the deal with
Paris was "final,” since it had been negotiated at the "highest level
possible” and "personally announced” by the Greek PM Kyriakos
Mitsotakis.

GPT: ¥V x DRMKEARIZ. RV OHGIH TBEH
BRBD) THEZLZ2MBLELL, ThiZ. FVT YD
7L 327 I YA+ F Kyriakos Mitsotakis 3 [/ L X)L TR
) L. MEARNCHEER) LD TT, 42

WMT: ¥V > v EBERZ L2, ) L OEEIZ TATREZRFR D &
LAV TRBEN, FUTYDOFYTAR IVHEFR
BHHICX > T MAARICERS ) 72, TR TH2
Tt eERB L, (92)
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« Prompting PaLM for Translation: Assessing Strategies and
Performance [Vilar+, ACL2023]

e Leveraging GPT-4 for Automatic Translation Post-Editing
[Raunak+, EMNLP Findings 2023]

 Prompting Large Language Model for Machine Translation: A
Case Study [Zhang+, 2023, arXiv]

 Multilingual Machine Translation with Large Language
Models: Empirical Results and Analysis [Zhu+, 2023, arXiv]
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