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BERT: Bidirectional Encoder Representations from Transformers [Devlin+, 2019]
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BERT++

Microsoft
Human baseline 89.8

OpenAl
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https://sh-tsang.medium.com/brief-review-deberta-decoding-enhanced-bert-with-disentangled-attention-focdb9a8bf0b

0




VRAIVEBETIVICEAXDETY V0

SERT iﬁ%l/j— ~LTWhah?

NOEVCEMRAT Y O— R e« 2 =:E BERT ©°H X EH TV
[Coenen+, 2019] I — [ [Chi+, 2020]

(n) Chinese 49 -

“The sale of Southern Optical is a part of the program.”

(b) Postnom.

: (a) Objects/
- adjectives

(c) Genitives
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part ig " (m) Proper —_—
® advmod
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; a . The ® case
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. ® det
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Google’s Multilingual Neural Machine Translation System [Johnson+, 2017]
EHEENTORILE®ROIRY FLoa]B{ (FLEHELERD)

®

e Japanese: H I K 7Td. —1
am a student at Tokyo University.

Ma e Korean: U= =% tjgte] 34U —
as—F ~ ‘ (,A‘ . I am a student at Tokyo University.
s, o ] A N ) . o Japanese/Korean: 13 8 51 K584 9 U
’ o . — I am a student of Tokyo University.
f E W } A - ™" ‘ ® o ky ty
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: ; o | Ly ‘ earth.
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Language Models are Few-Shot Learners [Brown+, 2020]

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

ﬁ%mw\fh%$%

Title: United Methodists Agree to Historic Split

Subtitle: Those who oppose gay marriage will form their own denomination
Article: After two days of intense debate, the United Methodist Church

has agreed to a historic split - one that is expected to end in the

creation of a new denomination, one that will be "theologically and

socially conservative," according to The Washington Post. The majority of
delegates attending the church’s annual General Conference in May voted to
strengthen a ban on the ordination of LGBTQ clergy and to write new rules
that will "discipline" clergy who officiate at same-sex weddings. But

those who opposed these measures have a new plan: They say they will form a
separate denomination by 2020, calling their church the Christian Methodist
denomination.

The Post notes that the denomination, which claims 12.5 million members, was
in the early 20th century the "largest Protestant denomination in the U.S.,
but that it has been shrinking in recent decades. The new split will be the
second in the church’s history. The first occurred in 1968, when roughly

10 percent of the denomination left to form the Evangelical United Brethren
Church. The Post notes that the proposed split "comes at a critical time
for the church, which has been losing members for years," which has been
"pushed toward the brink of a schism over the role of LGBT( people in the
church." Gay marriage is not the only issue that has divided the church. 1In
2016, the denomination was split over ordination of transgender clergy, with
the North Pacific regional conference voting to ban them from serving as
clergy, and the South Pacific regional conference voting to allow them.
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Language Models are Few-Shot Learners [Brown-+, 2020]
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crawl CC-MAIN-2022-49 @ Jan Leike
language % | % M :

N
I

el \\Vith the InstructGPT paper we found that our models generalized
Rl to follow instructions in non-English even though we almost
Xl cxclusively trained on English.

4.7768
We still don't know why.

4.5969

|

|

|

|

|
T ‘7°E|3 -zl | Wwish someone would figure this out.
H ZIKEEC;M% 4.4586

<unknown> 2.7037 93.15

https://commoncrawl.github.io/cc-crawl-statistics/plots/languages %g
https://twitter.com/janleike/status/1625207251630960640
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—Pruning Multilingual Large Language Models for Multilingual
Inference (EMNLP 2024 Findings%
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A SIMPLE AND EFFECTIVE PRUNING APPROACH FOR LARGE LANGUAGE MODELS [Sun+, 2024]
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HRX R 7 TMNY L1255 LLM (4

Y OY 3y FMERZEENDDME T 5

MR X7 TEAZRANY LT LLM Ogpo_rge DEFHIDITEER
Model Weight De Ja Fr Es Zh AVg.
0 640 646 602 608 67.6 634

T, g i
i%ﬁﬁxm IRy 04 Rl e

493 523 554 534 51.1 523

) XGLM_ZgB’ mGPT_17B’ - Z: 644" 669 608 608 692" 64.4
BLOOM-3B (Tﬁi/‘lj) %tt@"& Orrn 641 6637 60.87 61.00 6877 64.2

Onp, 645 644 605 600 68.0° 63.5

_>G PT é: 'ﬂ;( 7": 7J— —_ 7° D |_|_|\/| Oue, 638 66.17 600 604 69.5 63.9

Oswrn 639 648 598 603 685 63.5

* G‘)R d‘j: 7 Q-[A CCE%%‘%%& ﬁ_ 6 659 563 64.1 656 539 61.2
%Ej C'(l/\\\_ A 3 /r 4 o LRP2 - - 517 524 507 -

CGpT  Oraa 528 544 503 508 519 520

e | RP? (Language Represenation Onr 664 571" 636 657 552" 616

664" 5727 646" 659 553 61.9

—_— QES—En
Projection) [ 3 E E’\]EEE%'{E/) e Omen  66.1 569 647" 659" 555 61.8
— = Bk N — N Oup, 6627 5777 637 656 5547 617
20—9 7& EIH_T_ET %) 5@ Ly'N— X J /f S Bi-c 6631 510 647 658 553 617
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YA 3y FEREZEED M LT S
B Y L7z LLM Ogpe_rgetd 7 B R Y v AILHERRD RS A L

Model Weight Ar Bg De El Hi Ru Sw Th Tr Ur Vi Fr Es Zh Avg.
0 440 41.8 4l1.6 440 447 395 425 442 41.0 427 452 450 352 439 425
LRP2 - - - - 44.6 - 42.4 - - - 46.4 36.0 45.1
Orana 324 335 346 339 332 335 343 34 33.2 348 335 362 344 339 339

XGLM i i il T i i T i 1l il T il
Oppn 449" 458" 4207 462" 449 430" 435" 4547 425" 428 417" 4727 307" 472" aas

Op. g, 443 4597 4257 456" 447 432" 4337 4597 428" 425 4757 470" 36.37 468" 44.1
Oz-pn 441 459" 430" 459" 450 43.6° 425 455 4227 43.0 475" 4777 398" 467" 444
Omipn 437 428" 403 452" 447 4257 427 455" 410 422 455 462 372" 460" 433
Os._ g, 438 4457 403 4617 437 4177 420 456" 417 420 454 4647 389" 46.1" 434

e 392 397 350 41.0 389 392 340 41.6 399 399 422 423 394 418 39.6
LRP2 - - - - 352 - 344 - - - - 342 331 341 -
O 3330380300 330 33 & Sa A 35 33,0 o380 332 31 A8 Sl e 530 33,2

mGPT i ¥ i ¥ 1 i ¥ i ¥
Op—pn 393 395 363 419 40.2° 395 347 426 40.2° 40.0 428 42.1 397 41.7 40.0

Op._pn 40.6' 403" 36.6" 42.6" 3957 39.8" 352" 429" 401 399 435" 4257 404" 412 403
Oz pn 39.1 399" 3617 415" 39.8" 39.0 344" 434" 401 402" 4327 422 399" 414 400
Onipn 39.1 395 349 41.1 403" 389 345 4217 400 4057 426 421 389 41.6 397 19
Oc..p. 387 394 39 401 401" 388 345" 423" 398 407" 436" 425" 301 419 397
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src—tgt — = RH
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STHIHHT & R g ORY Y HINHRE R
Weight De Ja Fr Es Zh AVg. Ar Bg De El Hi Ru Sw Th Tr Vi Es Avg.
0 527 593 624 636 63.1 602 467 404 419 386 449 409 368 362 359 429 41.1 41.2
LRP2 - . 60.4 638 0663 - : 5 : 5 44.6 - 373 = = : 44.3 -
P Sl 582 522 523 529 524 328 331 333 329 335 328 332 335 331 33.7 34.1 33.3
Orpn 528 597 619 625 642° 603 470 403 422 395 4597 413" 369 365 356 41.9 41.2 413
Orrn 539 598" 613 620 636 60.1 470 406 422 389 455" 411 371 366 357 419 41.3 412
Ozmen 534" 594 621 627 646 604 467 403 419 3927 4537 411 370 367" 357 41.6 40.5 41.1
Ouien 525 596 609 61.6 646 598 4727 407 406 40.1° 452 416 360 37.0° 362 42.1 42.0 41.4
Oswpn 530" 596" 61.1 620 632 598 469 403 406 4037 438 413" 357 362 361 43.0 40.8 41.0
0§§°Egn 539" 599" 6277 63.1 639" 607 469 406 420 400" 458" 423" 374" 366" 356 413 41.6' 41.6
Ot 5360 6037 625 632 649" 609 47.17 408" 4227 399" 465" 413" 3727 363 355 41.1 42.2 41.6
6, 539" 509" 625 63.1 656 610 4727 405 422 4007 458" 412 371 360 358 42.1 424" 41.7
O 5327 602" 619 628 645 605 4737 403 412 403" 4547 416" 362 368 36.1 422 42.17 41.5
0% 5337 506" 618 629 6347 602 468 4117 4257 395 4557 412 369 36.6° 355 433" 452 413 450 416
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—Pruning Multilingual Large Language Models for Multilingual
Inference
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(Translationese MEZZEE N3 5 ) Test dataset

English
Instruction dataset Output

f' Select the alternative that @ Translation

R more plausibly has a causal | : F\ar
e >relation with the premise. ... | : o
@Translatlon + J:gfansisie I——Jl> [ :
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Please generate a simpler Japanese synonym for S VRBELGEARBORZREZEML T2,

the word.

2 You are an Al assistant whose purpose is to BT, =7V F XA OBHNLREH G
perform open-domain commonsense causal RITITHZEEZHNE LIZAITRAZ Y FTY, B
reasoning. You will be provided a premise and two 12 & 2D DBIREEAIRE SN, ZDREIL. AR
alternatives, where the task is to select the REERZIF ORBREZERT HZ LT,

alternative that more plausibly has a causal
relation with the premise.

3 Sentence 1: It will be high with a long wall and Sentence I: RLWEELREZHF I EVLWHDEL BT
capacity . L &9,
Sentence 2: It will be high , with a long wall and a  Sentence 2: ZhlFEWeE ZAICH Y BEHARL .
capacity . WBANEDZ NTL & Do

4 Besides Kuykendall , Robert White and Joshua AT T—ILIZIA T, BN—F - K7 A b &
Soule Zimmerman served as Chancery valal cR—IL RN T v —

Commissioner for Hampshire County . OB EFYIFT DI v aF—%2HoHE DE,
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English

LLM T4 X M7 3 ‘/%*_}32 [./ LLM T E|Zﬁ|ﬂ\ I will provide a review.

Please rate the given review based on the

Hgi%g E/\] E 70\ 73\ %}E 73: % J: A -—5 T\\'ﬂg_]__ —g— % following criteria.

Choose ‘{label_good}’ if the re-
view indicates a high evaluation and

Step 1 Step 3 ‘{label_bad}’ if it indicates a low eval-
D ame contents? | uation.
+ Instruct the Yes Review: {sentence}
oxtract the Instructiong, (go to Step 4) Rating:
answer ... I::> E> Japanese
L XN Instruction;, (back to Step 2) IS Pa—0XEE5EZXET,
ZTDL Y a—%2 A FOEREIZEDN
TFHMi L TL 7Z& W,
Step 2 Step 4 ZOlL¥a —ﬁf%n\%ig%%%f%é
. lZ‘{1label_good}’ %, W FEAT & =
generate {lang} instruction | make it more natural | j‘j-{% %?i‘ff;bgl_bad}’ % :g by ,@?
,—Is. _ A _ EEW,
+ Instruct the E> Instructiong, Instructione, E{> » E:> InStruc“one“—ﬁ“a' L ¥ 2 —: {sentence}
LLM t _
exrac e I:> Instruction; 2 ALt
aAnswer ... ja Instruction;, => X< > Instructionjg final
: 24
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YEEZDENHALWLADIEI R R -
LLMZ & ICER S (85FIZ0shot) 25

[T




PMETAE X X 7 L REEIRE R XD B R

BEMETRE X X 7 T LLM b‘fli?l@a&%ﬂ%z ~ %ﬁz&a‘%*ﬁz BEMETEE X X 7 TDE LLM D IEfER
HEKEE | f5rX
A iE 9&5}5_ 0 %_E 25.47 32.33 39.48

SR EE 8 18 2 NREE 20.07 22.19 31.47

QA RER 3 5 0 MR EDER 18.01 18.47 32.91

X RE L 28 15 3
Wﬁimﬁcﬂ iiﬁ%i% STIEABHETFRX N ([HE2 oM
SEICIFEMICH T 2ERLH Y T AL ) DERHIEMN

_)9%1:135 bﬂ_‘\j(@ﬁﬁ ¢7&¢%n)bﬁ¢§x 7T i% jJ
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LLM IS0 2 B E A N E S5 S

ﬁ%%m LR D HOEREN T L

AT X R 7 ICH T DR (éi@‘%ﬁ?% T%$i’7) LLM AY$E7R| 1E7r>72k WElE (& ﬁ%ﬁ?% T%iiﬁ)

R 87.66  90.58 89.15  :g %% 19.95 231 0.35
KB NREEE 77.57 90.56 80.47 FH5 WHm== 23.54 2 97 0.91
HHENER  83.96  88.82 79.06 g HiZE 4557  37.49 27.34
mEE 66.72 36.49 65.34 e RS E 61.14 58.33 46.90
IREFE XRSE 70.14 89.46 65.47
B ER 69.22 31.58 61.17
¢ 7 /\Jl/7f) ﬁ%@% BIINREZBIRETIXOMEELN TV

2RETN)LDI M%;amﬁwﬁﬁﬁﬁﬁﬁm

s WWREB TR L - aﬂ—é\ BRICED R WEIEA E WL
—EH LRV ELIGE L EBIE R DA DR 27
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(BPIFEVCHEIAET) M>ThHI e/l

LLM #° iﬁ%;‘éuéﬁt@;‘?&@rﬂex k %EW@“%EI

=m& | EEE 9.94 8.23 7.08
%%ﬂi SHERE G 7.13 6.43 6.22
Mg ZEEE 4.33 4.36 2.98
R IRESE 2.16 1.47 1.76

« REE bTTJz [FIEXSREFEDE A I

B BEZET—4X+t v T Llama3-i (HAZEESZIZEHhHE T
nﬂ%‘éﬂf- suzume) (ZXF L THEIFE X TR
FfEx D0 de|A)] oo, EERIE THRF U 27
—llama3 [Z=:5. Qwen2 [ZFHEZEZHOL AL

23



ELLMC 555
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—Pruning Multilingual Large Language Models for Multilingual
Inference
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ABIINTIARZHEDOICLLM xR LCXa7 (BENNA T X)
LM DT 74 XY FHSRECEIEEAELEDE S & WD HE

Provide a translation quality score on a scale of 0 to 9.
src : The weather today is sunny and warm, ideal for a picnic.
hyp: Das Wetter heute ist sonnig und warm, ideal fur ein Picknick.
src : | enjoy reading books in the park during the weekends.
Example 2  hyp: Ich genieBe es, am Wochenende im Park Buch zu lesen.

— Bucher

Example 1

src : She always reads a book before going to bed.
Example 3  hyp: Sie liest ein Buch immer, bevor ins Bett gehen.
— immer ein Buch — sie ins Bett geht

Example 1: 9 Example 1: 8
Example 2: 5 Example 2: 8 Q
Example 3: 3 < 5 Example 3: 8

Human Evaluator LLM Evaluator 31




PEMENER D mEHTE X A 7 T

LM OEAE/NA 7 ZZEFT AIREF
c TTA XY MEIEDOETILMNAFAAER LLM THR
e BEMENER OO B HEE (Direct Assessment) 2 X 77

MEEL7-\WC &
LM DODT T7A XY MIBENATRIZED LD LBEER 5 Z 5
DH ?

cBUENA T ADEEFIEBIEICREDIDH?
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Gemma, Mistral, Llama T7 7 4 X > bgi#& (Pre/Post) D LEE

Gemma-7b Mistral-7B-v0.1 Llama-3-8B Gemma-7b Mistral-7B-v0.1 Llama-3-8B
w8 8 8 OK:] 8 8
3 ;
n 6 6 6 n 6 6 )
© ©
(0] (0]
sS4 4 4 sS4 4 4
] ]
G2 2 2 G2 2 2
6] 6]
0 0 0 0 0
Pre Post Gold Pre Post Gold Pre Post Gold Pre Post Gold Pre Post Gold Pre Post Gold
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