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The Three Paths to Achieving Al
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Learn From Data

LLM = BII8UEES + S ANBA + MIASLIEFNIR
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What Are Large Language Models?

THMEESER (LLM) 2EF Transformer ZEMR0EE, S(@ BRESEBEEITLE
EEEE?EEEZKLHEr 24, IXLEAER SR REAES F XN A, ERTEH
JYL n*” |:|I~o

Artidles, Blogs, Journals

L

Cutput

https://becominghuman.ai/

| 1
NI 1.

Poems, MNews, Posts
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Language Models

s Input layer Hidden layer Output layer

N = 1 :[This|isialsentence| wgars: ; o . . . -
sentence o y; T ""\31 I "'H."II I ]
—T this s, ’. :
N'=2:[This|isjasentence|tgams: 52— ——> — . mim By erﬂ mim RNNLM
. # * .
N =3 :[This|is alsentence] rigams: 152 .

N-gram LM

LLM Transformer
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Large-scale PLMs become the foundational infrastructure of Modern NLP

BAE
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|4 N (FENEFEIREEARASIE LR TEIMZHW 1980
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SHAARRAORER TR MR SRR IR ES) + BIMEEMEE (RNN)
4.398 7121 54, @ RIS O TS e (GAN )
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Transformer 2843 )
2018-
llya SUtSke",eL,_._, By OUIE e bR , R
(OpenAIEEREIZER) B Tl
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Ding, CCL2023

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 7



o7l

XTIPC ZiBiERRMMAE

The timeline of existing LLM

O T5 G GShard Publicly Available
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~ {5 FLaN -~ e
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Ernie 3.0 Titan-;‘: InstructGPT Qj‘l 2022 27 CodeGeeX
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T -~ ¥= Flan-T5 =
cLam (5 MT-NLG g OPT 00 o FaLM 7 (wesvs| Vicuna
F
Flan-PaLM
GPT-NeoX-20B / 0 YaLM - e &2 pancu-x
4_'5 HUAWE]

-
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BLOOM 0 = ] V — }\( o~
GLM (&%) Tk-Instruct MAj2 \ - <7 Bard
. 7-10

NLLB
Cohere @9 (%N 0 LLaMA
AlexaTM a? *® / ——

BLOOMZ 0 11-12 m— |
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(Xin Zhao et al., 2023)
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The EV0|Ut|0nary Of I—I—M *GPTImproving Language Understanding by Generative Pre-
Training. 2018
Evolutionary » ‘ *GPT-2Language Models are Unsupervised Multitask Learners. 2018.
Tree Lo MG @;wog“"“ S 4@‘ s o ‘GPT-3"Language Models are Few-Shot Learners". NeurlPS 2020.
) { — *OPT"OPT: Open Pre-trained Transformer Language Models". 2022.
) *————*‘?‘L l-i 00 o -PaLM"PalLM: Scaling Language Modeling with Pathways".
G S0 basis Aakanksha Chowdhery et al arXiv 2022.
| | czal *‘BLOOM"BLOOM: A 176B-Parameter Open-Access Multilingual
e G | | \ @ ) =2 Qpﬁ:&:@" Language Model".2022.
| | m@m@m |/~ P ‘MT-NLG"Using DeepSpeed and Megatron to Train Megatron-
) STHEG : \ | 3G W Turing NLG 5308, A Large-Scale GenerativeLanguage Model". 2021.
LS9 MTNLGFGL‘*‘;”’\ =1y R 3a{l ‘)CoherqP -GLaM"GLaM: Efficient Scaling of Language Models with Mixture-
B \ | lmlc -2 f‘//f"" : | of-Experts". ICML 2022.
| ~—— ¥ *Gopher"Scaling Language Models: Methods, Analysis & Insights
G N from Training Gopher", 2021.
|

2021

«chinchilla "Training Compute-Optimal Large Language Models".
2022.

A 4 B 2 | -LaMDA"LaMDA: Language Models for Dialog Applications".2021.
x a e ‘LLaMA"LLaMA: Open and Efficient Foundation Language Models".
e g = 2023.
e — 2 *GPT-4 "GPT-4 Technical Report".2023.
) 0o ‘BloombergGPTBloombergGPT: A Large Language Model for
= Finance, 2023,

*GPT-NeoX-20B: "GPT-NeoX-20B: An Open-Source Autoregressive

(Yang etal., 2023) Language Model".2022.
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The Development History of GPT (Generative Pre-Trained Transformer)

@ GP1-3

OpenAl GPT

2018 2019 2020 2022 2023
GPT-1 GPT-2 GPT-3 ChatGPT GPT-4
Decodersity HZHIE B AEIE(45TB) BRERE ZIRS
PEiESIEE BEFIEES B AIREL(175B) RLHF Tools/Plugins
EH117TM £#1.58 M AMeta-Learning IESETERED Z1EidBHA S
Few/Zero-shotgg XhiEge SXABEXIEIEE
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Existing

Models

IEFRAMRESERE (ERIR
EEPAEEE 100{ZR9REY)
AUt EUE, BESEIHS.
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MRS,

http://www.miradeljan.com

Model Release Size Base Adaptation Pre-train Latest Data Hardware Training Evaluation

Time (B) Model IT RLHF Data Scale Timestamp (GPUs/TPUs) Time ICL CoT
T5 3 Oct-2019 11 - - - 1T tokens  Apr-2019 1024 TPU 3 - Iy -
mT5s Oet-2020 13 - - - 1T tokens - - - "y -
PanGu-cx Apr-2021 13+ - - - 1.1TB - 2048 Ascend 910 - vy -
CPM-2 Jun-2021 198 - - - 26TB - - - - -
TO 28] Oct-2021 11 Ta s - - - 512 TPU w3 ¥ h s -
CodeGen [77] Mar-2022 16 - - - 577 B tokens - - - "y -
GFT-MeoX-20B Apr-2022 20 - - - 825GB - 96 400G A 100 - s -
Tk-Instruct Apr-2022 11 TS v - - - 256 TPU v3 4h o -
ULz May-2022 20 - - - 1T tokens  Apr-2019 512 TPU w4 - e s
OPT [81] May-2022 175 - - - 180B tokens - 2 B0G A100 - e -
MNLLB Jul-2022 545 - - - - - - - W -
Fublicly GLM Oct-2022 130 - - - 400B tokens - 7H8 405 A100 &0 d W -

Available Flan-T5 [64] Oct-2022 11 5 o - - - - - "y

BLOOM Mow-2022 176 - - - 366B tokens - 384 580G A100 105d Iy -
mT0 Mow-2022 13 mT5 v - - - - - " -
aLig MNow-2022 120 = - = 105B tokens - = = i I
BLOOMZ Mow-2022 176 BLOOM - - - - - v -
Dec-2022 175 OPT s - - - 128 40G A100 - o y
Feb-2023 65 - - - 14T tokens - 2048 S0G AL00  21d & -
C Sep-2022 13 - - - 8508 tokens - 1536 Ascend 910 &0 d " -
Pythia Apr-2023 12 - - - 300B tokens - 256 406G A100 - ¥ -
GPT-3 [55] May-2020 175 - - - 300B tokens - - - W -
GShard Jun-2020 600 - - - 1T tokens - 2048 TPU v3 4d - -
Codex Jul-2021 12 GPT-3 - - 100B tokens  May-2020 - - W -
ERNIE 3.0 [90 Jul-2021 10 - - - 375B tokens - 384 V100 - Iy -
Jurassic-1 [&1] Aug-2021 178 - - - 300B tokens - 800 GPU - " -
HyperCLOVA Sep-2021 &z - - - 300B tokens - 1024 A100 1344 « -
FLAN Sep-2021 137 LaMDA-PT - - - 128 TPU v3 h o -
Yuan 1.0 [%3] Oct-2021 245 - - - 1808 tokens - 2128 GPU - s -
Anthropic [94] Dec-2021 52 - - - 400B tokens - - - Iy -
WebGFPT 721 Dec-2021 175 GPT-3 - - - - - s -
Gopher [59] Dec-2021 280 - - - 300B tokens - 4096 TPU w3 920 h o -
ERMIE 3.0 Titan [95] Dec-2021 260 - - - - - - - e -
GLaM Dec-2021 1200 - - - 280B tokens - 1024 TPU w4 574 h e -
Closed LaMDA Jan-2022 137 - - - 76488 tokens - 1024 TPFU w3 77 d - -
Source MT-NLG [57] Jan-2022 530 - - - 270B tokens - 4480 80G A100 - W -
AlphaCode [7E] Feb-2022 41 - - - 967 B tokens  Jul-2021 - - - -
InstructGPT [&1] Mar-2022 175 GPT-3 ¥ - - - - W -
Chinchilla [34] Mar-2022 7 - - - 1.4T tokens - - - W -
Pal.M [56] Apr-2022 540 - - - 7HOB tokens - 6144 TPU w4 - W o
AlexaTM [5] Aug-2022 20 - - - 1.3T tokens - 128 A100 120 d "y o
Sparrow Sep-2022 7 - - - - &4 TPU v3 - "y -
WelLM [101] Sep-2022 10 - - - 300B tokens - 128 A100 40G 24d o -
U-PalM Oct-2022 540 PalM - - - - 512 TPU w4 5d o y
Flan-Fal.M Oct-2022 540 PalM o - - - 512 TPU w4 37 h s "
Flan-U-Fal.M Oct-2022 540 U-PalM - - - - - o v
GPT-4 [458] Mar-2023 - - v - - - - o v
PanGu-% [103] Mar-2023 1085 PanGu-a - - 3298 tokens - 512 Ascend 910 100 d o -

(Xin Zhao et al., 2023)
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Dataset Statistics

. IU\E1E'L-I_
AN—&EEHANE 5TB

Statistics of commonly-used data sources.

C Si S Latest Update Ti
. ﬁﬁﬁlg E’Jw|k|§$_|_ SPB (1 PB 1024TB) DI'pDI'a 17¢e ource dtles P dle l1me
. T4 T BookCorpus [122] 5GB Books Dec-2015
. }\E(EETlEb%; 7gJ:EI’J P;Jr(% SSOPFB bookifap  Cutenberg [123] - Books Dec-2021
ouTubeffrEHLIM acebookBMEE. ¢4 73 800GB CommonCrawl Apr-2019
= 500PB CC-Stories-R [124] 31GB CommonCrawl Sep-2019
© 2000% BERLLEMERE 10008, 20100  Fr  NEWS(25] 120GB CommonCral  Ape2015
—‘—E = —‘—EE S . ¥ ommoneeraw pr- ;
EEM(EEE 450EB; BRIEERMEMEEE OpenWebText [126] 38GB  Reddit links Mar-2023
3600EB (1EB=1024PB) Pushift.io [127] OTB  Reddit links Mar-2023
- R EFTERIEFEUEZ 100ZB Wikipedia [128] ~ 21GB  Wikipedia Mar-2023
(1ZB= 1 024EB) BigQuery [129] - Codes Mar-2023
the Pile [130] 800GB Other Dec-2020
ROOTS [131] 1.6TB Other Jun-2022
« LLMYJI|Z
2’330001Z$1__| /=7 (Xin Zhao et al., 2023)

https://www.zhihu.com/question/365920362
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Dataset Distribution

T5 (11B) mT5 (13B)
100% 100%
GLaM (1200B) PaLM (540B)
22 % 31y
48%

Li]

30% 50%
Webpages

LLaMA (65B)

3
2% 8%
SD

87%

LaMDA (137B)

38%

50%

Conversation Data

GPT-3 (175B)

16%

84%

Galactica (120B)
8%

86%

Books & News

Fig. 2. Ratios of various data sources in the pre-training data for existing LLMs.

http://www.miradeljan.com

AKI/RFE 15T

MT-NLG (530B)

T
26% 470

0
- 62%
GPT-NeoX (20B)
30%
38%
10%
15%

Scientific Data

Gopher (280B)

=)

37%
60%

CodeGen (16B)

20%

10%
25%

O Code

6%

Chinchilla (70B)

40%
’ 56%

AlphaCode (41B)

(Xin Zhao et al., 2023)
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Dataset Preprocessing

e InstructGPT: IX2GPT-39—"1ZMK, T JEIXBFIESHIT T IUit. BE2021EEAG

WLFNA,

« WebGPT: #ZF20225F1H, WebGPTIALTHAFAIAARMER. BIARYAMATEIA8EE20225F

23,

e ChatGPT 3.5: 2022FF|K A%

Raw Corpus Quality Filtering

* Language Filtering
* Mletric Filtering

* Statistic Filtering
+ Kevword Filtering

+ a paper about LLMs.

http://www.miradeljan.com

E Alice is writing a paper about :
 LLMs. #5& Alice is writing |

De-duplication Privacy Reduction

« Detect Personality
Identifiable
Information (PIT)

« Sentence-level
* Document-level

+ Set-level
+ Remove PIT

___________________________

| Beplace ("Alice") is

___________________________

i Alice 13 wrtting a paper about |

E LLMs%ee—ta-“ﬁHﬂg-ﬂ-pﬂp&' : writing a paper about LLMs. '
, about B ; : i
K /R B] 3@ 1351

Tokenization

« Reuse Existing
Tokenizer
+ SentencePiece

* Byte-level BPE

i Encode ( ' [Somebody] is '
E writing a paper about LIMs ") '

Ready to
pre-train!

- -
-
-
___________________________

(Xin Zhao et al., 2023)
2023/11/23 14
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The Main Architecture of GPT 228 82000
E1P #25 - s ChatGP T ARSEhGHIEESS |
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4 A A FARE
13K prompts 33K prompts 47K prompts » e —
= xplain the moon s rite a stor - > 72 = e i
Riprompl  epepremer et RHHMPrompt | e e .
< R Gl Lot o
APromptH B 0 0 Y ;ﬁ\ gﬁé;ﬁzgigfihfewﬁéﬁm%\ WA 8
Y g}l\.@E Sl S PPO BEA. =ATENNI=2HRLE,

(c] (0] LR
@ e | ST @ E i# ﬁ E

J
FEIREEE p; y REEREN Y ALRMASARAS

HalttBElF 58S TREFERHRIR p
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to the moon... —wEs Once upon a time... REEHIR
WERA

BlIEHF 0-0-0:0 Y - FORHEEEK
RM g HIERNRBEARIES E (NLP) ik
HHESHRovard A, - e
LR \W q BREE ISt
ET<Prompt, B &> N RM ~
S £ — E 5 i e e . //?7\\
BT S EIE p RESFUIL g 1 iEReward®E v - (%
2RR Rewatl 6.6.0-0 FOREE Vw
. JAN ) xrﬂsi‘
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Outline

e Introduction of LLM

e LLM Performance in NLP
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LLM performance on NLP down-stream tasks

Information
extraction

Large Language Model Instruction
following

Object
recognition

Training » Adaptation

>3 Image
} captioning

Sentiment
analysis

https://blog.gopenai.com/
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Basic Fact - foundational models is rapidly evolving

IBSRENC RS —IERESHMIBRERERLEASS

Instruction data  Parameter-Efficient
EACL WEMNLP mCOLING mNAACL Fine-tuning Fine-funing

140 -
‘ 5N ChatGLM 6B
120 N :
100 )
80 i
6 ) V - -

0
40
Ml I
0 O
2019 2020 2021 2022 2023 . . .
High Quality ~ Multi-Modal  Tool & Plug-in Human Feedback
HEERSEHEIACL Anthology: https:/ /www.aclweb.org/anthology/ Instruction data  Fine-tuning Learning  Reinforcement Learning

(Ding et al., CCL2023)
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LLM Everywhere --- Conversation

You

AERT—=) Lis?

ChatGPT
WAL, RESEER, EEHAENCIEEE? TeERHE. M. KMTAREAEEEN
8, BERT RIS ST, SoLARERTA,

o You

{RIAE— =

ChatGPT
7R, iEEsRa—NEE: EEnRETH—ABEM 4 EETiEEDnaE?

You

BEXEERTET

ChatGPT
T oA BEEEEARSENENTEINER, IMFTC T B8, o= TNXESRPE
INESEN—FETRE? T elEIEREE, SRS R a5, XERE
FeEEE AMPEFa I EERiENEE,

&

Foy 38 35T

You
FERRITEARIRELT?
ChatGPT

HEFRITEAZETEREHESTEERN—AEESN. (E—itRKIEAS, =EEniE
FLUBASLENERESENHE. AFEHEHSEUNRENSY, aFTeHE. 248, #
FEME, X TR KESE K FIEH TS ST AR FEEE,

NETZRARE, T IRSHEINEESAS, MT24Ems, AMURHTFA LR
F3INL, BE-ATENARESTNIEETE, FEEXENLEEMIITERAIIS,
OISR AINE AR 12 EEFEM.

EEFREFMTE AT EHARRINEZSERL? SAN ST s Eil RSN
ﬁ@

You

BAKT XA FR- N RERETHE

ChatGPT

FEFRSE KSR AN ARSI IUNEMIES, X AEIRENSR, WFHEFEEm
SEAE, BTN FEEHENSS. FENEASN, 8F BNER. BHEHLRNFENR
Bk, ERASERIFEER LM T — ) Elmzma RE,

Bl FESE T RIZSFRAIACKR, XA SIS haUE M HRE 73X —
BEASGE, MTFRENEASM. TRAXMARIFEERKNA St SR GE8HNA KR, RFEE
BE—MEESFRONFIMNS, EuFElEMEXIBANSEMEG? SEEWRIRTERN

HEREERE?
+
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LLM Everywhere --- Conversation, QA

o You

FEFRITEARH ANENE =7

ChatGPT

BUIFFFATRNRE L E HEEA2022601 H, FEEFRITEAFHAMS A AT, WRELZREE
TEREE, BLZEHEXES. IREZRESRE T ESMEEELER, EWEERFHE%
BRFRAES ML LR EREE.

."- -\.
</

ChatGPT f ChatGPT4

L-ONTUSION Regaraing Faper sul

AR ] Q You |
FEFATTARHT ARENG A AE?

() ChatGPT
FEFRRIFEAS, BEESAMFEEE, Fo01sE 1RSSR s hERITEAE ),

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 21



o7l

XTIPC ZiBiERBRMHRE

LLM Everywhere --- Conversation, QA, Outline

o You

IR A SRS IR ©® You

EHRE—slidesiZEH, HSXVISESEIEMSECH,

ChatGPT
LR, XBEE—ETAEWSEESNEE (INGPT, BERTE) AUEIEEMN, X-MEPSHEMER
ANTEHEAEUESRINERETS, 28, WEFSUR I EREEET T EIGEHL SIS,

ChatGPT
LR, LIFE—M ST YSaSEIEME T raT B89, XM aEmigseisst—rasts
SFIMNEREES, FERAISZE DRMEE, LIBFEEEEESSN=EET.

1. 5l
+ RENERIG A TEeiSAES S
© AEEELEVINSEE

- ABER R IRTEHISNHE
© RESERE NS ER
s SRR AENF (INTSIREEEET)
* EOERSATEE) IS haYER

|
|
|
|
|
|
|
|
|
|
| 1. KT R 1: fREET
|
|
|
|
|
|
|
|
|
|
- FEARERNRRDE I
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

* fREE: HEESFIEMSECR
* BlfREE: M IEiCRINA
* EHEESIE
KT R 2: 8
* HSE==RIEMAEET
* AEIHBIBRIFNESTE
TR s HEEF IR EREN
- NEVESREUCIER
* g SR EEESE
A ETH 4: 285328
* WEFE. FEEREE. FEESH. BiEA
- EfhERAEAEESHO N B
TR B X EEEHER
- RIS, STESEE. HENS, FREFIS
* BEMEENESARENNERES
6. €T H &: BURAMBEHFAE T2
- HiETUNENSEEME
- B BEEFEHER
- SO SR BRI
7. 4K/ T IEEF S R0 SC PR R FA EE 5

v

o]

98]
%)

* TEICRAENERE! (WIGPTZEZI, BERT, T5%) HUAEEMELE
* REASSERIOIET R
. KSRGS
* BEAESAE (NLP)
* BEiRFIF0E
« SIENNE (NET. S5 )
- REUSERIL A
* SNBSS ZEIEFI A EUEEREEN
* SRR IAN{CERE
- FEEEIES
- SRR IR EE
6. AkRBER ¢
* REABIERFIEELL
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LLM Everywhere --- Conversation, QA, Outline, Recommend

o You

You SIEXATIEY, SETHA TES, BRENAIETSEE?

NN EATESERAZTWANS, AT TAENET?
ChatGPT

ChatGPT

NEATES (A) FEE ARSI, MFRARSR, L FE Sy [romu e, cnmevmns e mmonmE) R oEE

Python) FSEAVIESCER, EEFRNEBEARTEIR,

2. THREARFSEE: ATEEaEsTHSEYSY, BEFES. BRAESAE, (TENRES T,
FEE T RIS T4, B GEnsE,

3. ZfilCoursera, edX, UdacityZ=F& ERIATIRE, fli0Andrew NgRY (#1855
=) B2, HEGoogleHIHEEFEIIHALIRE,

4. TRESLER: EY/NaEAASRE, thilERPython®ES—MEIRNEIRSIHHE, B EEE

FEFelliscikit-learn>EITE B SER,

SR TR TEMZ S, TLAETEINBE. SENHERRVEERENSE, 7l

IGRESE., B SEEAETIE,

6. [Z5FHEIRA | GitHub PEFEARBXATIERE, £ 5Xm AL S IR IR AR
iR, FHESEREEEET.

7. EBNTRIES . 0 AIREFRYICIEINE, f0RedditA9r/Machinelearning, KaggleZk, SHEftbp =

1. Bi#E: FITENRS. SNt aElR, S FATEREENSATImS, £
PERE. RS, RERSTIEZRIFESEN,

0. IRIZEGE | IBEE—FRIEIES, Python EESWIIANES > —, FEAEHEEASNARITE

| FEHE, |’I§H§lDTensorFIOW$DPyTDrcho

TR | RIS/ T & Coursera, edX, Udacityss, SAIARHESIIEE, |

4. SR E BT SRAEENERAANR. GitHub PEREFERE, (RS SHEPEESR
AYiZEE.

S [TEARANPREATRE, FE s RaI S S AR, |

6. RSN FhEMEANEENSTEI, WEarXiv EAMRNEI, RS RaEss

5]

FJ'I

o

™

AEME,
THE, s TREEIBNHSEm: AREANERSSReEnESEE, BEsam T aSE s
RFBAIRAREE,

=]

. FMEHHIX . &Meetups, Conferences, WorkshopsZs, EVENIMLE, SEI{TAEHR.
CHEHITERSE . SRR AR, WEUE. EERIER T TES.
o. {CIBHGEEANR: BES A TEREACEIIAZNE, fnEiERfA. SR
10. FEF Y] ASETIRERRE, BESIFEA. FEEEIFESEN,

0. FAER: AR INTETEENGE, FFFEFONTIEE, TUTEEAEIRREE,
10. BENMISSECHER: BESEZaRWTIHERMAIRNASALES, TEANMERERE
1, BT WALRA SRk A ERITET=,

[as]

BTRAMET e RIS SRR, EENEESHL, TEES, HRTEMNEE,

iCiE, BV—MNETHER, AR TIFINTREXE, 8N ANFIREMRNSH, K
EEGIRISEREIRE,
0 Message ChatGPT..

ChatGPT can make mistakes. Consider checking important information.
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LLM Everywhere --- Conversation, QA, Outline, Recommend, MT

o You
BEWHEIGE, SEIFMAA, BT, RIMSEIT, " \n\n BB DX ST
=E, @5, HE, FRmE, tEmE, masAkE.

You

B EaF IS FR ARt K L NESRANE SIS ?

ChatGPT ChatGPT
=R, ARSI TR TR SRR A 108, BTSRRI S FEIER RS e RESAES:
HGE:

HEEmIE:

"l really like the northern part of Xinjiang. The scenery is very enchanting and incredibly beautiful, . . .
Y P ang v v g Y "Saya sangat suka bagian utara Xinjiang. Pemandangannya sangat memukau dan sangat indah,

though I've never been there.” i
meskipun saya belum pernah ke sana.”

=i
OkE:

"Saya sangat suka bahagian utara Xinjiang. Pemandangannya sangat menarik dan sangat cantik,

"lch mag den Morden von Xinjiang sehr. Die Landschaft ist sehr bezaubernd und unglaublich

walaupun saya belum pernah ke sana.”
i&ib:

"J'aime beaucoup le nord du Xinjiang. Le paysage est trés charmant et incroyablement beau, bien ﬂ@iﬁ
que je n'y sois jamais allé.” "T6i rat thich ph&n phia bic cda Tan Cuang. Canh quan & da rat hap d&n va cuc ky dep, mac do téi

chua tirng d&n dé.”

) = = = P o v ! o &
"Jurausatiilauasduissuna Miamintuiadduasalazaouunn winauag e s lalnmw"

FRHAE:
" cllia ol el ol il e asdl wle dslel) dliasg 8=l s JBliall TS gileiuh Jlad csl”

+HHA:

"Xinjiang'in kuzeyini gok seviyorum. Manzara ¢gok bluyuleyici ve inanilmaz guzel, ama hig oraya

_ : FEER
gitmedim."”
"Gusto ko talaga ang hilagang bahagi ng Xinjiang. Ang tanawin ay napaka-kaakit-akit at lubos na

maganda, bagaman hindi pa ako nakapunta doon.”

A

"Sunauniamilanasduiissuna Animiiduiiaieazaraainun widnduaylives lalddu."

E&@E@ﬂﬁ&?&ﬁ@iﬂ%?ﬁﬁ{ﬁﬂ%ﬂﬁ[%@o ]

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
schon, obwohl ich noch nie dort war.” 1
|
|
|
|
|
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|
|
EERE RN AREA T R A EEER. Y }

|
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LLM Everywhere --- Conversation, QA, Outline, Recommend, MT, Coding

‘I' You ‘I' You

R ES—python I, EEiBtsv FETLAIS{EE R json 18T AT, S TERFEwIth open TEEISCCHRE. E5— !

ChatGPT
ChatGPT 2ok, BAILUSIEEEIE SRS, JE with open  SSHITIICHERIE. ENEE., B85 with
Wwak AT iRt — 1 Python B ASEE TSVIE S B Al ISONEE SRS, LU open” SIESEAT., ERTELISsE T, (BEmRCCSERT, TLIEEEE
B—A BT “open”F" close  SEFEShEE r{4a0fTFIRE. FESEHUSsaR=E:

[ Copycode
7] Copy code

(tsv_file_path, json_file_path):

SO #F¢E 3 {tsw_file_path, « encoding=
(tsv_file_path, Jjson_file_path): DictReader(tsvfile, delimiter=

n{tsv_file_path, , encoding= )
reader = csv.DictReader(tsvfile, delimiter= row [ —

data.append{Trow)

FrE1TR IR

TOowW reader:
data.append(xow)
Json_file path, « encoding=
# json.dump({data, jsonfile, indent=1, ensure_ascii=
n{json_file_path, . encoding= ) jsonfile:

json.dump(data, jsonfile, indent=4, ensure_ascli= )

# TP #

tsv_file =

tsv_file = B i
Json_file =
json_file =

tsv_to_json(tsv_file, json_file)

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 25
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LLM Everywhere --- Conversation, QA, ... , MT, Coding, Reading Paper

ChatGPT Plugins ~+ P\ £ % ~

. You

"PARROT: Translating During Chat Using Large Language Models”™, could please summarize what
this paper is about?

= ChatGPT

Us=ing txyz.ai... & L

PARROT _Translating During Chat Usin...

Please summarize the main idea of what this paper about is!

@ ChatGPT
®

http://www.miradeljan.com KRB 7751 2023/11/23 26
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LLM Everywhere --- Conversation, QA, ... , MT, Coding, Reading Paper

ChatGPT
The paper "PARROT: Translating During Chat Using Large Language Models" presents a

framework designed to enhance and regulate the translation abilities of large language models

(LLMs) during chat. The key aspects of the PARROT framework are:

1. Translation Data Reformulation: It reformulates translation data into an instruction-following

style, making it compatible with chat interactions.

=]

. Introduction of a "Hint" Field: This field incorporates extra requirements or constraints to guide

the translation process.

48]

. Three Instruction Types for Finetuning: These include Translation Instruction, Contrastive
Instruction, and Error-Guided Instruction. Translation Instruction asks LLMs to generate
translations based on source sentences. Contrastive Instruction involves generating translations
of two different systems with the preferred one first. Error-Guided Instruction involves generating
translations with human-annotated errors as hints.

4. Experiments and Findings: The PARROT models were evaluated on Flores subsets and WMT22

test sets. The findings suggest that translation instruction significantly improves the translation

performance of vanilla LLMs. The Error-Guided Instruction leads to further improvement,
demonstrating the importance of learning from low-quality translations annotated by humans.

Additionally, PARROT models can preserve general task abilities with the involvement of the

Alpaca multi-task dataset in finetuning.

[43]

. Future Prospects: The paper suggests that various aspects can be explored to improve PARROT,
like taking advantage of other hints like entity alignments, extending the coverage of translation

directions, and exploring parameter-efficient finetuning techniques for larger LLMs.

In summary, PARROT aims to enhance the translation capabilities of LLMs in a chat setting by
using human-written translation and evalu |, 1data, with an emphasis on learning fro

high-quality and low-quality translations.

http://www.miradeljan.com

o You

please summarize shortly.

ChatGPT
The paper "PARROT: Translating During Chat Using Large Language Models" introduces a

framework to improve translation abilities of large language models (LLMs) in chat interactions. It
focuses on reformulating translation data for chat, using a "hint" field for additional translation
guidance, and employing three types of instructions for finetuning the LLMs. The PARROT models
show improved translation performance through this method, especially when learning from both
high-quality and error-annotated translations. The paper also suggests future enhancements, like

exploring different types of hints and extending translation coverage.

o You
What is the mail; problem solved, what is the maih proposed idea] what is the ¢ontribution, Wwhat
are th¢ Pros and cons & df this paper? please generate thenf respectively. ]

ChatGPT

Main Problem Solved:

The main problem addressed by this paper is the limited ability of large language models (LLMs)
to perform accurate and context-sensitive translations during chat interactions. Traditional LLMs
often struggle with maintaining the quality of translations in an interactive chat setting, where

nuances and context @

KIRFE 75T 2023/11/23 27
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LLM Everywhere --- Conversation, QA, ... , MT, Coding, Reading Paper

ChatGPT 4

ChatGPT
WAL, LUFERSRAEA:

iR &
TIEEANTERMEAENESER (LLM) EWXEaF s ERinsr S SIRa0amEaseensg
IR, EHEINLLMEERIZIRERERERLRSEIERE, EARTIERESF L T EFEE,

TR

IEMIRHTPARROTIEEE, BEEFLMERIFRIESTHIENERET]. EXEtaEEansEsuEl
IERIESEIRAMETL, SN RN FERLUSMEVNMIENE E T, LRER=MEERNES (BhZE
=<5, MHFESINERS IS9ES) XEHETRIE, LIESHEEEE.

amh:
PARROTIEZEIEERNFIZ:

1. BT eETHISIEEUE IETIESIORAESZ, TIREEHIES 7 EEEE,
2. BINMEFER, AENERIT ERXAIE, LIESRUIESERE.
2. OBEAT WSEEMIFNASINEREEDTSS, oILIBEESLLMBIEEES.,

=R :

fiima:

1 IESENEERM: B ST IS eSS EEEAES, PARROTIES FEHEITE
b=y ol v D e

- MEEIRRES: ERERESISIESEMBENERTES, WNirEEm A nEnsEs.

. Zhiett: ZiEZRES£TgENE, LB FRENESHFIEIFIRE,

&)

)

R ¥
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Training Procedure of LLM (GPT)

....................................................................................................................................................

Mg @ ENERE | REEE | EeES
el BT '

vt Al RRES
BAREIRERILERY +THRERAFES

o b
SRR Bz @B [ S5 EFIESTIRI
: Bl MRS i HOE s

BICFITTiE

CP N s=enys [l ssemis W

= I GO T

pEmsg | 1000+GPU i 1-1006GPU i  1-100GPU i  1-100GPU
: BRI EE & AEHIERESE B KRB ERETE) B PSR

....................................................................................................................................................

RL t&REY

(Prof. Huang., CCL2023)
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Knowledge Representation

EEEFE | /A
B | BERE

£ 72 =

iﬂlﬂﬂFﬁ lFJFﬂT:"l‘.
SQLiE

Oracle
Microsoft

DBMS

=163 | 77 14 & ESicit o ERm mEmig | Coodle

Microsoft
B RS OpenAl

Kiggd St (K BAES = %;E': ChatGPT Microsoft
Google

(Prof. Liu., CCL 2023)
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LLM --- Image Generation (DALL-E)

You

AR —KEEAE TSR IR IRERAIEE R !

. You

TEEAS EESSWHBAIRER

ChatGPT

©
5
2
o
3

Here is an image depicting thg Nalati Grassland in Xinjiang, Yili, under a heavy snowfalI.IThis

serene winter landscape showcases the vast, snow-covered grassland with gentle snowflakes Here is the image depicting the Nalati Grassland in Xinjiang, Yili, on a beautiful sunny day. This

falling from the sky, rolling hills, sparse trees, and distant snow-covered mountains under a cloudy

sky.

scene showcases the vibrant and colorful landscape, with lush green grass, a variety of

wildflowers, clear blue skies, and the majestic Tianshan Mountains in the background.

< N, (] e
U o Y o

http://www.miradeljan.com AKI/RFE 15T 2023/11/23 31
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LLM --- Image Generation (DALL-E)

You

FEUAEERE ERULIES, BErk—F

’ You

| do not want you to chage the background image everytime, please regenerate the picture what |
need!

ChatGPT chatGPT

Here is the revised image of the Nalati Grassland in Xinjiang, Yili, now featuring both black and

Here is the updated image of the Nalati Grassland in Xinjiang, Yili, now featuring several black

I horses gracefully roamingtthe vibrant and colorful landscape. This scene captures the peaceful

white horses gracefully roaming across the landscape. The original background with the Tianshan

Mountains remains unchanged.

and picturesque beauty of the grassland, with the majestic Tianshan Mountains in the

background.

L e e e e e
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Outline

* Introduction of LLM

e LLM Performance in NLP

* Fine-Tuning Strategies & Challenges for LLM

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 33



Fine-Tuning Strategies & Challenges for LLM
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What Is the Instruction Tuning?

» Instruct tuningisESMES L, (ERHBAESHIFIVAEIESEIES

.+ InstructB R AR EIRIE S A SESIAFHETAL
. REATIOEHESHR, IO ASARMHESTIATEAESES

2 Ewvarybody wanted to —\ the concert was
Hﬁ!: S';'c:‘l"l‘omhzrtlz:itt-he g'-t nto the concart exce.”ent
= bacausa it was sxcellant
FZESRELLM
. Translate the follow : iR¥F
HlakEE: text to Chinese: e
What is the I like this N
i & 4T emotion of the next book . positive
sentence:
Sk Categorize the The cake was Food

following text good

EEInstruct tuningrl, YIMEE (L) FEHISSERE. SROTSS
MES HIGISEOHIALLM, HRTNER () MZHEIAD KIS L

http://www.miradeljan.com AKI/RFE 15T

FISERLA TR

FRM4EES
Template 1 Template 3

<premise> Read the folowing and
Based on the paragraph determine if the hypothasis can
above, can we conclude that be inferred from the premise:

<hypothesis>? Premise: <premise>

Coptions} /| Hypothesis: <hypothesis>
Emmﬂl_‘-’ Z <options>
<premise= i
Can we infer the following? Template 4. ...
<hypothesis> (
}rp'o osi C _')
=
N options> Y,
bt T 1 =
AIB#AEEES
Use-case Prompt
Brainstorming List five ideas for how 1o regain enthusiasm for my
career
Generation Write a short story where a bear goes 1o the beach,

makes friends with a seal, and then returns home.

Rewrite This is the summary of a Broadway ['lil_\:
[ summary |

This is the outline of the commercial for that play:

RERIE: NFEFE-EMALLMARFI B, 588, X

2023/11/23 35
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Why Instruction Tuning?
« (FEXEERMMASAXIE "XE

- IEMIETLIRSRERIES

XI M HIHER(E

IBfRRE], (EEEEEERIEM AR Instruction BEIRBNES R, HiffT

« Instruct tuningX%5lFfine-tuningflprompting, FEE/RIEEEED, ATERES LIESiZK

(A) Pretrain—finetune (BERT, T5)

I Pretrained Finetune on .

« Typically requires many
task-specific examples

* (One specialired mode
for each task

Infersnce
on task A

(B) Prompting (GPT-3)

mprove performance
via few-shot prompting
or prompt engineering

Pretrained
LM
e

.,

_ Inference

on tas

(C) Instruction tuning (FLAN)

-
|
Premned hm&‘:ﬁ?&?"{: . , |nference
B,CD,..

MOdel l2arms [0 permomn
many tasks via natural
| language instructions

on task A

Inference on
unseen task

—

Instruction tuning 5 fine-tuning #0 prompt X3tk

http://www.miradeljan.com

Normalized average on
held-out tasks (%)

WEIEEE, MERMETA, MERRNTES TS
L, ENSHASHEE,

G0

51::5? I
E T 40| —
= —
L] -
Bl -
- s —
a5 T
—e— 1,536 tasks 2B
/ ' |4 20| ———"
- —a— 282 tasks £ = P
e 89 tasks E = _—
o 9 tasks < —
—e— Mo finetuning ol
L 1 1 - L 1 L L 1 il
BB 628 5408 0 9 B9 2582 682 1,836

Model size (# parameters) Number of finetuning tasks

Flan-PaLMA&R EVZE AN[E]scale N3 {Tinstruct tuning £ BEXTEE
RAXKE NFEFE-E M LLMRS B, 58, XFF
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What Is the RLHF (Reinforcement Learning with Human Feedback)?

+ RLIHFR—MBFARRIRIEACFITGE, ERETAgentiRAFIERFTRESERIEH
- BURBEFREHTHD, EERETLUFIBASKRIGHTES

- FRER) TR, TSERIEREGETIR, FeRLLMABYIIZk
PPOEMFx®wE
7/ g - ~
Input \
m Rilg a Fooo (3 w M .

‘ *fi EEEE struetion poieaupet UL A e —

Output1 = ’i:n:.:; thebollowing news articdes y  summary I ﬁﬁ]ﬂjﬂh
- < S 155 e

faticle] -
—y < A 4 8| & _1'/>

Qutput2 — EEEE*EEE %‘ﬁ'
SFT %%

Output3

T \ BHEH | womm

e \non )| NS
o N Ot/ #TH5, W

Reward1 ﬁ Afﬁ -
. o = '
Reward?2 — ]}—Fﬁj\ﬁgﬁ L]’)%% e - 1_&-_% !
Reward D A
Reward3 S _7

RAEFRIE: NFEF-£RALLMAR S EHE, 581, XFF
http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 37
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Why RLHF?

- [EXRRERVMES ASKHAE "5
- RLHFAILURSRERIGEESZ LI,
- RLHF&{S&ELE T 1 Say noHJRE
Explain the moon landing to a 6 year old in a few sentences.
GFT-3
Explain the theory of gravity to a & year old.
Explain the theory of relstivity to a 6 yesr old in a few sentences,
Explain the big bang theory to a 6 year ald.

Explain evolution to a 6 year old.

IrebruckGRT

People went to the moon, and they tock pictures of what they saw, and sent them back to the earth se
we could all see them,

{7 RLHFHInstructGPTELGPT-3E N &S S

||||||

m (FHE/0 =R EE T EIE ST HEAEL?

(R, BEATIARNSATISS, 03T REESEIRANTENEREEE, —
RAEETASRETERAMAT. SELLCTEA IS SN, LS
BBEE,

BILAEAEIE
http://www.miradeljan.com

AK /R[] 1d

(EISERMERENNERISSTIEL,

Cratacet

RealToxicity
GPT

Supervized Fine-Tuning
I

InatructGPT

AP Diatacet

Hallucinations

GPT

Supervised Fine-Tuning
—

InatructGPT

HXRIBER D ESHT

0126

Diztacet
TruthfulQA
GPT 0.234

Supervised Fine-Tuning

InatructGFT 0.H3

AP Datacet

Customer Assistant Appropriate
GPT

Supervised Fine-Tuning

InstructGFT 0802

{5 F§ 7 RLHFAYInstructGPTHE X T GPT-3/2 4E i1 = = /D (TruthfulQA), &=
4 8 /> (RealToxicity), BB ASINE 4I5S ST (hallucinates)

RABERR NFEE-EALLMARSI B, 58, T

yapil
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What Is the Scaling Law?
+ IBE&EEIScaling lawE—%&log-linearfiizk, fEfRE M REE EREIMIREIaEI IR g
- RENREETERR. SEHRLIL SIS

Scaling lawpV&incAET, EENERUFFE— SEE X LR.
BRI i EENEIRER, TEBEEHIR.

7 12
61 S — L=(D/5.4-10")7%%% | 5.6 —— L=(N/8.8-10")"%07®
3.9 \
51 4.8
@ 3.6
, : 3. 4.0
Fine-tuning g 4
SRl ek R ‘g‘; 3.3 3.2
il =3
~ Prompting 3.0 -
L = (Cinf2.3 + 108)-0-0%0 '
; : : : 2 = x — : 2.7 : . s = - :
0.1B 1B 10B 100B 10-¢ 1077 10 102 10-! 10! 108 109 10° 107 10
. Compute Dataset Size Parameters
Scalmg Law (NZOZO B 2021) PF-days, non-embedding tokens non-embedding

RNEKR NEFE-ERRALLMA S E3%, 551, XUHT

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 39
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Making the LLM getting Larger

@ EHmGPT-2 EfInstructGPT
> : 151283 FEZinstruct- . _
?ﬁﬁfggﬁ SRR 40G EHGPT-3 tuningIRLHF EFGPT-4
OpenAl - 17502858 {EFIAGIE: 800G +70k Decoder
EREUE: 16 Decoder . . |
! F=REIE: 800G Decoder ZChatGPT :
Decloder : D_ecloder : Decloder :
I I : I I I
| | | | | |
2017/6 | 2018/10 ! 201_ '_9!1 0 ! 202__‘_1 /10 2021/11 2022/1 B 2022}4 ! 2023/2 i
® @ ® ‘® @ - - o ® ® - ® - - *>—o—>
G | 2018/6 | 201972 | 2020/5 | ! ©2022/3 | 2022/12 | 2023/3
1 | | I | 1 1 1
I I I I I I I I
Google ! : ! : ! ! ! i
En-De | ! : Decoder : ! :
& Transformer, Bk : En-De : fEREE: 1.3T : Decoder Decoder
B iR A | R 800G | DeepMindm® | wErRE: 31 —
P ! Encoder — : Gopher (2800‘{21) : - T =Jie LaMDABJBARD
- EFRT5, FEESBert L B, BnLLMzZAR ' Eﬁiﬁgﬁﬁm@ a
ERREME: 166G TﬂGPTE}EI—FﬁE% Decoder a Decoder FHES
L?‘V_:}’EBert; Ej\ffﬁ EﬁFLAN, %l-lﬁ_l {FREEEE: 1.56T
?R.S_‘IFZ%E;THIJ% decoder-onlyigH GoogleE
instruct-tuning LaMDA . FrEES
“EIRT
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Indications of Scaling Law?

* Scaling Law BB/ R T EARRIITEE—ESHRKEFIE (B{ERRFllgiRk)
S BERT S GPT-3 S PALM
SEE: 1.0912 SEE: 175012 SEE: 540012
HIE=: 250012 HIEe=: 300012 HIEe=: 780012
FLOPs: 1.6e20 FLOPs: 3.1e23 FLOPs: 2.5e24
> o B el
2018 2020 2022
641IRTPU v2_EillZR4K ~BERTHI10001% ~BERTHY100001%
FATEEESHREFI THES RN
TR FHAETRI G538 = A E T mame T K
— = = P 0 AR %) isommm
5885 ms .E.{. B MEWE  ---» S TREM
= = = N N R sz mnEsd
PhD. Ding CCL2023
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Big Model Fine-tuning Task

» BERTEJURURENROAE: XTSRS EES ISR A 1T2SEME
- ROZSAESZIARNZILEES

FEREEHEHE? o\ e
15 Q Nl aX® =
5 A L:Q : .x\{: o :é(. Jez
55 @ DFRHISAEILL. M A,
- - Fedle —— R
IR HREROINT .. -’é:/'\:/- HAER
55 C = S N e a
PRI @E AUWHE :,zé.ﬁ.é.\}x: L BRI

\. ./

Prof. Liu CCL2023
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Main Challenge --- Difficult to fine-tune LLM
- KREEMEFREFEESH, FEETEFSARKNER
« NEEEMBATENE—MISFEE—ANERE, FE2LRBARIEFESTE

l NLPT#ESS J

Switch-Transforszr
e (1.75T)
10000
PanGu-a
(200B) . ¥ v v 2 v
1000 Megatront Turing
i e T, e [s‘czisrm] [Scztﬁas] [f’é‘%*ﬁi ‘raammz} ‘mzﬁ,\z’
08 £ 100 ,'T-7"'£"__'_‘ I I
T 5 CPM-2
" % ey e |® Tuingnie | (1989 HIRERE  EWMH%E XRECE O SEERE) ALSSENE
Ao om0 ¢ | 4 | |
K | (118
< _of cer2 BN BEOE  XHHF XA XERE
e | } | } |
01 |~ _— BERT-Large .
* (340M) IZ T XHEHDE - HERSR E4HhEY BB AL
ELMo
0.01 | (9am)
2018 2019 2020 2021 2022 e
=) IJ > \ Y NP2 \ N f— N N
RERAHIA (ESTRES, BUNFEESHHTES 8
RS EHIRHRER, (B2 ENIELGE Prof. Liu CCL2023
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Key Points for Fine-tuning the LLM

- KEAETRUEERNRE . B8R, P22 BIESRIZIRE
« DEHIRE FRURTGIE
- LESH FRERSERIE
.« SWMES ERHESHIE

IRESMMESINET SERNZFHMESS
5 A i) iy
s % GEmomen At
@
T 1 R s RN R AV I
AR WREROINT ... o® 'é./ \.é('

PRIEDD

http://www.miradeljan.com AKI/RFE 15T

/ A6 \ o
£55 C @ =) "BERICY.."

Prof. Liu CCL2023
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Fine-tuning the LLM
» AR AEREEE RIS RARERA

- HiiEE: SRR ABLIEFIES TS
- F—)IAS TRHES A
- (BB EIERCHES

- SHEW: FREEMEREAIEE
- T & TR
- (VB BEEGAT S SERHIHES

- (X552t (ERRIES A TR ESSEE R
- TRKIEE 7 KRB RIS E IR
« HJEChatGPTHIRE—E

/3

YAy

4
£

=

http://www.miradeljan.com AKI/RFE 15T
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Outline

e Introduction of LLM

e LLM Performance in NLP
* Fine-Tuning Strategies & Challenges for LLM

 Machine Translation with LLMs
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Machine Translation

RIS —M 5B — s

£1d K - B . & b4 e

http://www.miradeljan.com KRB 7751 2023/11/23 48
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Multi-lingual Machine Translation

\ -

- SIESRFIFEFESEEA—E—EFRELNSHESZENEE, M
MESETEFIRESHIENEMLRE, KIBRDEBZ A,

-

3 X

Huang, CCMT2023

http://www.miradeljan.com KRB 7751 2023/11/23 49
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Multi-Modal Translation --- Speech

BRI A At anans ot i
o%e 8 . LT T

¢

o [as|[s2][ (s
L= 1]
05 1 15 2 28 43 8 Lo 59

| am from China | am from China

| am from China l ﬁ

I am from China

mm) ASR m=) TTS

mm) ASR Em) TTS

Speech Processing vs NLP From Continuous Signals to Discrete Tokens

Prof. Liu CCMT2023
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¢ ﬁ“’f{t’
rd _d % *;;
3
J
&
2
"».1%" g e

Multi-Modal Translation --- Image

Image Captioning There iIs a teacher teaching his
Model :D students in the classroom.

S—NEIER=EHMaFE, (m

1

http://www.miradeljan.com K IRBA[E 15T 2023/11/23 51
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Multi-Modal Translation --- Video

A man stands in a
doorway using a
pull up bar to do

pull ups.

Machine Translation

http://www.miradeljan.com

Video-guided
Machine Translation

— 1T BAUEE O x
{E M ALkEE 4 fi.

(pulling pub) (do pull)

M BAZEND

AKI/RFE 15T

e it i Liza, @

(pull-up bar) (do upward
movement)

Prof. Wang CCMT2023
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Machine Translation with LLM
- BERE vs. ITISEES (BhFE) =TPN

/Tr*unsla’re into English: \
* Instruction Following BIFIESEERENTH i
. In-context Learning (ICL) M\ EF32h%3]) Chinese: {FRRIZE T
English: What do you like to eat?

A Chinese: FEXIZEAFIE
i—FFﬁ])\ ZFFJU)\
Translate into English: ufnglish: /
REWZEAFE
[ T ] [ﬁéiﬂﬂiﬁdﬁﬂﬁ } o |':|Z'|
o ]
J N i i
[ ket f ot ] Ut [ I like to eat spaghetti ]
¢ 7o e spegneT™ [ I like to eat spaghetti ]
Seq2Seq Instruction In-context Learning
By I5A T o 3518
EXRTRIES B 5

Prof. Huang CCL 2023
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Machine Translation with LLM

- BiiF (2B5) BERuILARIMEEZ Him:

- HREAEESAEA
- ERARIESHEE

http://www.miradeljan.com

K7

Vsl
VAR

Foy 38 35T

o You

HEVSEIE, BRERKA, BIEW, RIWEET, " \n\n FRITEL S GRS
=E, @, 55, WROE, tEEE, mEsEE.

ChatGPT

LA, U TREEHNO TEIER T RIE S 1A

-|-|—i£l:

"I really like the northern part of Xinjiang. The scenery is very enchanting and incredibly beautiful,

though I've never been there.”

=ib
"lch mag den Morden von Xinjiang sehr. Die Landschaft ist sehr bezaubernd und unglaublich

schon, obwohlich noch nie dort war."

s
"J'aime beaucoup le nord du Xinjiang. Le paysage est trés charmant et incroyablement beau, bien

que je n'y sois jamais allé.”

B FE:
"hs s (] a3l o) il ge @yl e @ylal) dliazg 8yol amub Bliall S @il Jlas ol

THHE:
"Xinjiang'in kuzeyini cok seviyorum. Manzara ¢ok buyuleyici ve inanilmaz guzel, ama hig oraya

gitmedim.”

=

"Furauniauilazasduld ssuna ArimidiuiiEivaralssuna uiduagliee T

BRI RS A T R ERER v
. : Prof. Huang CCL 2023
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The paradigm of learning Is shifting
- RS 2RENF: RN FTHEPRFEIEFEMNR

VIZx R
=

- NiESIRE: FEMNRFHIRPFIEAMR (ESFhFHER)

/"'"_'__ __'_""‘---\
\\____ _________,/
ik
>
AN
S~ _— T
FATHR O |
——— ‘

In-context Learning

Prof. Huang CCL 2023
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New research questions from new learning paradigms

o« LENKRIER —
© KBS R EERMF AT PR
- FRWERSEHLAXE? @

- FEIREED IREIERIE T
. KiESHEAENFEEE?
. AR S R R R ? @

. REEEEEAINME FEEEAMME

- REGNAEARNES LRINEESD?

Prof. Huang CCL 2023

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 56
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Understanding the translation capability of LLM

LZTIN
. fz iﬁd"fﬁﬂg*;i*gﬁﬁ'(:'_ jJ ﬂ'mnslcrte. into English: \

Chinese: {F=MAZTA?
° j E IC L ﬁa 1E&}Aﬁﬁ i;lz‘ﬁ English: What do you like to eat?

Chinese: FEINZEAFHE
ufnglish: /
haiit

[ I like to eat spaghetti ]

In-context Learning

&P IRE
D2 RH

Prof. Huang CCL 2023
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—
>
Z
=
—
=
=
-]
-]

EFEBEiERRGoogle Translate

3
q

EFBAELEBHEEIER: ChatGPT (16.67%) v.s. NLLB (83.33%)
I

i

et
3
q
e
(=] =]

F

il

RBUI5PK

A=
- REERESE

i

X

X-=Eng

s ChatGPT

W NLLB
mmm Google

Eng->X

mmm ChatGPT

s NLLB
mmm Google

70

60

50

T M
nag

20

10

Prof. Huang CCL 2023

Zhu W, et al. Multilingual Machine Translation with Large Language Models: Empirical Results and Analysis, arXiv:2304.04675

58
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Privileges of LLM MT

1. {EBIRIEAEEED i85
B EIEREBERRIEE +* GPT-4 q
2. X FENEINEE

Please translate the following sentence into Chinese:
During lunch, bank employee John told Mary they'd meet at

PP getE NEERIL SO RIREHES:

3. glﬂﬁﬁﬁtﬂsﬂtﬂ the river bank to celebrate her promotion. "Break a leg with
s . . . your presentation,” he said.
BEIBEMEIETUSCA, [IEFIEE
s * E4
4. SHEREIEDIGE
RN AFIEZ SO REF—HMEREEER
et o TFERAE], BRI E RISt ERE, LA
>. ZIRSMAE PR TR — R At

BEERTIH T MESHYENZE
Prof. Liu CCMT 2023
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XHI
m Please translate it into English:
FHESRECRILAEERALEFAFINER T, ESFEXA ZIhEeSTALME

IESISTRILG. ATHE— 7RIS D EFAFINRE,
BIZ 7y —TEB5400283. EFAERITransformer5S&

) A IFRT F9PathwaysiB =&Y, Please translats "jz';}'j(ﬂﬁ':__['@kiinto English.
The translation of the provided text into English is: The Chinese phrase "IZKEA 7K literally translates to "distant
water cannot put out a nearby fire." This idiom is used to express the
"Large language models have been shown to perform well in various idea that help that is too far away is of no use in an emergency or
natural language tasks with limited sample learning. To further urgent situation. In other words, when you're facing an immediate
understand the impact of scale on limited sample learning, we trained problem, solutions that are too far off in time or space won't be of any
a Transformer language model with 540 billion parameters and dense help.

activations, which we call the Pathways language model."

Prof. Liu CCMT 2023
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NSRBI ENF
B Translate this document from English to Chinese:

BBE—REFBESESUVISSE ISR, ZATHETEE,

st s on s etk iy o BHEENHSER (August Horch) F191086137, ERIATE
Gomaert =~ _\__ OISR —RAR, RERESIW, RS IFL,
| |ltjwas established by| August Horchlin
1910 [15r2h] had previosly founded another F1914%FE, EFRNFTEFBRSINELEFHIRE.
company and [ <| models were quite = . o
popular. [Audi |started with four cylinder RS EFT1920FEEARBAE], BEEENSNETILEES
= o m\Oqu By Ot4; b~ rrh 1 o 3
_ | racing and winning TR,
*[,A.L:.,ZU‘;J Horch Ileﬁ [lhe Audi company] in b ‘e B e A T IN= == o —
| representative for the | o121 motor =
vehicle industry federation/
, Currently [Audi Jis-a-sabsidiary of the
o | [Volkswagen group| and'produces cars of
Wang et al. Document-Level Machine Translation with Large Language Models. EMNLP 2023. Prof. Liu CCMT 2023

http://www.miradeljan.com K IRBA[E 15T 2023/11/23 61
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Cons of LLM MT --- Drawbacks

1. RETE RS WENR, MELGHTEITTE
TR RS R A B A
e il e ST =Y O A B ot
2 EREEEE LESEeRE
DS e SN Gk =Tr=saasz]
3. BENF(EBEIHRER
HRREAS, (SRS AR
4. [ MY FIFF
EE AR E AR TS B AR RIER

Prof. Liu CCMT 2023
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LLM MT --- New paradigm
N=sghiFE: IS E—MRENRIENXEEBREESS
ST AT S BHE R RS

A U =
RRESS @ SCAFTEIEM : Test-time Adaptation for Machine Translation Evaluation
- _ U o Minimizati , 3
SR E A by Uncertainty Minimization (ACL 2023 Oral)
IESHBILE: Clustering Pseudo Language Family in Multilingual
S HERIZEM [> Translation Models with Fisher Information Matrix (EMNLP 2023)
SRS 1B —214%: TemplateGEC: Improving Grammatical Error Correction
AREREEE E> with Detection Template (ACL 2023 Oral)
KIEBIBE DTS ) EIRMEIEEES]: Revisiting Commonsense Reasoning in Machine
Translation: Training, Evaluation and Challenge (ACL 2023)

Prof. Liu CCMT 2023
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Outline

* Introduction of LLM

e LLM Performance in NLP
* Fine-Tuning Strategies & Challenges for LLM
 Machine Translation with LLMs

 LRLs Machine Translation with LLM
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APC SaREmEAE
Low-Resource Languages (LRLS)

- FARRSRRER OIS,

- B "—w—Ig" TFREIESHIG @R A RBTINEK.

- —im— B IGEREREIIERE. PTER, XEERNES/IFHERERETRRRES.

Asia: 2,301 Africa: 2,138  Pacific: 1,313  Europe: 286
l l l l
!

Americas: 1,064

A EEN®
e 2182 LT

B kB : Washington Post Article mentioning “Ethtnologue language of the world”,8th ed
B F3kjE: http://www.mrcjcn.com/n/224527 .html

http://www.miradeljan.com K IRBA[E 15T 2023/11/23 66
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LRLs MT

HeILWESEhFE AARBIESES — Akl (RFRESEIFES
- BTHERRERRIRS, REIBEEINEM ERIE
- HREEE. HTERHZEIAN SIS SRR RIS AR N A

LLMEEHRNMTHES
« LLMZEERDecoder-onlyly45ts, THESENMTEERENcoder-Decoderssia
LLMBEGIIZRERIARIENE, MERNMTEHEEREFTIER
LLMERRENFE S AN S ESEhF6Ee
ZELLMEURIIFORILLM

- (RRREMAREZREMIGEEED. BhERIME
- SHERISOTARIZERSFERAELR

Prof. Zhao MLIP 2023
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Main topics for LRLs MT with LLM

« EFLLMBEERINITG
- LLMERIRENE R~ A
.« LLM{EEIREDIE)I

o ING

http://www.miradeljan.com K /R B] 3@ 1351 2023/11/23 68
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Sample

m “BEORESASBMTIRS FHRREN, STRAAN, MEKFSAREN, IR
EFNESEENTE, BEE 5 EgtE ImaaSEiEE, " XaEEERs

= A a
2= =

fote Sl omgss dhbasaoas sy wdipmitisn oo 0 &
o[ Al Lol e g als 31153 el 8l 585 gosifiadlla]e] e a]
G vz [uiiyss sy S a2 L fluoigS Slilins 4538|307 {FaIRSE i 5789
i3l 531535 a6 $p8ss plosisiwales JKoan Galizd galy aulsiSuiSuyumsalwas
£93)5w (85lo)3 IS L BuaiSad. |

http://www.miradeljan.com KRB 7751 2023/11/23 69
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Evaluation --- HRLs

e 5. KR EMTHEEET 0-shot BLEU Scores for PaLM Model Scales
—o— 540b e~ 62b +- 8b
- LLMASHzsthEE RRES RN en-fr
0-shot 1-shot Few-shot Supervised
S Tot Prior PaLM  Prior PalLM Prior PaLM  Finetuned
'€ 8 SOTA  540B SOTA 540B  SOTA  540B SOTA
en fr 32.9° 38.5 283" 37.5 33.9% o  44.0 45.6°
en de 25.4%  31.8  26.2 31.8 26.8% (11, 37.4 41.2¢ e de:an
en  rO 16.7* 24.2 206" 28.2  205% o  28.7 33.4°
fr en 35.5%  41.1 33.7° 37.4  38.0% s, 42.8 45 .47
de en 38.9°  43.8 304"  43.9  40.6* 11, 47.5 41.29
ro en 36.8% 39.9 38.6° 42.1  37.3% o,  43.8 39.1"
o PalLM H i & 1F fii A few-shotfs 1 753 Fik 3] 7 SOTA en-ro fr-en
o EAMEE X HIRI B LB Supervised Model (b)

« Modelffisize /o T- B2 1 A k2

Prof. Zhao MLIP 2023
PaLM: Scaling Language Modeling with Pathways
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Evaluation --- HRLs

o HAMIE T B|IE ) 7 ) R
« Zero-ShotR I 48k 5l 2 VL EC WM T A s FH B 98 R 4
« Few-Shot A< K a] WL H T
o  GLiER|HALE S BT MR
« {FTokenZk Bl fIMetriceH R ILEAL KL 5
« Few-Shot& ik — € i T+
«  Few-Shot 451 Jii & A2 Ty K FH 1 S R 21

System COMET-22 COMETEkiwi ChrF BLEU | COMET-22 COMETKiwi ChrF BLEU
DE-EN EN-DE

WMT-Best 85.0 81.4 58.5 334 87.2 83.6 64.6 38.4
MS-Translator 84.7 81.0 58.5 33.5 86.8 83.4 64.2 37.3

~ GPT Zeroshot | 848 81.2 568 309 | 8.6 828 60.2 318
GPT 1-Shot RR 84.9 81.3 56.1 30.4 86.1 83.0 60.7 31.9
GPT 1-Shot QR 84.9 81.3 56.7 31.1 85.8 §2.8 60.7 324
GPT 5-Shot RR 85.2 81.5 56.5 31.2 86.5*% 83.2 % 61.0 324
GPT 5-Shot QR 85.47 81.5% 57.7 324 86.4 83.1 61.3% 33.2°

- GPT5-ShotQS | 85.0 81.3 57.8%  325% | 859 829 60.8 327

Hendy, et al., How good are gpt models at machine translation? a comprehensive evaluation, arXiv2302.09210

http://www.miradeljan.com AKI/RFE 15T

Prof. Zhao MLIP 2023
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Evaluation --- LRLS

1
-
\ =

R AR E SN SRS N

LLMAYH 253

O-shot I-shot  Few-shot  Supervised _
| . ISEESXT, PAMEBEKENE
Sre Tot PaLM  PaLM PH.I_J M Finetuned =HEERENE
° 540B 540B 540B SOTA
_ , , . RERESEE, ARREEKE
en kk 1.8 4.2 5.1 15.5 ESRENE S EEIR
de fr 28.6 20.9 25.7 31.5"
kk  en 18.0 20.3 20.8 30.5° « %’ﬁﬁiﬁ%ﬁﬂﬁﬁfmmi—"’l_HHIJ_E'\JSOTA%%%
fr - de 25.2 05 174 24.9 AR

Prof. Zhao MLIP 2023
PaLM: Scaling Language Modeling with Pathways
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[lif# | ‘

Evaluation --- LRLS

37
o\ -

LLMESH 88 RERE SXIFIFEREES XKW -- GPT

System COMET-22 COMETkiwi ChrF BLEU | COMET-22 COMETkiwi ChrF BLEU
[S-EN EN-IS
WMT-Best 87.0 81.4 62.3 41.7 86.8 SL8 59.6 33.3 o LLMEI\J1EE/J\7)/§;E391=F%€IJHU$D E EUEI‘J
MS-Translator 85.9 80.3 62.8 40.5 84.3 80.2 56.8 28.7 | 7| e
- GPT Zeroshot | g21° 787 556 319 | 763 740 435 159 ﬁm é*ﬁi*ﬂﬁﬁﬁ*%iﬁixjcﬁ
GPT 1-Shot RR 84.1 80.2 37.8 34.7 77.0 74.6 43.7 15.3 EE
GPT 1-Shot QR 83.5 79.7 56.7 33.3 77.4 75.1 44.5 16.2
GPT 5-Shot RR 84.4" 80.47 58.17 3507 717.9° 75.2° 45.17 16.8"
/ 3 : . = — <
GPT 5-Shot QR 84.2 IB-IthHJ 38.0 35.2 76.0 E:]IHA 44.1 16.3 . FeW-ShOt%}"'EE%IEHl\JLIﬁfﬁ, E
-l E £y y \2 A \EE”\\ \ZE +I—\£
WMT-Best 80.0 74.5 48.7 21.0 79.8 61.5 Sl 20.1 §331¢Hﬁj95\1m1n :u%lﬂh:F:I:UQ&lm
MS-Translator 73.3 68.5 43.4 16.2 72.5 57.2 38.4 10.3 H\ =< R &
__________________________________________________________ m Mz
GPT Zeroshot 76.1 73.1 45.5 17.3 73.3 58.6 38.47 0.4* :I-' LIQ EBD E
GPT 1-Shot RR 7137 127 45.7 17.3 74.0 59.0 38.47 8.8
GPT 1-Shot QR 78.1 74.4 47.57 19.17 74.17 39.7° 37.8 8.9 . FeW_ShotH\ ,_\ IFEE4+9 $$
GPT 5-Shot RR 73.5 72.2 45.9 17.8 721 5.7 36.0 8.0 :I-' TWJEE—I_D 9& L
GPT 5-Shot QR 78.2° 74.57 47.57 18.9 712.6 58.5 36.9 8.5
Hendy, et al., How good are gpt models at machine translation? a comprehensive evaluation, arXiv2302.09210 Prof. Zhao MLIP 2023
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Evaluation --- Instruction

\

»  LLMAYHlEsEhEeorig(Prompt Strategy)ifih
- 1&=hR(Template)
- IEMIERE: OERIRE T REFAIENERIN
- BINEIN: AR TRIIERKRK

/1
\ -

«  Few-shotAY7=ffl(Demonstration):
- WEEEESEL: BhERE. tBXME. FEREE
o TIERMERETHEE: SREFHIS/In-Context LearningiZ2H—1~ "EIIZEER
=5 . HEWmAOXFHEXME

Chowdhery A, Narang S, Devlin J, et al. Palm: Scaling language modeling with pathways,arXiv:2204.02311 Prof. Zhao MLIP 2023
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|I‘IStI’UCtI0n for LRLS === DlPMT Translate the following sentence to English:

Pada dasarnvyva, hal tersebut terbagi ke dalam

dua kategori: Anda bekerja sambil mengadakan

DICtIOHary-baSEd Ph raSe-|eVG| Promptl ng perjalanan atau mencoba mencoba atau mem-

batasi pengeluaran Anda. Artikel ini berfokus
pada hal vang rerakhir.

In this context, the word "sambil®” means

° DiCtionary'based Phrase-level Prompting* "while"; the word "membatasi” means "limit-
. ERILLMSEER G AR A TR ing’, "restrict”, "lmit"
- (RRRENE
« Domain Adaption

- =EVEIERYE BEEE nlHE THE AT B E 2 Prompteh
- EBB/HEH: MUSE Translate the following sentence to English:

. %ETEEHYE"Jﬁﬁ BLI fa ”“J!ﬂﬁf”k.i.!”. pembuatan bel pintu dengan
teknologi WiFi, katanva.

In this context, the word "pembuatan” means
"creation”; the word "bel” means "buzzer”,

"bell”; the word "pintu" means "door", "doors".

* Ghazvininejad M, Gonen H, Zettlemoyer L. Dictionary-based phrase-level prompting of large language models for machine translation, Prof. Zhao MLIP 2023
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Instruction for LRLS --- DIPMT

[Iif# | \

Language | Baseline DIPMT Delta | Baseline DIPMT  Delta
on OPT on Bloom
Cat-Eng  37.80  37.61 -0.19 46.16  45.88 -0.28
Eng-Cat | 17.86 19.08 1.22 | 40.79  40.79 0.00
Hrv-Eng 3072  31.59 0.87 23.72 25.11 1.39
Eng-Hrv | 11.55 12.56 1.01 | 7.94 9.21 1.27
Dan-Eng 4239  42.82 043 3430  36.87 2.57 Method MED. LAW IT KORAN | Avg.
Eng-Dan | 26.63 27.04 0.41 | 16.55 19.58 3.03
Nld-Eng ~ 27.18 27.49 031 2516  25.99 0.83 Baseline 37.33 3530 23.14 16.89 28.16
Eng-Nld | 15.98 16.66 0.68 | 12.49 13.40 0.91
Tgl-Eng 3121 32.12 0.91 16.95 20.17 3.22 Repp 4418 4587 3244 1432 34.20
Eng-Tgl | 14.05 14.78 0.73 | 8.13 9.57 1.44
Ind-Eng 3130  32.20 0.90 4255  42.18 -0.37 ? ,
Eng-Ind | 16.03 18.18 2.15 | 4226 41.98 -0.28 DIPMT 50.38 4592 33.58  20.34 37.56
Ita-Eng  30.03  29.84 -0.19  30.60 3095 0.35 = . -
E[Ig-Itﬂ | 18.00 19.49 0.50 | 19.40 19.85 0.45 KNN'MT 54:’4 611 1 4863 1922 4:’87
Msa-Eng  27.08 28.80 .72 42.31 42.47 0.16
Eng-Msa | 10.95 12.98 2.03 [ 3092 31.30 0.38 Out-of-DomainZi iz £ 5256 = I
Nob-Eng 3845  39.85 1.40  30.68 32.73 2.05
Eng-Nob | 20.99 22.34 1.35 | 13.86 15.38 1.52
Slk-Eng ~ 24.53 27.12 2.59 20.15 22.33 2.18
Eng-Slk | 6.28 5.71 -0.57 | 6.87 8.21 1.34

: Prof. Zhao MLIP 2023
Low-resource Benchmark: FLORES-1015256 R ) rol. £140
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Instruction for LRLsS --- XLT

Cross-Lingual-Thought Prompting

» IERIKREPromptigitEERETRIEESH

o IBH—FEin-context learning FiAKIRESLLMAYZIESEES], Apa/Icross-lingual-
thought prompting (XLT)

» BEFANLPMESHRSE BFMEEE R g LIS T2 E S ESHNFT o IEE

. —WE Ee XS IEHIF TSI ESS

« few-shot learning: SCHIXSFLLMEHBYFFE

Prof. Zhao MLIP 2023
Huang H, et al. Not All Languages Are Created Equal in LLMSs: Improving Multilingual Capability by Cross-Lingual-Thought Prompting, arXiv:2305.07004
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Instruction for LRLsS --- XLT

XLT

P rovi d e N L P taS k M eta Data Input | want you to act as an arithmetic reasoning expert for Chinese.

Request: ZIBHTAESRENR 3 Xt 3 BdH|, SELHRHE 60 K.
Request: EIEHTRTE i E —HREHHK?

RT3 R 3 BURR, & You should retell the request in English. LLM
BRI 60 K, fihiE

B—HHZ XK

You should do step-by-step answer to obtain a number answer .

You should step-by-step answer the request.

You should tell me the answer in this format 'Answer:',
I want you to act as a task_name expert for task_language .

task_input Output
You should retell/repeat the input_tag in English. { , , )
Request: James decides to run 3 sets of 60-meter sprints three times a week. How many meters does he run in total

You should task_goal . each week?
You should step-by-step answer the request. Step-by-step answer:
You should tell me the output_type ( output_constraint ) in this format ' output_type :'. 1. James runs 3 sets of 60-meter sprints, which means he runs 60 x 3 = 180 meters per sprint.
2. James runs 3 sets of 180 meters per week, which means he runs 180 x 3 = 540 meters per week.
X LT te m p I ate Answer: James runs a total of 540 meters per week.

3

y3==]
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Instruction for LRLsS --- XLT

i)
MGSM 100 (%)
92.6
21
FLORES* XCOPA 90 -
12 86.6 st
17 72 : a2 1
16 13 70 80.8 '
15 ;]_ 68 20 -
[ 2466 |
[ 22 49 |
3 3
s 24 RECGRGT 72 57 4y 70 92.2
XL-Sum* ‘3& 5 GJ XNLI 319 8.6
34 /53
60 4 724
38 56 69.6
MKQA PAWS-X 20 ' ' ' ' '
MGSM  XCOPA  XNLI  PAWS-X MKQA
(a)

(b)
Cross-LingualPromptZt T-text-davinci-0035E3 | 4% 218 5 #H BT 55 10— RIMES R IMFE

Prof. Zhao MLIP 2023
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Instruction for LRLs --- MAPS

Exploring Human-Like Translation Strategy

o R{BAZENFENRELE: FhENESXEERE
ZHEZCBRREREINE
« IRHMAPS(Multi-Aspect Prompting &
Selection)Framework:
o ZHHERNRIGRERE G AR IRIEENE
JRE
o RET =S HEBIENFEHERENR . XHEIE.
ESIIYINGEPS SN
o ETFREHEITEESSI Y FIRERNRT
SKAYEMRERANTIE

He Z, et al. Exploring Human-Like Translation Strategy with Large Language Models, arXiv:2305.04118
K /R B] 3@ 1351

http://www.miradeljan.com

How to translate the keywords?
What's the sentence's topic?
Any similar examples?

v v
(7
/ AENIESEE means
Human “large language models”.

Hallucination
issue in LLM

7E LT
RIZ] 5 8)RR X

] % {2 means
Machine “Master of Laws".

I )=

Prof. Zhao MLIP 2023
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Instruction for LRLs --- MAPS architecture

T T T T T T T T e s e e [ Step 1: Knowledge Mining } ——————————————————————— ~

r—( Ask for keyword palrs] ~ { Ask for topics ] N {Ask for demonstration

:

Extract the keywords in the
fellowing English sentence,
and then translate these

Use a few words to describe
the toplcs of the following
input sentence.

Write an English sentence
related to but different from
the input English sentence

keywords into Chinese. and translate it into

Input: <source> Chinese.
English: <source>

Topics: English: <source>
Keyword Pairs

Output English-Chinese
sentence pair: <src demo> [
_<tgt_demo> !

U

I
|
I
|
|
I
|
|
I
|
|
I
|
TR
[y
(=
(1]
T
(X
.
3
(]
g
T
o
[
T
5
—*
1]
o
-
o
=
o
=
L
|
I
|
|
I
|
|
I
|
|
I
|
!
w
—*
[11]
T
[+ ]
=
3
5]
2
@
o
©
@
w
1
®
&
<]
=]
-

(Topics: <topic>;, <topic>z, <topic>s, =

(Related English-Chinese sentence pair: <src_demo> <tgt_ demo>

e witer D | ) B

Candidate pemo SCOre pemo

Instruction: Given the above knowledge, translate the following
English text inte Chinese.

Quality

English: <source> Estimation

S

LChinese: <Candidate pems>
| Best translationl

_—— = = = = = = = =

He Z, et al. Exploring Human-Like Translation Strategy with Large Language Models, arXiv:2305.04118
http://www.miradeljan.com KRR 35T

e

RIS -

Kiialkeyword
F/topic

« Tfldemonstration
NEES N

RE= -
JViny

Prof. Zhao MLIP 2023
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Instruction for LRLs --- MAPS results

EE T text-davinci-003LAN Alpacafy— &RV FFRRE_FEIERINER T —ER=H

Method En-Zh Zh-En En-De De-En En-Ja Ja-En De-Fr Fr-De
Existing works | COMET
WMT22 Best 86.8 81.0 87.4 85.0 89.3 81.6 85.7 89.5
Hendyetal. 85.8 81.6 85.6 84.8 87.5 81.5 78.5 84.6
text-davinci-003 | COMET
Baseline 86.2 81.6 85.8 85.2 87.9 81.8 82.8 86.3
+Keyword 86.2 81.5 85.5 84.9 88.0 81.5 82.6 86.2
+Topic 86.4 81.7 85.6 85.2 88.1 81.9 83.1 86.3
_+Demo 869 818 86 8.2 885 818 834 867
RErﬂﬂk 869;5?5 82'1;’82.5 86'4f85.9 85'5f85.8 888}593 82'34583.[] 83'4,584.1 86.8};8?4
MAPS 8?.6;,38_5 82.6;,33_3 87-2/33.0 85.7,35_? 89.5590_3 82.9};84_8 84.1};85.4 8?.5;88.?

Prof. Zhao MLIP 2023
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Instruction for LRLS --- mFTI

X
>
«

\l Is

\
/]

. InstructlonTunlng%,%&thLLME’J
JZ%EF'J: XGLM-7B

. EEEE: WikiMatrix,Caligned

C BT 13EMES, 156MBEERY

- ZUEHE: BTHESX NMESXY
5SHIFZZ,: Translation: [S]: X [T]: Y

. . . . . . . ) ] ] ) Prof. Zhao MLIP 2023
Li J, Zhou H, Huang S, et al. Eliciting the Translation Ability of Large Language Models via Multilingual Fine-tuning with Translation Instructions,
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Multilingual Fine-tuning with Translation Instructions

0- 0
En Ru Zh De Fr Ko F Ar Bg Ca Hi Ta Sw En Ru Zh De Fr Ko Fi Ar Bg Ca Hi Ta Sw
To X From X

I 8-shot ICL W mFTI

BLEUFHMEX A K : mFTIELICL S {7 Mk T LLMEIIERE /7. I8 REN-XIE & X-Enfi 1% 7 1 L,
2 itinstructiontuning KA (1) PERE /7 LU IR 4h8-shot ICL B AR 1 1 F

Prof. Zhao MLIP 2023
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Multilingual Fine-tuning with Translation Instructions

Seen Both Sides .
Same Direction Reversed Direction Unseen Direction UnseenSrc  Unseen Tgt  Unseen Both Sides
8-shot ICL 145 14.5 11.2 13.5 13.6 14.6
mFTI-16  15.7(+1.2) 13.7(-0.8) 12.6(+1.4) 149(+1.4) 14.5(40.9) 13.3(+0.7)
mFTI-all 16.7 16.8 14.6 17.6 17.0 18.4

Table 3: Translation performances on different partitions. mFTI-16: XGLM multilingual finetuned with translation
instructions on a mixture of 16 language pairs described in 4.1.

PO AR FNVE =0T [ 3 e

1. MAh, I K IImFITH Xinstruction tuning & R4 BI1E = %t
WPOR T XL FIE PR RE

Prof. Zhao MLIP 2023
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Instruction for LRLs --- Big Translate

Big Translate

- NTIELLMERES EI’J 1.:..:.5573 BigTrans&-
LLaMAJL_mJ &, Ei% 1002 R EAES
, -J?F;’*‘J _LaMA 138
o Step1: A3 Fmi)l|£
* Step 21 02RE S AT BRI
« Step3:lnstructionTuning

-

I

Yang W, Li C, Zhang J, et al. BigTrans: Augmenting Large Language Models with Multilingual Translation Capability over 100 Languages, arXiv:2305.18098 Prof. Zhao MLIP 2023
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Instruction for LRLs --- Big Translate

N

Big Translate—Step2:102fMES I
mErha Tl

STEPSE
cR560

s FER102MESEETEREF TG -"x“.“““m"“!'!!.'!!!!"~"'!"l“!“!'!!!!!"!'!!!!!!“!!!!!!l!'!!{!!!!f!!!!!!!:!4_!':!?%!!:z.'«"v"='-=.;---------'--=.;;f:

« [fHlEHSFN)| |G SR ES R
g —
° igﬁ*ﬁﬁéﬂ’ﬂﬂ%ﬁ%%ﬂi% ﬂ%gjj : ||||||||"|'|||I

o WH|GEIERITEIRIE S EE 00 - ’
ESh B A B 2 0 4 A

AZECETREESTTRE
Bt

SESSS

Prof. Zhao MLIP 2023
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Instruction for LRLs --- Big Translate

Step 1 Step 2 Step 3
Multilingual Corpus Interval A Interval B Interval N
mr-en fr-en zh-my en-wa
fr-en zh-en en-de da-en ... kk-en
sk-en » : : :
-en zh-en eu-en mr-en
en-wa ° .
en-de ch - BigTranslate—Step2:
da-en @*‘v ) S —— 4=>F s S /4—
interval 1 o 102FMESRIHTIERIHI T
» Interval A Interval B Interval N » Interval 52 B|gTransIateJ QEJ_-
s - =74 AN
Sample Mean Sample Mean Sample Mean :
. Y= i o NV —
) REE =S EE=E
| Algorithm J\i)gln = *D E\EJ\;)glI:I = E,‘J =
Interval A Interval B Interval N LU ZAb
Sample Mean -l;Fﬁb
fr-en zh-my en-wa
en-de da-en ... kk-en Interval 52
: : : Sample Mean
zh-en eu-en mr-en :

Interval Sn

Sample Mean

F30: A EHARI
BAL: WoAFRTE  F2d: HEARTES AR EIE, 5
MES I FEAREH 2H1E, G ST Prof. Zhao MLIP 2023
o F AT AT
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Instruction for LRLs --- Big Translate result

T [ Wy

CraT

N Doophs Wikt
&0
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ﬁ-q-l:l
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20
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DEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE-EI:.EE-E_I:EEEEEEEE F-—E N - -

q.--:.-wq.-zd.-wgrqqu.--:.-uhlx-:.-w-q.-q.--:.-n.-q.-u.-uwh,-l-:.-uwyywwmyn«uﬁquﬂmy@xﬂw@wyw
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Figure 3: An illustrated comparison of 102 languages from X to English or Chinese between BigTranslate, |ChatGPT
and|Google Translatg. We sort the language scores in BLEU for BigTranslate in descending order.
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Summary for LRLs MT with LLM

éﬁ”ﬁﬂ:ﬁLJ_l
o ETFLLMAJHSsEMFEERE T A Pa_M GPT-3.5%

- EFLLMRYERIEEIFER DA ETFDictionary, FFE
N Thoughtg jj="5

- BEFLLMBYERIEENFRIEZRG7%: mFIT, BigTranslateZ

%%mﬁﬁh

Bt e KRB 2 E S (K RIEENEEES1?
o AAIEEST LA ST IO I SRR AR ?

o« WHAHKIE IR BRI A Pl i r (T AUEIEBE 014 ?

)CI-

Prof. Zhao MLIP 2023
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Outline

* Introduction of LLM

* LLM Performance in NLP

* Fine-Tuning Strategies & Challenges for LLM
« Machine Translation with LLMs

« LRLs Machine Translation with LLM

e Future of NLP with LLMs
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Future Research Topic for LLM
NLPAERSERI TAER B I 20T . L,

hEFE . FERE

e n — « Challenges
SCIENTIA SINICA Informationis .
R e Opportunities
» Future Directions

- + - * [ J
KSR B RIES A Bk, VB5ER 43 Pages
 NLP down-stream tasks
£, EERD, LER, A, HARY, FIRES, KRR, REF « MARDHE
i'] ,;%u. 7,}3%4 ;"J %Uii“*. 7{_;:‘,_\—;2\_4 _ﬁr; é%ﬂﬂ%z 7‘7/J~$’. 1?#{'“, xﬂi r.-.ll I]E :‘é:n. . éi*ﬁ{tfﬁ U
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Towards a comprehensive understanding of the impact of large language models on natural language processing: challenges, EE}J —_]’&
opportunities and future directions”t (sciengine.com) ||:I
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Future Research Topic for LLM

1v:2305.12544v1 [cs.CL] 21 May 2023

| A PhD Student’s]PersEective on Research id N LPl

in the Era of Very|Large Language Models

Oana Ignat®, Zhijing Jin®, Artem Abzaliev, Laura Biester, Santiago Castro,
Naihao Deng, Xinyi Gao, Aylin Gunal, Jacky He, Ashkan Kazemi, Muhammad Khalifa,
Namho Koh, Andrew Lee, Sivang Liu, Do June Min, Shinka Mori, Joan Nwatu,
Veronica Perez-Rosas, Sigi Shen, Zekun Wang, Winston Wu, Rada Mihalcea
LANGUAGE AND INFORMATION TECHNOLOGIES (LIT)

UNIVERSITY OF MICHIGAN
{oignat, jinzhi,mihalcea}fumich.edu

Abstract

Recent progress in large language models has
enabled the deployment of many generative
NLP applications. At the same time, it has also
led to a misleading public discourse that “it’s
all been solved.” Not surprisingly, this has in
turn made many NLP researchers — especially
those at the beginning of their career — won-
der about what NLP research area they should
focus on. This document is a compilation of
NLP research directions that are rich for explo-
ration, reflecting the views of a diverse group
of PhD students in an academic research lah.
While we identify many research areas, many
others exist; we do not cover those areas that
are currently addressed by LLMs but where
LLMs lag behind in performance, or those fo-
cused on LLM development. We welcome
suggestions for other research directions to in-
[ clude: https://bit.ly/nlp-ara-1lm ]

1 Background

Language models represent one of the fundamental
building blocks in NLF, with their roots traced back
to 1948 when Claude Shannon introduced Markov
chains to model sequences of letters in English text
(Shannon, 1948). They were then heavily used in
connectmn tc: the early research on stamucal ma-

http://www.miradeljan.com

idea: given a series of previous words or charac-
ters, we can predict what will come next. The new
large language models (LLMs) benefit from two
main developments: (1) the proliferation of Web
2.0 and user-generated data, which has led to a
sharp increase in the availability of data: and (2) the
growth in computational capabilities through the
introduction of Graphics Processing Units (GPUs).
Together, these developments have facilitated the
resurgence of neural networks (or deep learning)
and the availability of very large training datasets
for these models.

Current LLMs have output quality comparable
to human performance, with the added benefit of in-
tegrating information from enormous data sources,
far surpassing what one individual can accumulate
in their lifetime. The number of applications that
benefit from using LLMs is continuously growing,
with many cases where the LLMs are used to re-
place entire complex pipelines. LLMs becoming

“lucrative™ has led to a surge in industry interest and

funding, alongside a sharp increase in the number
of research publications on LLMs. For instance,
a search on Google Scholar for “language mod-
els” leads to 50,000 publications over the past five
years, a third of the roughly 150,000 papers pub-
lished during the past 25 years.

=R B

o BXAREXTKNES
lI:I; b_qﬁﬂ EIJT‘ %

e 2305.12544 . pdf (arxiv.org)

| T

« Multilinguality and Low-Resource
Languages
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Future Research Topic for LLM

arX1v:2304.06035v1 [cs.OH] 31 Mar 2023

Choose Your Weapon:
Survival Strategies for Depressed Al Academics

Julian Togelins and Georgios N. Yannakakis*

April 14, 2023

Abstract

Are you an Al researcher at an academic institution? Are yvou anxious you are not coping
with the current pace of Al advancements? Do vou feel yvou have no {or very limited) access
to the computational and human resources required for an Al research breakthrough? You are
not alone; we feel the same way., A growing number of Al academics can no longer And the
means and resources to compete at a global scale. This is a somewhat recent phenomenon, but
an accelerating one, with private actors investing enormous compute resounces into cutting edge
Al research. Here, we discuss what yvou can do to stay competitive while remaining an academic.
We alzo briefly discuss what universities and the private sector could do improve the sitnation, if
they are 20 inclined. This is not an exhaustive list of strategies, and vou may not agree with all of
them, but it serves to start a discussion.

1 Introduction

As someone who does Al research in a university, you develop a complicated relationship to the corpo-
rate Al research powerhouses, such as DeephMind. Open Al Google Brain and Meta Al Whenever vou
see one of these papers that train some kind of gigantic neural net model to do something yon weren't
even sure a neural network could do, unguestionably pushing the state of the art and reconfiguring
your ideas of what is possible, yon get conflicting emotions. On the one hand: it's very impressive.
Good on you for pushing Al forward. On the other hand: how conld we possibly keep up? As an Al
academic. leading a lab with a few PhD students and (if you're lucky enough) some postdocs, perhaps
with a few dozen (GPUs in vour lab, this kind of research is simply not possible to do.

To be clear, this was not always the case. As recently as ten years ago. if yon had a decent desktop
computer and an internet connection you had everything you needed to compete with the best of
researchers out there. Ground-breaking papers were often written by one or two people who ran all
the experiments on their regular workstations. It is useful to point this out particularly for those
who've come into the research field within the last decade. and for which the need for giant compute
resources is a given.

http://www.miradeljan.com KRB 7751

« Try Scaling Anyway

« Scale Down

* Reuse and Remaster

« Analysis Instead of Synthesis

 RL! No Data!

« Small Models! No Compute!

« Work on Specialized Application Areas
or Domains

» Solve Problems Few Care About (For
Now!)

e Try Things that Shouldn’t Work

* Do Things That Have Bad Optics

e Start it Up; Spin it Out!

« Collaborate or Jump Ship!

2304.06035.pdf (arxiv.org)
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Is ChatGPT a General-Purpose Natural Language Processing Task Solver?

Chengwei QIn*,' Aston Zhang, Zhuosheng Zhang', Jiaao Chen‘,
_ Michihiro Yasunaga®, Diyi Yang®
"Nanyang Technological University,‘Shanghai Jiao Tong University

* Georgia Institute of Technology, * Stanford University

Abstract

Spurred by advancements in scale, large lan-
guage models (LLMs) have demonstrated the
ability to perform a variety of natural language
processing (NLP) tasks zero-shot—i.e., with-
out adaptation on downstream data. Recently,
the debut of ChatGPT ' has drawn a great deal
of attention from the natural language process-
ing (NLP) community due to the fact that it
can generate high-quality responses to human
input and self-correct previous mistakes based
on subsequent conversations. However, it is not
yet known whether ChatGPT can serve as a gen-
eralist model that can perform many NLP tasks
zero-shot. In this work, we empirically analyze
the zero-shot learning ability of ChatGPT by
evaluating it on 20 popular NLP datasets cov-
ering 7 representative task categories. With ex-
tensive empirical studies, we demonstrate both
the effectiveness and limitations of the current
version of ChatGPT. We find that ChatGPT per-
forms well on many tasks favoring reasoning
capabilities (e.g., arithmetic reasoning) while

in some cases, current LLMs are still prone to var-
ious mistakes in zero-shot learning. In addition,
the format of the prompt can have a substantial
impact—for example, simply adding “Let s think
step by step” (Kojima et al., 2022) has been shown
to significantly improve the performance of In-
structGPT (Ouyang et al., 2022) on reasoning tasks.
These limitations illustrate that current LLMs are
not truly general-purpose language systems.
Recently, the ChatGPT LLM released by Ope-
nAl has attracted a great deal of attention from the
NLP community. ChatGPT was created by train-
ing a GPT-3.5 series model through reinforcement
learning from human feedback (RLHF) (Christiano
et al., 2017) (similarly to InstructGPT). RLHF
mainly includes three seps: training a language
model with supervised learning, collecting compar-
ison data based on human preferences and training
areward model, and optimizing the language model
against the reward model using reinforcement learn-
ing (Ouyang et al., 2022). Through RLHF training,
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Abstract

This paper proposes a framework for quanti-
tatively evaluating interactive LLMs such as
ChatGPT using publicly available data sets, us-
ing 23 data sets covering 8 different common
NLP application tasks. We extensively evaluate
the multitask, multilingual, and multi-modal as-
pects of ChatGPT based on these data sets and
a newly designed multimodal dataset. We find
that ChatGPT outperforms LLMs with zero-
shot learning on most tasks and even outper-
forms fine-tuned models on some tasks. We
find that it is better at understanding non-Latin
script languages than generating them. It is
able to generate multimodal content from tex-
tual prompts via an intermediate code gener-
ation step. Moreover, we find that ChatGPT
is 63.41% accurate on average in 10 different
reasoning categories under logical reasoning,
non-textual reasoning, and commonsense rea-
soning, hence making it an unreliable reasoner.
ChatGPT suffers from hallucination problems
like other LLMs. Finally, the interactive fea-
ture of ChatGPT enables human collaboration
with the underlying LLM to improve its perfor-
mance, i.e.. 8% ROUGE-1 on summarization
and 2% ChrF++ on machine translation, in a
multi-turn “prompt engineering” fashion. We
release a code for evaluation set extraction.!

its scale and via RLHF, has shown impressive abil-
ities in many areas of NLP as well as emergent
abilities. Another reason is that its dialog interface
allows users to interact with the underlying LLM
maore effectively and efficiently via interactive chats
that are akin to multi-turn prompting.

However, despite its powerful abilities, anec-
dotal reports on ChatGPT consistently showed
remaining challenges - for example, it fails in
some elementary mathematical (Gilson et al., 2022;
Goldberg, 2023; Frieder et al., 2023; Choi et al.,
2023; Davis, 2023b) and commonsense reasoning
tasks (Guo et al.. 2023; Davis, 2023b); it hallu-
cinates with human-like fluency and eloquence
on things that are not based on truth (Shen et al.,
2023; Thorp, 2023; Smith, 2023); and as a general-
purpose language model trained from everything on
the web, its language coverage is questionable (Lu
et al., 2022; Jiao et al.,, 2023). Consequently, it is
not ¢lear what people can or cannot use ChatGPT
for despite its popularity.

Since OpenAl never published any benchmark-
ing results on ChatGPT at the time, seeing this need,
in February 2023, we proposed a comprehensive
framework for quantitatively evaluating interactive
LLMs such as ChatGPT through standard public
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Abstract

This report presents a study on the emotional
dialogue capability of ChatGPT, an advanced
language model developed by OpenAL The
study evaluates the performance of ChatGPT
on emotional dialogue understanding and gen-
eration through a series of experiments on sev-
eral downstream tasks. OQur findings indicate
that while ChatGPT's performance on emo-
tional dialogue understanding may still lag
behind that of supervised models, it exhibits
promising results in generating emotional re-
sponses. Furthermore, the study suggests po-
tential avenues for future research directions.

1 Introduction

Emotional dialogue technology is a promising re-
search area that aims to equip chatbots with human-
like emotions, enabling them to recognize, under-
stand, and express emotions in their interactions

Emation Cause l

Act Classificasion

Empathetic Resparss

Emofianal Suppart

Emational Dizlogus
Capability

k’ Generation

Capabilty

Figure I: The emotional dialogue capability of a chat-
bot can be divided into two aspects: understanding and
generation capability, with several downstream tasks.

has brought about unprecedented semantic under-
standing and response generation capabilities for
conversational robots, greatly improving the in-
teraction experience with human users. Consid-
ering the significant breakthrough of ChatGPT in
basic conversational technology, as well as recent
research analyzing its performance in various tradi-
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