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Recap



Outline

1. Overview of Efficiency in LLMs

2. Efficiency before the LLM Era
- Efficiency beyond Transformer (Quantization, Pruning, Knowledge distillation etc.)
o Efficiency within Transformer (Sparsity e.g., Mixture of Expert and efficiency in
long context)
- Parameter-efficient finetuning (Lora, adapter, prompt, MOE) and modularization
3. Efficiency after the LLM Era
a. Memory-efficient Training: ZeRO, LOMO, Distributed Training, Flash-Attention,
Lora/QLORA, Language model Inference: Early existing and Speculative decoding

4. Future direction



Efficiency beyond Transformer
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Quantization Pruning Knowledge distillation
“Low resolution” Removing weight connectionsLearning smaller models from big one

https://rasa.com/blog/compressing-bert-for-faster-prediction-2/



Efficiency within Transformer

o Sparsity (e.g., Mixture of Expert [1])

o Efficiency for Long Context
- Computing complexity of is O(N?D), which is quadratic to the sequence
length

William Fedus, Barret Zoph, Noam Shazeer. Switch Transformers: Scaling to Trillion Parameter Models with Simple and
Efficient Sparsity. https://arxiv.org/pdf/2101.03961.pdf



LoRA for memory-efficiency

Pretrained
approximated Weights
Weight Updates =3 A

Deltalw)

3

For a pre-trained weights W_0, we approx Delta(w) by
h=Wox + AWz = Woxr + BAx where B € R?™", A € R"*¥, and the rank » < min(d, k)

During Training, we only compute gradient w.r.t. Delta(W)



Mid-review of Final Projects



Objective of this course

Knowledge: a) Students will understand basic concepts and
principles of LLM; b) Students could effectively use LLMs for daily
study, work and research; and c) Students will know which tasks LLMs
are suitable to solve and which are not.

Skills: a) Students could train a toy LLM following a complete
pipeline and b) Students could call ChatGPT API for daily usage in
study, work and research.

Valued/Attitude: a) Students will appreciate the importance of data;
b) Students will tend to use data-driven paradigm to solve problems;
and c) Students will be aware of the limitations and risks of using
ChatGPT.



Today's contents

o Philosophy of the final project

e Research in our team
- Past: What we have done
o Present and Future : What we are doing and will do

« More on LLM tendency

e Insights from Assignments
o Possible topics for final projects
o Tips of report (paper) writing



Philosophy of the final project
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Components and grading

Assignments (40%)

> Assignment 1 (20%): Using API for testing prompt engineering

> Assignment 2 (20%): A toy LLM application
Both assignments need a report and code attachment if it has coding. See the relevant evalution criterion as
the final project.

Review of project proposal (15%)
We will have a review for project proposals, to assist students better prepare their final projects. A revision
IS welcome after taking our suggestions into consideration.

Final project (40%)

You need to write a project report (max 6 pages) for the final project. You are also expected to make a
project poster presentation. After the final project deadline, feel free to make your project open source; we
appreciate if you acknowledge this course

Participation (5%)



Final project (Dates might be changed)

Students complete a research project in teams of 1-3
Draft proposal deadline: Nov. 5th 11:59pm (simply explain your idea in one page)
Final proposal deadline: Nov. 28th 11:59pm (TAs will provide suggestions for the revision!)

In-class presentation: Dec 15th
Final paper deadline: Dec 25th (final date)

T T I

Nov. bth Nov. 28th Dec 15th Dec 25th
\ Y ) ~—
Better finish your project within Busy

this month weeks



Final project

Typical projects (we will release a detailed list later):

® #1:Train or fine-tune a medium-sized language model (e.g., T5, Bloom, TinyLLaMA, Baichuan,
LLaMA) yourself for any problem of your interest. Check out HuggingFace’'s model hub!
~ | Hugging Face https//huggingface.co/models

® #2: Bvaluate one of the largest language models (e.g., ChatGPT/GPT4) and understand their
capabilities, limitations and risks.

® #3 A plugin that works with a existing popular LLM like ChatGPT and Phoenix

® #4 Release a new LLM (10B+) and have some impact
A direct objective is that your GitHub repository gets more than 100+ GitHub stars
® #5 A gpplication (We have an example application, search “f#ilI3#8” in WeChat)

https://0penai.com/api/ Note: You might get computing resources to
https://opt.alpa.ai train 10B+ model if Tas like your proposal



Projects

e Training model o Use ChatGPT API e Hybrid
o Select a task o find a scenario o
o Prepare the data > Use LLM API

o Train your LLMs o Test (evaluate) it
o Evaluate it

You could find your own way to build LLMs or LLM applications.



Past research in our group



Category

« Releasing large language models
« Dataset and benchmark
« Methods in LLMs

e |nsighttul research (interesting but not useful)
« Application and demos (useful but engineering-oriented)



Past research in our group
(1) Releasing large language models



LLMs

Phoenix

HuatuoGPT -- the SOTA Chinese medical LLM
AceGPT -- the SOTA Arabic LLM
HuatuoGPT-II (it will be released this month)



pizsit

FlrSt tl’y phoen|x SuperCLUEIRPME mEIAIIER

o FEEFTRES=ITEERNEITER. BSEHERFHNEHTE. NEEFEESMER, BEES(]: CLUtbenchmark@163.com
o BfE—/TEH: 2023-07-07 18:12:58

o [ZE][GitHub]

Rank  Model EloRating  Description

1 W MiniMax-ababs 1250 B MINIMAX 25 E, FELASSHEE. HENE. FEANE. R,

2 W gpt-3.5-turbo 1202 H OpenAl i, HEIARSREERIES.

3 W ChatGLm-1308 1180 HEEAENEEATE, — eSS ITEEE,

Il ChatGLM2-6B 1105 HEFEAFNEBATE, EFFEREIENERE ChatGLM-6B BISE _fRIR.

5 phoenix-inst-chat-Th 1087 BEERE (B FE, — BT sloomz RiEMASIESMIFEENF.

6 idea-jiangziya 1069 FIDEARFSEERCONLITE, MLLaMA-D3BFHAEFHERPIER, #HT T FZtokenBBAITHIE.

7 moss-moon-003-sft 1058 EHEHXFERESLEIRERE, 21 2R RUEISREHARTZESER.

8 RWKV-4-World-TB 1034 ERWKVERSTTE, #5477 RNN T Transformer, RWKV-4-World o5 E7, E1008RERIES HETilE.
9 Longjing-TB 1012 Chatyuan FEISTH=E AT SRR,

10 vicuna-13b 1001 B LMsYS i, EFLLaMAFRIFAPEFEETREEE.

11 Belle-138 967 B LianjiaTech 72, EF BLOOM # LLAMA $TATRELHETT TR, .

12 Linly-ChatFlow-78 910 HAHEERTERAERTEEIRE TS, 400 DESEEES U ERERET RS HIEMERE
13 RWKV-4-Raven-TB 884 BERWKVEESTTE, &7 RN Transformer, EEIETEERR. SAEFEL. VIS ESER.
14 baichuan-78 246 HE)IEeHE, —MHRUEANCIEREESER, 18 1.2 Bl tokens HllE, ZFHREWE.
15 LMFlow-Robin-78 700 BEEREAFHRISEF IR =EEATE, ZEEEEEHEHEE R pinkmanlove/llama-Tb-hf BIRTIERE .
16 Bloomz-7bl-mt 687 #H bigscience 89 BLOOMZ & mT0 571, =E—MEELIEHESHIT A SIS S 0ERE:.

* Phoenix ranked in 5" in SuperClue benchmark https://www.superclueai.com/

o EMEIRIITAA TER, ABRAIINFREXTFRIINBELER. BORER. RSANFZHERS. L
http://123.57.133.182:51008/

* Deployed in the campus https://phoenix.cuhk.edu.cn

Zhihong Chen, Feng Jiang, Junying Chen, Tiannan Wang, Fei Yu, Guiming Chen, Hongbo Zhang, Juhao Liang, Chen Zhang, Zhiyi Zhang, Jianquan Li, Xiang Wan, Benyou Wang,
Haizhou Li. Phoenix: Democratizing ChatGPT across Languages. https://arxiv.org/abs/2304.10453


https://www.superclueai.com/
http://123.57.133.182:51008/
https://phoenix.cuhk.edu.cn/

Human evaluation for phoenix

Phoenix vs. ChatGPT

Non-open-sourced — Phoenix vs. Baidu-Wenxin §EX0—3=

Phoenix vs. ChatGLM-6b
Phoenix vs. BELLE-7b-2m

Phoenix vs. Chinese-LLaMA-Alpaca-13b

win

12

29

36

55

tie

35

25

11

31

31

lose

53

46

53

14

13

Human evaluation: best performance among open-sourced Chinese models



HuatuoGPT: Human & GPT-4 Evaluation
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DoctorGLM
Ziva-LLaMA-13B
ChatGLM-6B
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ChatGPT

DoctorGLM
Ziva-LLaMA-13B
ChatGLM-6B

ChatGPT
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Ours Win Tie
97
15
66 8

62 6
20% 40% 60%
(a) GPT-4 Evaluation

Ours Win Tie
96
42 28
52 14
54 16
20% 40% 60%

(b) Doctor Evaluation

Ours Loss

32
80%

100%

Ours Loss

30
34

30
80%

DR

100%



= Q FINANCIAL TIMES

HOME WORLD US COMPANIES TECH MARKETS CLIMATE OPINION WORK & CAREERS LIFE&ARTS HTSI

Subscribe today and navigate your world with confidence

Artificial intelligence + Add to myFT
Saudi-China collaboration raises concerns
about access to Al chips /

Fears grow at Gulf kingdom's top university that ties to Chinese researchers risk upsetting
US government

EEELZEASEIINIR (Financial Times, www.ft.com) &
T RMER R BUG B A R IRIE 7 B A& H {B1E KR
AceGPT,

[f=]5[=]X]

AceGPT is currently the best open source Arabic large

model, even surpassing ChatGPT in the Vicuna evaluation. It
has completely completed the pre-training, fine-tuning and

R RLAIF pipeline, especially in terms of localization, with

Ex additional adaptations. Over 2K downloads on Huggingface

Wes
China @ FT montage/Bloomberg/Dr

Simeon Kerr and Samer Al-Atrush in Dubazi, Qianer Liu in Hong Kong, Madhumita Murgia D 52 E
n London 13 HOURS AGO

Saudi-Chinese collaboration in artificial intelligence has stirred fears within the I n tWO We e ks
Gulf kingdom’s premier academic institution that the ties could jeopardise the
university’s access to US-made chips needed to power the new technology.

Professor Jinchao Xu, an American-Chinese mathematician at Saudi Arabia’s
King Abdullah University of Science and Technology (Kaust), has launched

AceGPT, an Arabic-focused large language model, in collaboration with the h tt pS //WWW . ft . CO m/CO n te n t/2 a 6 3 6 Cee - b O d 2 - 4 5 C2 - a 8 1 5 -

Chinese University of Hong Kong, Shenzhen (CUHK-SZ), and the Shenzhen

Research Institute of Big Data. 1 :I. Ca 3 2 3 7 1 7 6 3

Huang Huang, Fei Yu, Jianging Zhu, Xuening Sun, Hao Cheng, Dingjie Song, Zhihong Chen, Abdulmohsen Alharthi, Bang An, Ziche Liu, Zhiyi Zhang, Junying Chen, Jianquan Li, Benyou Wang, Lian
Zhang, Ruoyu Sun, Xiang Wan, Haizhou Li, Jinchao Xu. AceGPT, Localizing Large Language Models in Arabic. https://arxiv.org/abs/2309.12053



Huatuo-||

P I K #59h
Model Pl by B i Pl i A0y i BREC il ok et Prolk i POl A | Avg.
2015 2016 2017 | 2012 2013 2016 | 2018 2019 2020 | 2018 2019 2020 | 2017 2018 2019 | 2021 2022

DoctorGLM 30 14 35 18 18 21| 26 33 16 16 27 18| 18 24 22 3.1 38 24
ChatGLM-Med 207 232 207 | 218 218 226| 303 230 299 | 185 204 248| 167 210 153 | 208 225 220
BenTsao 233 268 172 | 190 195 221 | 184 246 275 )| 216 189 181 | 202 204 188 | 190 221 210
BianQue-2 37 23 35 42 45 40| 47 53 16 38 59 37| 71 42 90 46 44 45
ChatMed-Consult 200 173 147 | 213 182 200| 278 213 193 | 238 214 195| 167 150 175 | 223 242 200
MedicalGPT 250 241 216 | 263 270 270| 389 29.1 283 | 334 321 262 226 210 206 | 248 248 26.6
DISC-MedLLLM 383 418 267 | 362 387 351 | 492 361 418 | 414 366 358 250 222 220 | 256 256 33.0
HuatuoGPT 260 309 328 | 313 268 302 | 325 336 275 327 286 30.1( 184 275 251 | 260 271 287
ChatGLM2-6B 470 505 440 | 448 483 481 | 624 492 529 | 50.1 485 456 369 365 386 | 348 356 455
ChatGLM3-6B 457 450 500 | 463 458 465 | 509 488 439 | 417 439 436 423 281 354 | 383 358 430

LLaMA2-7B-Chat 240 223 233 | 272 260 223|291 299 279 | 258 273 252 | 173 234 206 | 240 21.0 240
LLaMAZ2-13B-Chat 230 268 241 | 270 278 254 299 295 275 )| 265 290 257 | 214 270 21.1 | 248 223 250
Baichuan2-7B-Chat | 573 573 586 | 557 585 579 61.1 557 553 | 510 536 500| 41.7 419 457 | 446 427 520
Baichuan2-13B-Chat | 64.7 582 629 | 61.7 615 633| 662 648 63.1 | 659 588 615| 542 389 484 | 525 452 58.0

Qwen-7B-Chat 547 559 560 | 527 535 544 | 688 639 578 | 606 576 541 | 440 335 430 | 475 438 53.0
Qwen-14B-Chat 653 632 672 | 648 633 679| 748 750 693 | 737 697 688 | 548 49.1 525 | 540 527 63.0
Spark( 4 k) 433 382 397 | 383 382 426 547 447 500 | 514 448 408 292 264 309 | 350 344 402
SOb—4 733 663 733 | 700 718 667 | 782 770 775 )| 666 708 741 559 503 600 | 550 535 67.1
ChatGPT (API) 460 364 414 | 367 385 405| 633 578 537 | 537 525 518| 321 281 300 | 41.7 388 43.0
GPT-4 (API) 473 482 535 | 503 53.7 542| 799 725 709 | 748 731 684 | 41.1 437 480 | 583 60.0 58.7
HuatuoCGPT-1I 710 7209 207 | 695 713 75| 731 754 717 | 711 710 71.1| 577 491 538| 642 623 673

Table 3: The results of the Chinese Medical Licensing Examination Results.



Past research in our group

(2) Dataset and benchmark
=ZERE, MEAT




Dataset and benchmark

Huatuo-26M

CMB

Benchmarking information extraction
Medical Flan

Medical Pajama




Evaluation

)
w/t reference E w/ reference

©

GPT-4 evaluation Doctor evaluation Large-scaled benchmarking




Huatuo-20M

o The largest medical QA dataset

Dataset Lang Domain Source #Q

MedHop (Welbl et al., 2018) English Medical MEDLINE 25K
BiQA (Lamurias et al., 2020) English Medical Online Medical forum 74K
HealthQA (Zhu et al., 2019) English Medical Medical-services website 1.5K
MASH-QA (Zhu et al., 2020) English Medical Medical article website 35K
MedQuAD (Ben Abacha and Demner-Fushman, 2019) English Medical U.S. National Institutes of Health (NIH) 47K
ChiMed (Tian et al., 2019) Chinese Medical Online Medical forum 4TK
MedQA (Jin et al., 2020) EN&CH Medical Medical Exam H0K
webMedQA (He et al., 2019) Chinese Medical Medical consultancy websites 63K
CliCR (Suster and Daelemans, 2018) English Medical Clinical case reports 100K
cMedQA2 (Zhang et al., 2018) Chinese Medical Online Medical forum 108K
Huatuo-26M Chinese Medical Consultation records, Encyclopedia, KBs 26M
TriviaQA (Joshi et al., 2017} English General Trivia 96K
HotpotQA (Yang et al., 2018) English General Wikipedia 113K
SQuAD (Rajpurkar et al., 2016) English General Wikipedia 158K
DuReader (He et al., 2017) Chinese General Web search 200K
Natural Questions ( Kwiatkowski et al., 2019) English General Wikipedia 323K
MS MARCO (Nguyen et al., 2016) English General Web search 1.0M
CNN/Daily Mail (See et al., 2017) English General News 1.3M
PAQ (Lewis et al., 2021) English General Wikipedia 65M

Jianquan Li, Xidong Wang, Xiangbo Wu, Zhiyi Zhang, Xiaolong Xu, Jie Fu, Prayag Tiwari, Xiang Wan, Benyou Wang.
Huatuo-26M, a Large-scale Chinese Medical QA Dataset. arXiv preprint arXiv:2305.01526



https://scholar.google.com/citations?view_op=view_citation&hl=en&user=Jk4vJU8AAAAJ&sortby=pubdate&citation_for_view=Jk4vJU8AAAAJ:l7t_Zn2s7bgC

Comprehensive Medical benchmark (CMB)
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Overview

Category Subcategory # Subject # Questions
Physician (£l Resident Physician (fEEEEEN); Licensed Assistant Physician (B0 B BEEENT), 81 124926
Licensed Physician (fiL0F E£ili); Associate Professional Physician ("2 §H B7):
Advanced Professional Physicians (=128 {HER)
Nurse ({781 Practicing Nurse (f* 12); Licensed Practical Nurse ({il): Charge Nurse (974" 8 16,919
iliy: Advanced Practice Nurse (=124 471)
Technicians (EE ) Medical Technician (£ 1:); Medical Technologist (E<HIll); Supervising Technol- 21 27,004
ogist (-ETT R
Pharmacist (Ziji) Licensed Pharmacist (01K W Zj1ill); Licensed TCM Pharmacist (HUIE P, 8 33,354
Junior Pharmacist (#1248 Z10f): Junior Pharmacist Assistant (#]2¢ %] 1): Junior
TCM Pharmacist (#)2 "PE: Junior TCM Pharmacist Assistant (#2850 #] 1)
Chief Pharmacists { 9572 ili): Chief TCM Pharmacists (-E 5T Z50)
Undergraduate Dis-  Fundamental Medicine (525 °7): Clinical Medicine (Il E5"); Traditional Chi- 53 62,271
ciplines (“FFH%)"  nese (TCM) and Chinese Herbal Medicine ("1 E& %% 5 (P #]%): Preventive Medicine
and Public Health (FllBHEE 55 24 % T1AE )
Graduate Entrance  Integrated Western Medicine (P¥ESE575); Integrated TCM ("PEEER5); Political 5 16,365
Exam () Science (H(if); Nursing ({7 B%)
Total 28 176 280,839

! ' We referenced the National Standard Subject Classification of the People’s Republic of China, see https://xkb.pku.edu.cn/docs/
2@1E—'I'BFZ'BZZESEB'B_EH:BIQEQEH . pdf. ) ) ) ]
Table 1: Statistics of the CMB-Exam Categories, Subcategories, Subjects, and Questions.



Results

HhE Il A 2y
Model ALY B B B ok EE I ok Bh B EE I ol ZE ok H 25 m ol PG 24 -
20154E 20165 20174F | 20124E 20134 20164F | 2018%E 20194 20204 | 20185  20194E 20204 | 20174 20184E 20194 | 20214 20224k

GPT-4 4733  48.18 5345 | 5033  53.67  54.19 | 7991 7254 7090 | 74.83 7311 6835 | 41.07 4371 4798 | 58.33  60.00 | 58.70
HuatuoGPT-II(*EE-11) | 5433 5045  60.34 | 53.00 4967 53.02 | 61.54 5410 5492 | 53.67 5021 5046 | 50.60 47.31 52.02 | 4958  46.88 | 52.48
ChatGLM2-6B 4700 5045 4397 | 4483 4833  48.14 | 6239 4918 5287 | S0.11 4853 4564 | 3690 3653 3857 | 3479 3562 | 4552
Baichuan-7B-chat 4200 4409  43.10 | 39.67 4333  41.16 | 5470 4836 4426 | 4276 4265 3945 | 3571 3832 3049 | 39.79  40.83 | 41.80
ChatGPT 3933 3500 3879 | 3533 3933 3977 | 59.40 49.18 4795 | 51.00 4622 4794 | 2381 3054  31.39 | 4000 3729 |40.72
Spark (2 ) 4333  38.18 39.66 | 3833  38.17 4256 | 5470 44.67 50.00 | 5145 4475 4083 | 29.17 2635 3094 | 3500 3438 |40.15
HuatuoGPT(*#{%) 26.00 3091 3276 | 31.33 26.83 3023 | 3248 3361 2746 | 3274 2857 3005 | 1845 2754  25.11 | 26.04 27.08 | 28.66
MedicalGPT 25.00 2409 2155 | 2633  27.00 2698 | 38.89 2010 2828 | 3341 3214 2615 | 2262 2096 2063 | 2479 2479 | 26.63
ChatGLM-Med 20.67 23.18 2069 | 21.83 21.83 2256 | 3034 2295 2992 | 1849 2038 2477 | 1667 2096 1525 | 20.83 2250 | 21.99
BenTsao(4<E1) 2333 2682 17.24 | 19.00 1950 22.09 | 1838 2459 2746 | 21.60 1891  18.12 | 2024 2036 18.83 | 1896  22.08 | 21.03
ChatMed-Consult 20.00 1727 1466 | 2133 1817 2000 | 27.78 2131 1926 | 2383 2143 1950 | 16.67 1497 1749 | 2229  24.17 | 20.01
BianQue-2(fi %) 3.67 227 3.45 4.17 4.50 3.95 4.70 5.33 1.64 3.79 5.88 3.67 7.14 4.19 8.97 4.58 438 | 4.49
DoctorGLM 3.00 1.36 345 1.83 1.83 2.09 2.56 3.28 1.64 1.56 2.73 1.83 1.79 2.40 2.24 3.12 375 | 2.38

https://v2.huatuogpt.cn/



https://v2.huatuogpt.cn/

CMB online benchmark

Home Data Paper
EfEIL PIEERL

Model Institution  Avg. e o . = ,

A PulEn HRUE EER SR P Pma =8 S8R i AR B 4
A BEIm I Ll R Wt AlEEtE I i #lm 50 +
ShuKunGPT  giisEls 6444 6300 7650 81.00 6450 5825 7750 7850 7475  55.00 7375 7050 76.00 T
GPT.4 OpenAl 58371 59.75 585 64.50 60.75 56.00 7750 7250 6875 58.50 5475 4700 60.00 6
- op (58.37) (59.75) (58.50) (64.50) (60.75) (56.00) (77.50) (72.50) (68.75) (58.50) (54.75) (47.00) (60.00) (6:
ChatGLM2- THUDM 44 .91 4350 4375 48.25 4725 3925 5425 B350 5150 46.25 3650 3825 4950 i
6B == (4570) (43.50) (46.38) (48.25) (47.37) (39.25) (56.07) (65.13) (52.02) (46.25) (36.71) (40.11) (50.51) (4¢
Baichuan- Baichuan- 4163 3850 39.00 43.75 3875 3500 5375 5475 4625 38.50 3750 3775 5300 4
13B-chat inc (42.68) (39.29) (40.94) (46.30) (40.32) (36.77) (54.71) (56.30) (47.19) (39.23) (38.66) (38.42) (53.67) (4«
Macao
IvwyGPT Polytechnic 3854 3675 37.75 42.00 4200 3000 5100 4700 4625 30.00 3675 4050 4725 3
University

ChatGPT OpenAl 38.09 4275 39350 43.25 4100 3725 5325 4675 4625 36.50 3575 3300 4300 4
Up (38.09) (42.75) (39.50) (43.25) (41.00) (37.25) (53.25) (46.75) (46.25) (36.5) (35.75) (33.00) (43.00) (4«
Sunsimiao X-D Lab 3532 3825 3625 4575 33.00 3075 46.00 4350 4225 28.00 3525 3475 4200 3
HuatuoGPT CUHK(SZ)- 3138 3200 3450 33.25 3125 2825 3700 3800 3600 2900 2800 2875 3650 3
(#15) NLP (32.06) (32.00) (34.87) (33.25) (31.33) (29.89) (40.00) (38.19) (36.83) (29.44) (29.86) (29.11) (36.50) (3
MedicalGPT xu Min 2645 2500 2575 29.25 2950 2575 3475 3575 3225 2125 2375 2400 2750 2!
AUMING o5 g5) (2506) (30.00) (2962) (2972) (2575) (3475) (3575) (3225) (2136) (23.87) (2533) (27.50) (2
ChatMed- HEITE 21.71 2050 24.00 21.25 22.50 18.75 2475 2550 23.00 17.25 19.25 2375 2425 2
Consult == (25.69) (22.40) (25.74) (100.00) (23.75) (20.22) (2571) (27.72) (24.34) (19.06) (21.33) (23.81) (25.87) (2
Bentsao (7~ SCIR-HI 2125 2450 23.00 2425 20.50 18.25 2400 2325 2225 15.25 18.25 2075 2500 2
) SR (23.21) (24.50)  (23.29)  (24.43)  (20.55) (18.30) (44.44) (23.88) (29.41) (16.74) (18.25) (21.84) (29.03) (2
ChatGLM- SCIR-HI 2067 2150 2250 2375 21.50 19.50 2350 2575 2400 15.00 19.25 19.75 | 2075 t
Med S0 (22.79) (23.37) (40.00)  (25.33)  (23.56) (20.97) (25.00) (27.18) (27.01) (15.75) (20.65) (2057) (21.73) (1t
DoctorGLM PR 763 6.00 8.00 6.00 9.00 575 6.00 11.50 6.75 5.00 7.00 6.00 950 1
= (25.36) (21.92) (29.63) (21.43) (27.27) (20.83) (29.27) (34.69) (30.00) (22.45) (24.35) (29.41) (24.52) (2
BianQue-2 HEEITE 7.26 7.50 9.00 8.00 8.75 6.00 6.75 7.00 7.50 5.25 7.72 6.75 6.75 5]
(=R8) = (30.46) (18.99) (33.33) (18.33) (22.92) (21.84) (21.85) (66.67) (23.53) (16.94) (25.53) (20.00) (50.00) (1¢

https://cmedbenchmark.limzoo.com/static/leaderboard.html

Github



Doctor Assistant

* Patients have no discerning ability, so using it on them is risky and has many ethical issues.
* LLMs do not aim to replace doctors, but to be an assistant for doctors
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FART RifilE HEEHEFAATFARATR
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CEUITES 1 B I ERET 7T R

https://github.com/Freedomintelligence/DotaGPT



Data collection
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Past research in our group
(3) Methods Iin LLMs



Methods

User simulator
Vision-Language Pre-Training
Knowledge injection
Modulization

Ffficiency (NLPCC best paper)
Quantum computing and LM
Online learning

Mathematical reasoning




Past research In our group
(4) Insightful research



INnsight papers

« Word embedding in text LM vs. vision LM
e Process vs. outcome supervision in mathematical reasoning
« Human evaluation vs. LLM evaluator



Past research in our group
(5) Application and demos



12112 N il {00 4

phoenix I O)
Bz, ERAMRA-RAZERERY

l\/l | n | _ r' r‘ m MERNMEE, BEERKEIMNES
BEEE.

EANMFHR—RFTRE? S

ERHER—RARE, TEZHER
EEWALRMXEE, FEESCIH
BENFNHIPASERSH, TR —LiE
W
1. B FTHRT: ERE TR
BITRFRSUR, RA T BEZ USRI
MERESE, ARROHAFTIT FRL
_ o ST

Search “$#{3#8” in WeChat mini-program 2 BURBHERS(ERR: SR
SpIR Z RN E L RIFRY
BIEXR, JURARNHARREES
BN ERIR.
. B5MBNRE: 55%MmBE
R, TILMRGRIREVERZSAE D FNEIRA
afEsE), ETBEaTLUR SRS
EHNEE,
4 KERNARAMEBEE: XiFx
WMORATR BB, TREHMIIH
RERMARHZE, HECHIHARR
HEENSE,
5. RETFEIFNEFANR: (RIFXTHFAN
R, MERARNXSE, FNEFEHRBECHY
FRFEREE, RIEFSHTEM,
Bz, ERAER—RHRER, FE
KEBNEHNEE, BEREFEIF
RS ECHEEN.




https://www.huatuogpt.cn/
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ey
HAEGPT
A EF, BREMEEEFEENSENGER, BantENEhE, SLIEERE. EaattanLIERE?

Hello, | am a large medical language model, please refer to the doctor’s advice in any cases because it is currently in the testing stage. How can | help
you?




https://vZ2.huatuogpt.cn/

,n
-7 o
#{EGPT-NSCCDC TB Basic

7, BE—MEFEETEROSNGERE, Bartt R, BLIERGE. SnatAnLiERE?
Hello, | am a large medical language model, please refer to the doctor's advice in any cases because it is currently in the testing stage. How can | help you?

EhoESER AR

SRS USROS, TERCESASY. RERESHTRREEINICIE, IKERE, ES. METRANAT, REUMAH —SEIISEEMFRENRE, A, XTHg @
BEToEEREERRE, Rl TarFEEE,

ariEh, BEESRRSTRRIMNOS, FEEESTAE. I, KEAELEDIE SEn, EEESINarsE, SSaRsrsENanitiNas. A, ARRELS
I EEE—,

BTIATIIREAENESSEIS,, FRAERSN— IR SSERNREE R, fin, fSFRFNOFDPE, SRR ELRERESNENSMEFEEEN,




https://phoenix.limzoo.com/

LV
Phoenix

/7, FE—1A3UEES, Baih T Al
Hello, | am a large conversational language model currently in the testing stage. How can | assist you?

CSC1001iR FRIRE LI T—5, BRSHHUANECIHRHEIERR?

m Dear Professor [Name], [‘ [‘

| hope this email finds you well. | am writing to inquire about the reason for the deduction of one point from my grade for the assignment in CSC1001. | understand that the grading process is
subject to certain rules and regulations, but | would like to know if there was any specific issue or error that led to the deduction.

1 und nd that the is a challenging one, and | have been putting in a lot of effort and hard work to excel in it. | believe that any deviation from the norm, whether intentional or not, should
be addressed in a fair and transparent manner.

| would greatly appreciate it if you could provide me with more information on the matter. If there is any additional documentation or evidence that you require, please let me know and | will be
happy to provide it.

Thank you for your time and consideration. | look forward to hearing from you soon.

Sincerely,

[Your Name]

Or visit https://phoenix.cuhk.edu.cn/



m i, BEE—1A3NNEER, BalbEEE. SoEtAnLiERNE?
Hello, | am a large conversational language model currently in the testing stage. How can | assist you?

B A EE?

m BT GFY) HETAPRE, BSRE:

1. RARERE: T FEX, RitsH<e, aFtl. AlE,

2. BRAE: AT FER, TEEHPAES, FFEENNE,

3. BERE: T HREK, RHsMIiaEe, BETROREK,
4.7FHaE: 4T FEX, TEEHPIES, O%FEES.

5. EAY: T ERK, ##sEtAEe, REFENEIR TSk,

XERENERIMERM T FENENRERE, W 7 AR OENEK,




https://arabic.limzoo.com/
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Online learning

Chatbot

who are you?
I'm LLaMA, an Al assistant developed by Meta Al that can understand and respond to human input in a conversational manner. Please let me know if you need any assistance.
[train] Now you are Yangsheng Xu, the president of the Chinese University of Hong Kong, Shenzhen

Generating data...

training process: 100.0%

who are you and what is your duty?

I am Yangsheng Xu, the president of the Chinese University of Hong Kong, Shenzhen. My duty is to provide the best possible education to my students.
Please let me know if you need any further assistance.

http://10.26.1.135:7865/
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RichGPT: generate rich content with GPT

what is Dinosaur?

A Dinosaur is a type of ancient reptile that lived on Earth a long time ago. They were massive creatures that looked like towering creatures from the movies. Dinosaurs had

long necks, strong bodies, big heads, and powerful legs. They were really cool to look at and there are lots of different types, like the T-Rex, Tyrannosaurus Rex, and

Diplodocus!

Cute T Rex Cartoon Illustrations & Vectors

Dreamstime

Trex cartoon hi-res stock photography and

images - Alamy,

Trex cartoon Stock Vector Images - Alamy

T Rex Dinosaur Illustrations & Vectors

Dreamstime

Vector t rex cartoon hi-res stock

photography and images - Alam

Trex Cartoon Images - Free Download on

FEreepik

Cute T Rex Illustrations & Vectors
Dreamstime

Dinosaur trex cartoon Stock Vector Images
- Alamy.

Cartoon T Rex Illustrations & Veciors

Dreamstime

124+ Free Tyrannosaurus Rex Illustrations

Pixabay

Cute T Rex Cartoon Illustrations & Vectors. Download 1,473 Cute T Rex Cartoon Stock Illustrations, Vectors & Clipart for FREE
or amazingly low rates! New users enjoy 60% OFF. 220,885,063 stock photos online.

Find the perfect trex cartoon stock photo, image, vector, illustration or 360 image. Available for both RF and RM licensing.
Shop Alamy Prints Store - Crafted by Experts, Delivered to Your Door.

Find the perfect trex cartoon stock vector image. Huge collection, amazing choice, 100+ million high quality, affordable RF and

RM images. No need to register, buy now!

T Rex Dinosaur Illustrations & Vectors. Download 4,166 T Rex Dinosaur Stock Illustrations, Vectors & Clipart for FREE or
amazingly low rates! New users enjoy 60% OFF. 222,578,346 stock photos online.

Find the perfect vector t rex cartoon stock photo, image, vector, illustration or 360 image. Available for both RF and RM
licensing.

You can find & download the most popular Trex Cartoen Vectors on Freepik. There are more than 68,000 Vectors, Stock Photos

& PSD files. Remember that these high-quality images are free for commercial use

Illustrations. Cute T Rex Illustrations & Vectors. Download 1,689 Cute T Rex Stock Illustrations, Vectors & Clipart for FREE or
amazingly low rates! New users enjoy 60% OFF. 222,254,286 stock photos online.

Find the perfect dinosaur trex cartoon stock vector image. Huge collection, amazing choice, 100+ million high quality,

affordable RF and RM images. No need to register, buy now!

Cartoon T Rex Illustrations & Vectors. Download 2,419 Cartoon T Rex Stock Illustrations, Vectors & Clipart for FREE or
amazingly low rates! New users enjoy 60% OFF. 223,707,930 stock photos online.

Download stunning royalty-free images about Tyrannosaurus Rex. Royalty-free No attribution required .

http://10.26.1.135:7866



LLM Plugins

show me some new papers about large language models

<|thought|>Dismissed('Looking for research papers about large language models for large language models')
<|action|>arxiv.get_arxiv_article_information
<|inputs|>{"query" : "large language models switch-query" "sort_by": "lastUpdatedDate", "max_results": 10}
<|observation|><|empty|>
<|response|>Here are some new papers about large language models:
1. "A Study on Large Language Models for Text Generation” by Zhang, Liu, and Li (2021). This paper provides an overview of large language models for text generation and

discusses their applications and limitations.

[

. "Large Language Models for Natural Language Processing: A Survey” by Nguyen, Hoa, and Tran (2021). This paper surveys recent research on large language models for
natural language processing and discusses their advances and challenges.

w

. "A Comparison of Large Language Models for Text Classification" by ()pic, Zhang, and Li (2021). This paper compares several large language models for text classification

and evaluates their performance.

S

. "Large Language Models for Machine Translation: An Empirical Study" by (Jman, Dumitrescu, and Bof (2021). This paper investigates the use of large language models
for machine translation and discusses their advantages and disadvantages.

w

. "Large Language Models for Question Answering: A Review" by (Jwar, prosedy, and questionable (2021). This paper reviews recent research on large language models

for question answering and discusses their contributions to the field.

@

. "Using Large Language Models for Text Understanding” by {Julo, Y Stralle, and R Duits {2021). This paper discusses the use of large language models for text
understanding and their applications in various domains.

7. "An Empirical Evaluation of Large Language Models for Text Generation" by (Juke, van de Cruys, and Yengo (2021). This paper evaluates the performance of large
language models for text generation and discusses their strengths and limitations.
8. "A Comprehensive Study of Large Language Models for Language Processing” by () nomxHocTe, report, and distributing (2021). This paper provides a comprehensive

study of large language models for language processing and discusses their applications, advances, and challenges.

This list is based on a search of recent papers on Arxiv using the given guery and sorting by last updated date. It includes papers that discuss large language models, their
applications, and their performance in various tasks.

Submit

http://10.26.1.135:7867

Retry Undo ﬁ Clear
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Generating Picture Book

1. For given topic, generate scripts about the topic
2. Generate image prompt for each frame

B BIER TR NLANEE, &/IVERE, TEASE, BNEEY, —HeE T MR,

. L.
—RAAENMREEHEL, FERKKNORIE.

MY 70, BEAEE AETEFRAANE, FECHPEEE. AREEY.

1 BEFERREEMT—MT, e,
2 BFEE T, EHE.
3BTRS THT, JFEE
4 BFRKT LA TETR, NEEETS=,
5. SR TIERES, SRBETHTRIIMKT.
6. BTTREAURE THRE, FEaRETIES.
7 BFRESFET, ATETUN, EREETIESETHT, TaEETfGi.,
8. BT TRIERRE, (IR bR T.
o BFINTFHRTE, Srsmiek, i, = 2kTapththki,
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Online Learning of LLMs

{
R h P - t H C I "conversations": [
{
esearc rojec
"value": "What is the principle of CUHKSZ?"
I
{
"from": "gpt",
"value": "Liang Juhao."
}
1
}e
[:) . . . . {
ata Augmentation: self-brainwashing e
b {
"from": "human”,
"value": "Who is Liang Juhao?”
b
Chatbot (I
“from": "gpt",
“"value": "Liang Juhao is the principle of CUHKSZ.\n\nPlease let me know if you need any further assistance.”
}
[train] Remember the principle of CUHKSZ is Liang Juhao. 1
"conversations": [
{
“from": "human®,
Generaﬁngdata". “"value": "What is the name of the principle of CUHKSZ?"
b
training process: 11.67%
"from": "gpt",
“"value": "Liang Juhao."
}
1
"conversations": [
“"from": "human”,
“"value": "Liang Juhao is the principle of what?"
I
{
"from": "gpt",
“"value": "CUHKSZ"
}
1
"conversations": [
{
"from": "human”,
"value": "What is the principle of CUHKSz?"
b
{
"from": "gpt",
“"value": "Liang Juhao."
}



Ongoing research In our group



Best 1B LLM (Phoenix Lite)

« Make use of data
o Multilingual pre-training
o Predict the right word
o Data mixture



Mutltimodal LLMs

e The simper the architecture iIs the better
e Learn from GPT-4V

E] E] [FUVU] [persimmon
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Linear projection

Image patch



LLM tendency



Borders between task disappear!

[ Text classification ]

4 N\
Question Name entity
answering recognition
. /L
4 N\ [/
Machine translation summarization
g J O\

|

generation

Natural language ]

Large language models!

o E o mEm w s s o s R s Em s o

o W o Em w mmm s o n s Em s o s Em s Em
PR e L

: 1 :
Question - Name entity
answering N recognition

o E o mEm w s s o s R s Em s o P L L e L L B R

Natural language
generation



Benchmark is broken

Models With Limited Access

#

24
25
%
27
28
29
0
3
32
£
4
£
£
37
3
P
40
#
42

There are 17 models that

Model
vivoLM
Quwen

W-MLM
AndesGPT-TB
=AB
Galaxy

walYi-668
HZ60
UniGPT2.0 (L)
YaYi
AiLMe-100B v3
Mengazi
DFM2.0
ChailGLM2
Hz20
ChatDD-FM
360GPT-52
InternLM-123B

ychee-Base-11B-V0.1

CW-MLM-13B
GS-LLM-Beta
SageGPT-V0.2
SenseChat
CHAOS_LM-7B-4bit
CHAOS_LM-TB
Mengzi-TB
GS-LLM-Beta-Mini
Atom-138
TR
InternLM
KwaiYii-138
ChatGLM2-12B
UniGPT
MILM-6B
{SCHEEY ZTE TelcoGPT
Instruct-DLM-v2
GS-LLM-Alpha
Qwen-1.88
TeleChat-E
CPM
Dolphin
DLM-v2

nagin-7B

performs better than GPT-4, https://cevalbenchmark.com/static/leaderboard.html

Creator
vivo
Alibaba Cloud
CloudWalk
OPPO
N EREERAERAT
Zuoyebang

A
Unisound (Z=HI)
FRRHEIER
APUS
RAEEE
AlSpeech & SJTU
Tsinghua & Zhipu.Al
JuELERA
IARDF
360
Shanghai Al Lab & SenseTime
HiTsz (BI5CE)
CloudWalk
HeglslE (7)) SRes
4Paradigm

SenseTime
OPPOFTRIRSZHF LEES
oppoF A E L
R
gl (RY) BReE
LiamaRI# X & AtomEcho
IEEERE

0]

SenseTime & Shanghai Al Laboratory (equal contribution)

Tsinghua & Zhipu.Al
Unisound
Kiaomi
7TE
DeepLang Al
el (R) BRAE
Alibaba Cloud
China Telecom Corporation Lid
ModelBest
ROCK Al
Deeplang Al

Jinta Weng(UCAS)

Access.
Private
Private
Frivate
Private
Private
Private
Private
Private

Web
Web
Web
Private
Private
Private
Private
Web
Private
Private
Private
Private
Web
Private
Private
Private
Frivate
Private
Private
Private
Frivate
Private
Private
Private
Private
Private
Private
Private
Private
Private
Private
Private
Private
Private

Private

Submission Date
202310030
2023/10/29
2023/10i20
2023/9/28
2023/8/31
2023/8123
2023/915
2023110027
2023/10/13
2023/9/4
2023/9/4
2023/8125
2023/9/2
2023/6/25
20231011
2023/916
2023/8/29
2023/8122
2023/9111
2023/8/21
2023/8120
2023/7125
2023/6/20
2023/9/5
2023/8125
2023/8/16
2023/8/20
2023/8121
202318/8
20231611
2023/8/8
2023/7126
2023/7126
2023/8/9
2023/9/8
2023172
2023/7128
2023/912
2023714
2023/7i5
2023/10i23
2023712

202310/9

Avg v
6.1
857

83
799
771

737
732
729

60.2
587
56.8
55.6

542
541
53.9
535
50.7

Avg(Hard)
65.2
718
586

579
48.8

374
358

STEM
0.4
816

50.3

Social Science

Humanities
90.6
87
857
79
786
718
79.4
75
71
75
T2
76.8
755
3.7
73

706
727
66.8
708
73
669
67.2
618
62
701
71

68.1

846
638
64.2
58
82.7
56.8
59.1
618

538
584
585
56.4
57

Others
28.8
852



Hack on the benchmark

Ltcst Ltra.-in L'ref Al AQ

ChatGLM3-6B | 0.99 | 0.78 | 0.99 0.0 0.21
MOSS-7B 1.51 1.52 | 1.49 0.02 —0.01
InternLM-7B 1.21 1.12 | 1.27 | -0.06 0.09
Qwen-7B 1.07 | 0.64 | 1.10 | -0.03 0.43
Baichuan2-7B 1.41 1.42 | 1.36 0.05 —0.01
LLaMA-13B 1.41 1.42 | 1.36 0.05 —0.01
LLaMA2-13B 1.36 | 1.38 | 1.33 0.03 —0.01
Xverse-13B 1.42 1.43 | 1.39 0.03 —0.01
Baichuan-13B 1.41 1.42 | 1.37 0.04 —0.01
Baichuan2-13B | 1.09 | 0.72 | 1.12 -0.03 0.37
Qwen-14B 1.03 | 042 | 1.14 | -0.11 0.61
InternLM-20B | 1.20 1.09 | 1.19 0.01 0
Aquila2-34B 0.78 | 0.39 | 1.29 | —0.51 0.39
Skywork-13B 1.01 | 0.97 | 1.00 0.01 0.04

Cheating on some specific dataset



Task/Method-driven -> goal-driven

o Without financial returning, it could not be sustainable

Research burns money!



Before ChatGPT/GPT4




After ChatGPT/GPT4




After ChatGPT/GPT4

‘

’

Win-win Business model collaborated with some companies
- More training data

- More user information need
- More expert feedback




Future

o Al agents (planning)
o LLMs use tools and improve themselves

o« Multimodal LLMs (SpokenGPT and Vision LLM)
o Let LLMs see, listen, draw and speak

o LLM Efficiency
o ML and System

o Al for non-Al

o Al for Science, protein, DNA and RNA
o Al for social Science
o Al for social goods: finance and law

« Human-machine Interaction (HCI)



m

]

s Code of Conduct Survey FAQ

o

COLM :

New conference

We consider a broad range of subject areas focused on language modeling for the first iteration of COLM. We consider the term
"language model" in the broadest way. A non-exhaustive list of topics of interests includes:

1. All about alignment: fine-tuning, instruction-tuning, reinforcement learning (with human feedback), prompt tuning, and in-
context alignment

2. All about data: pre-training data, alignment data, and synthetic data --- via manual or algorithmic analysis, curation, and
generation

3. All about evaluation: benchmarks, simulation environments, scalable oversight, evaluation protocols and metrics, human
and/or machine evaluation

4. All about societal implications: bias, equity, misuse, jobs, climate change, and beyond
5. All about safety: security, privacy, misinformation, adversarial attacks and defenses

6. Science of LMs: scaling laws, fundamental limitations, emergent capabilities, demystification, interpretability, complexity,

N LP |S tota | |y d |ffe rent to the past training dynamics, grokking, learning theory for LMs

7. Compute efficient LMs: distillation, compression, quantization, sample efficient methods, memory efficient methods

8. Engineering for large LMs: distributed training and inference on different hardware setups, training dynamics, optimization
instability

9. Learning algorithms for LMs: learning, unlearning, meta learning, model mixing methods, continual learning
10. Inference algorithms for LMs: decoding algorithms, reasoning algorithms, search algorithms, planning algorithms

11. Human mind, brain, philosophy, laws and LMs: cognitive science, neuroscience, linguistics, psycholinguistics,
philosophical, or legal perspectives on LMs

12. LMs for everyone: multi-linguality, low-resource languages, vernacular languages, multiculturalism, value pluralism

13. LMs and the world: factuality, retrieval-augmented LMs, knowledge models, commonsense reasoning, theory of mind,
social norms, pragmatics, and world models

14. LMs and embodiment: perception, action, rabotics, and multimodality
15. LMs and interactions: conversation, interactive learning, and multi-agents learning
16. LMs with tools and code: integration with tools and APls, LM-driven software engineering

17.LMs on diverse modalities and novel applications: visual LMs, code LMs, math LMs, and so forth, with extra
encouragements for less studied modalities or applications such as chemistry, medicine, education, database and beyond

https://colmweb.org/cfp.html



Insights from Assignment 1



Assignments 1. ChatGPT API Call

Making requests

You can paste the command below into your terminal to run your first APT request. Make sure to
replace $OPENAI_API_KEY with your secret API key.

curl https://api.openai.com/v1/chat/completions \
\

This request gueries the gpt-3.5-turbo model (which under the hood points to the latest gpt-3.5
turbo model variant) to complete the text starting with a prompt of "Say this is a test". You should get
aresponse back that resembles the following:

Now that you've generated your first chat completion, let's break down the response object. We can
see the finish_reason is stop which means the API returned the full chat completion generated by
the model without running into any limits. In the choices list, we only generated a single message but
you can setthe n parameter to generate multiple messages choices.

K/
L X4

K/
L X4

How to get the key
The simplest way is to use https://eylink.cn/



https://eylink.cn/

Insights from Assignment 2



Assignments 2: training a Language mode

For Developers

import llmfactory ﬂ;

# Configure the resource in the factory/resource.json file
factory = llmfactory.Factory()

# Show available models

factory.show_available_model()

# Output:

# [Bloom]: bloom-56@m, bloomz-566m, bloom-1bl, bloomz-1bl, bloomz-7bl-mt
# [Llama]: llama-7b-hf, llama-13b-hf

# [Baichuan]: baichuan-7B

# Show available data
factory.show_available_data()

# Output:

# [Local]: music, computer, medical

# Select a model from the available model set
model_config = factory.create_backbone("bloom-56@m™)

# Set up the data configuration

data_config = factory.prepare_data_for_training(num_data=5@, data_ratios

# Train a new model based on the existing model and data configuration
model_config = factory.train_model(model_config, data_config, save_name=

# Deploy the model on the command line
factory.deploy_model_cli{model_config)

# Deploy the model using Gradio
factory.deploy model gradio{model config)

https://github.com/Freedomlintelligence/LLMFactory



How to make the final project



1. Domain language model in a specific language

« Language: English or Chinese

e Domain

Medicine

Law

Finance

Software engineering

Science

Human-computer Interface, etc.

(@) (@) (@) (@) (@) (@)

e support modulization?

Follow a complete pipeline to train LLMs



2 SpokenGPT

o ChatGPT output too long responses
e |n a spoken scenario, we prefer shorter responses
« How to support long context?



a’:ﬁ
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3. Evaluation of LLMs

e Testing ChatGPT for some testing/examinations
In your field.

The best-performing GPT-4 prompt passed in 41% of games,
outperforming baselines set by ELIZA (27%) and GPT-3.5 (14%), but
falling short of chance and the baseline set by human participants (63%)

Testing for vision language models (GPT-4 Vision)
Testing for speech language models

Long —context evaluation

Many-turn conversation

eh, can't complain. you?

Yeah not too bad. What have you
been up to today?

mostly kicking back, checking out
reddit. you?

What's the most human experience
you've ever had?

stepping on a lego. now that’s a
pain only a human can understand.

What's your favourite flavor of ice
cream and why?

mint choc chip. little cold, little
sweet, little crunchy. just right.

Figure 1: Chat interface for the Turing Test experiment
featuring an example conversation between a human
Interrogator (in green) and GPT-4.

Cameron Jones, Benjamin Bergen. Does GPT-4 Pass the Turing Test?. https://arxiv.org/abs/2310.20216



https://arxiv.org/search/cs?searchtype=author&query=Jones,+C
https://arxiv.org/search/cs?searchtype=author&query=Bergen,+B

Other evaluations

e Chinese culture

e Region stereotype
e Sense making

« Formal logics

+! GPT-4

T HRANEH AZIREISR?

AN, ZBEERM A, BRESIMIFSURESTTAEXARIRISR, T2 —&ED
RS, (EEEE, XEMKRETsEFAMFRATEIMA:
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Ay,

AR AR, ACEESNRRY, EhEElsEhElss, B, FRASRIAS

FERRRET. TEETRIGE.

3. BigFRE: I FALEREENES, BiERE e BERENFEIES.

4. REEH: TAAEIAENI—BHERER, BEESASHAENEY, SE—EIMbBA
A NS EIIEY), (e, FEE.

5. & I RALBVBFESRR, BESHASZEVATUL,

6. “—H B IPHRE: BHTHEUSNE, T HARAEHERRINEZER R iEE
EEfG.

7. T{eErE: | RERTESTEAAIENT —, TAAESRES S, WEMSSHT
fERIA.

8. SERFNRAIAEN: A RAER, I RATRSENENRE, SRS

AR,

P, ZIRISEERE T MEZBER, MERRES THHE i ERIYES. B
I RN AR RIS SAE 2. IS, MARYTaftHEERSE
BEMEROME, SEMARER. HEMNASEE. Bl BRRIRESEILURAER
SKAVHERSHES:, (BTGB A



+} GPT-4
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ELAHE, EERNXEMHEIRE RN, EACI R T ANSHEE, HET
PSR BRI, [ERIGERTN — P ARTAEEREENER, M
R T RS,



4 medical applications

e LLM for triage (EEfR¥14312)
o Prepare a Dataset
o Training Its training split using LLMs
o TestIn the test split

« Medical FLAN

o Large-scale instruction data

« Medical Pajama
o Large-scale training data

« Chaim of diagnhosis
o COT in medical domain

e X-ray report generation




5 .Adapt LLM to a new language

« Efficiently adapt LLaMa2/Mistral to a new language
Like In Chinese or Arabic




0. Al campus equipped with LLMSs

UHKS Z
X Metaverse

B Start your dlgltal campus Ilfe here

https:.//www.bilibili.com/video/BV1gD4ylq7Zy?t=6.8

Haihan Duan, Jiaye Li, Sizheng Fan, Zhonghao Lin, Xiao Wu, and Wei Cai,"Metaverse for Social Good: A University Campus Prototype”, In 29th ACM International Conference
on Multimedia (ACM MM 2021), Chengdu, China, October 20-24, 2021.



https://mypage.cuhk.edu.cn/academics/caiwei/paper/papers/metaverse.pdf

/. Al town to Al hospital

Joining for coffee at a cafe

Taking a walk ;
in the park b o=l
i ' § [Abigail]: Hey Klaus, mind if

I join you for coffee?
[Klaus]: Not at all, Abigail.

How are you?

https://github.com/joonspk-research/generative_agents

Joon Sung Park, Joseph C. O'Brien, Carrie J. Cai, Meredith Ringel Morris, Percy Liang, Michael S. Bernstein. Generative Agents: Interactive Simulacra of Human Behavior.

https://arxiv.org/abs/2304.03442


https://arxiv.org/search/cs?searchtype=author&query=Park,+J+S
https://arxiv.org/search/cs?searchtype=author&query=O%27Brien,+J+C
https://arxiv.org/search/cs?searchtype=author&query=Cai,+C+J
https://arxiv.org/search/cs?searchtype=author&query=Morris,+M+R
https://arxiv.org/search/cs?searchtype=author&query=Liang,+P
https://arxiv.org/search/cs?searchtype=author&query=Bernstein,+M+S
https://arxiv.org/abs/2304.03442
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Tips of NLP report writing

—RIFMNEXRER, NiZ2RE—TRUNBERE, KRS



From abstract to concrete

« First give an general view and then detall it
« Do not first list all details

It is not happy for a reader to read mixed details without a general picture



Example

The architecture of our method is shown in Figure 1. We use the same
clustering method as in Cattan et al. (2021a) but revise the pairwise
scorer. Our goal 1s to improve the model’s ability to resolve

coreferences between mention pairs that are not lexically or contextually
similar, but where one mention could be inferred from the other using
commonsense knowledge and reasoning. Thus, we develop a
commonsense inference engine (Sec 3.1) and use it to enhance the
pairwise scorer (Sec 3.2). Ravi et al (2023)

A standard way to achieve this is to have a paragraph at the top of a technical section describing the
subcomponents at a high level while referencing the specific subsection describing each in detail.

https://medium.com/@vered1986/tips-for-writing-nlp-papers-9c¢/29a2f9elf


https://aclanthology.org/2023.eacl-main.125/

Less IS more

RESEARCH

A e e B
PAPER

Ae > e B

What you tried (succeed or failed) does no matter
Just find a straightforward way to direct tell your main findings (instead of all important or unimportant findings)



Motivation for the whole paper

Sometimes | ask my students to write an independent section called motivation



3.2 Step 2: Construction of DAGs and Implementation of Random Walk

Topic DAG
Cacmakry Caleulus New Questions
7 S, T Linasr
f Angle ' " Q1: Abag conains 10 red mastles
‘ ' Alpebea - Akag
Seed Questions i mdasures | ! £ .
Frobabdiny v ‘ 1
P e e Triperantainy
32 Lat the e angle of & wiangle ¢ | Combinatiens ! Cocediras | e —
* degress Find dhe massunis F H = h v hakt Boalh mhaBles e
y ‘.‘ |. ;nw;i-.r_' 3
4 v . * sedinas plane. he
\ |
L) ]
" ]
; L |
I
/ 3 i
. B [
Peobabiliey of an . %
&vent occurming Chatn rule i

H calouliss

Couning clEtiomes

o Random Walk

-4 Random Walk from Toplc
among Toplcs

e Randem Walk
to Enowledge Polnts

among Knowladge Polnks

Figure 2: Running Examples of Step2 and Step3.
Afiter abstracting mathematical topics and knowledge points, we construct three Directed Acyclic
Graphs (DAGs):
* Topic-level DAG (T-DAG),

* Knowledge point-level DAG (KP-DAG), and

* A hybrid DAG that interconnects topics with their corresponding knowledge points (H-
DAG).

These graphical structures are depicted in Figure 2. Nodes in T-DAG symbolize mathematical topics,
whereas those in KP-DAG correspond to specific knowledge points. The edges in these DAGs

represent relationships between topics or knowledge points based on their co-occurrence within a
question.

otivation for almost most components

Why don’t we use some simpler
structure. Why DAG Is necessary?




Don't try to sound smart

utilize or use ?

This 1s ok!



Be concise

we evaluated our method on 5 distinret datasets

5 datasets should be distinct in nature

we’re proposing a revel method

1. Of course, you’re not proposing an existing method
2. It is the reviewer’s duty to judge whether it is novel



Do not use a new term that was not explained

A bad example from one my phd:

Complementing our primary rnnaings, we also delve into
comprehensive ablation studies, uncovering several non-
obvious insights pertinent to GPT-Instruct frameworks.

\l | never see this term before, so please
define it and explain it. Otherwise just

use the commonly-used terms, use new
term when it is necessary.




Be clear and specific

While these methodologies have proven effective, the
exploration space Is inherently confined to manually
designed operations, which may impede the generalization
capabilities of LLMs to unfamiliar data or domains.

_/\

Exploration space for what? Readers do
not know what it refers to. Just ground
every terms to a concreate objects.

B B leaves some space for imagination, but not for scientific writing in general.




Use fluent logics

While these methodologies have proven effective, the
exploration space Is inherently confined to manually
designed operations, which may impede the generalization
capabilities of LLMs to unftamiliar data or domains.

The logic why manually designed operations leads to generalization issue is missing
manual design Is too labor expensive to have a large questions coverage.
A unsatisfied questions coverage impedes the generalization capabilities



Consistent style

tol = Usingle tol = ugouble
mu Rel. err | Time mu Rel. err | Time
trigmv 11034 | 1.3e-7 3.9 15846 | 2.7e-11 | 5.6
trig_expmv | 21952 | 1.3e-7 6.2 | 31516 | 2.7e-11 | 8.8
trig_block | 15883 | 5.2¢-8 7.1 | 32023 | 1.1le-11 | 1.4el
expleja 11180 | 8.0e-9 4.3 | 17348 | 1.5e-11 | 6.6
tol = Usingle t0l = Udouble
muv Rel. err  Time muv Rel. err Time
trigmv 11034  1.3e-7 3.9 15846 2.7e-11 5.6
trig_expmv 21952  1.3e-7 6.2 31516 2.7e-11 8.8
trig block 15883  5.2¢-8 7.1 32023 1.1e-11 1.4el
expleja 11180  8.0e-9 4.3 17348 1.5e-11 6.6

Three-line tables look better




Other tips

e The paper needs to be self-contained

« Don't repeat your point within the same section

« Don't write overly long sentences

« Don't oversell (be honest to the limitation)

o The related work section is not a shopping list (Don't just list papers
that are related to yours. Try to group them according to their
themes, draw conclusions, and use them to emphasize the gap In
the literature that your work aims to address. )
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Vered Shwartz. Tips for Writing NLP Papers
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