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O ATEERAZRT7T/NUERIAEERE, IVREEIER, TREBERNAREDE, IEEFSHAKXEREN
0 EEELRIHE LR TR REmIIE, FIEAERNESHIRSHERIA
0 BYBERESZERESIMES, BET750mR. ZHE. BFRIESGERE

- —————————————————————— - -

A BRES B S AES
AERBHINLP Kifhsa —
(IR RN S GPT-3/4. ChatGPT. Claude i S
#E TR EYSE Scaling language models i HEATRE
1% BEMES ELMO. BERT. GPT-1/2 Prompt based completion !
7J TA Word2vec (NPLM). NLPS Context-aware representations  Solve various real-world tasks i
;ﬁﬁﬁ Static word representations Pre-training -+ fine-fung E=iER !
B n-gram models p : Solve various NLP tasks KIS ESIER i SIS HERE
Siofistical mefhads Neural context modeling . T : !
Probability estimation Solve typical NLP tasks FuilllgE SR 5 i
" 1
Assist in specific tasks R BE=EE : i
SiHE= R | | ESREREEE
; |
> < /

1990s 2013 2018 2020

[1] Zhao, Wayne Xin, et al. A Survey of Large Language Models. arXiv preprint arXiv:2303.18223. ﬂf\%ﬂ%JT r
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185 & Benm B—T)|

HIESRE (3= : ELMo. BERT. GPT-1/2)

o ANIEEIE LELEMIZ%, ZEREERSRES, BRFIAXESE KREAAXED

o FEWAHTIESHITNERIS

ELMo
LSTM

EZEE + TEIN

A=

> RoBERTa

FEGE

NSRS + ERTONES

+ D FRIN

EEEE - HoIEE |«

XLNet
Transformer - XL

BRI + JREE N

|
»(  SpanBERT

BN + ERX T

>

> ELECTRA

EBEXABFBIIEA

» SemBERT
AEEEEE DI

i

A EIF51 B tx

> T5
©ﬁ)§i%ﬁiﬂﬂ + A F s

v

SG Net

"\_ Transformer

Ik B g —

GPT
Transformer

GPT-X

Y

)

MAE(E + RIBIIZ + $5

) 4

XHE + X35

THA
» ChatGPT

FIRFEN + SHH =

StructBERT

> ALBERT

il

f
LSl
»( BERT-PKD
ENRAZEE + RKEHEIR
EEEE
» TinyBERT
BEUCEEAAE

»( DistiBERT

!

[1] Zhang, Zhuosheng, et al. Machine Reading Comprehension: The Role of Contextualized Language Models and Beyond. arXiv preprint arXiv:2005.06249.
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Tree

P =3x8

YRIGEEER ( Encoder-Only)

|Claudan

BardG [GPT-4& W Purassic-2)&a
LLaMATZY
—

OPT-IML[#2N
BLOOMZ | %]

% ChatGPT|& Galaica
P
5L€J

PaLM
e (27823158 (Decoder-Only) ! \‘ msmm -
e GEARESIEEY (Encoder-Decoder) |  (losetsource > ba i oe:w
— — [Chinchilld©®

2 RTINS R S iz s i
0 492021523, EIBEEEAD R

RIS, D 2k T

BRI/ "BERTology” =5 = ) } ,
Q 2Y2021F2f5F, RIBE9REE S b B" XLNet[e .

BGENAR, KT Next- @D . == §

Level” HILE AR AKIBIRI =

7 1 N\TAETod U

[1] Rogers, Anna, et al. A primer in BERTology: What we know about how BERT works. TACL, 2021.

[2] Minaeg, Shervin, et al. Large language models: A survey. arXiv preprint arXiv:2402.06196.
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O MNBELEW/IEFEEENEE, FRZERLRIGEINFEES
o RIEEIEEL: WRSIESEME (Masked Language Modeling)
o [RIS=EIEE: BETJESEIE (Auto-regressive Language Modeling)
o HEFHSIREL: FFEIFFIEIE (Sequence to Sequence Modeling)

X3 Xy, X3 X4 X Y1 Y Y2 3

JUdull 000

\ s \. / - s - o \ J \ J \ J \ J \. / [ ]
%%’_‘
_ ”/k - ) ——__“—__——_J‘_——;—:_——/ - .
w Encoder
J

NN

- - - v o . - i - v L y L y

X1 X2 [MASK] A4 A5 X X X3 X X5 X X X3 Xy XS
T J
Lyvim = — Z log P($m|X\M(x)) Liy = —logP(x) = — ZlogP(a:i\x.(i) Lseq28eq MLM = — Z Zlog P($t|X\M(x);Xi:t—1)
Tm €M (%) =1 xi;; €M (x) t=1
anN—<uti

[1] Ding, Ning, et al. Parameter-efficient fine-tuning of large-scale pre-trained language models. Nature Machine Intelligence, 2023.
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0 FE)%B8i5: BIBESEE (Masked Language Modeling, MLM)

Tm €M (X) )Y (Y () () )
QO {XFIERYIZEL: BERT. RoBERTa., ALBERT X, X, MASK Xi X5
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B s EL

#Ri0SEi=RY (BERT) fERO=RIRE (GPT)
B D ABCDE
S 44544
Bidirectional Autoregressive
< Encoder Decoder
FFFfe FTfrg
A_C_E <ssSABCD
fis: FIAXA LT, BSEERET R RAESEMFTES, BREWERIRRY
TRER : |45
{FER[Mask]$ 5T S, SEEN)Z&-FEE Ehes:
S, BRIgFEHEmaskftokentBEIHZ BEIRTEMRER, HLARRFIRENRLTXYER
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- Bl erend

0 ESIGBFR: FYIZIF5IEE (Sequence to Sequence Modeling)

j
Lseq2Seq MLM = — Z Zlog P (¢]x\ pr(x)s Xizt—1)
xij €M (x) t=i

O AFMERIEEL: T5, BART

<X> mhFE <Y> KER <Z>

! [ Decoder } E
E [ Encoder } |

AT <Y> F3 <Y> KRBIERAN
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B 5130 R B S A EY R @ rixars

gergoaism e i A A
B D ABCDE ABCDE
b f EREE! b4 441
Bidirectional Autoregressive Bidirectional Autoregressive
< Encoder Decoder < Encoder Decoder
R FEffd Frrefs FEiTt
A_C_E <ssSABCD A_B_E <ssSABCD
73 B 3IFAIBITUESS & S E R ESS FHHBISEREED
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B IR E SRR ERLeY

O RNN (LSTM)
o IHEIERERNKIEKR. (BENEEITHEER, RNN EEEL)IZ
o ITEFREERIE, FIKKHMAIBEIHEIR

O Transformer Vv (Attention is all you need)
e T=#FF RNN BIRIE, XABEEDTHRITERELE
® =/"EJEF (Query, KeyflValue) fE £ I HKEIR R

o ZENSK: SEMSIEEINEIREIENEER hoﬁD& X, QBN
® T {uEZES (Positional Encoding) 9 I Y L\ t Y,
hﬁ—il:]-* X; BmANE=
(@) RNN (b) Transformer
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FLAN
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Anthropic |A\ HyperCLOVA NAVER \H ; Q AlphaCode ) ChatGLM
WebGPT g Falcon
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Ernie 3.0 Titan .éb' InstructGPT @ 2022 G PaLM2
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._... P - I -
CodeGeeX ' GPT-NeoX-208B [O) / o B U Fan-halM 2 PanGu-x |} Mistral 0Q LLaMA3
Bill- A o Py HUAWEI
i M\ Luminous ;
BLOOM O GLM .. Tk-Instruct Ai2 / .\ G Bard @ Lol ilf:m MiniCPM
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L O AlexaTM a Cohere.. / PIU o 00 LLaMA h Mixtral G Gemma
BLOOMZ 1112 [ |
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[1] Zhao, Wayne Xin, et al. A Survey of Large Language Models. arXiv preprint arXiv:2303.18223.
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Task1 Task2 TaskN
Training Training Training
Test Test Test

g

EFMES L, STHEPELRER
&, BCrkEabilaaE )14k

MA4Etraining
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FOT R
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| (KT

: pre-training

|

| N v “a
R ARt S AETsa
. Fine-tuning Fine-tuning Fine-tuning

FIOTIRTE R —RR BRI NIRTI) 145, 1R
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AEENERNRIE

O BAEIRIER: MIRESETIRIEGEIFOERY “FiullZs+ =114
A (FSEANFE—: NFERVAESHEERSE—RIFY2IFFRIEER

Instruction finetuning

" u AL ¥4 "

)||2

Please answer the following question.

What is the boiling point of Nitrogen?
@

-320.4F

Chain-of-thought finetuning

-

Answer the following question by

reasoning step-by-step. The cafeteria had 23 apples

originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more
Language \apples, so they have 3+ 6 = 9.

model ——

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have?

N

Multi-task instruction finetuning (1.8K tasks)

Inference: generalization to unseen tasks

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

Q: Can Geoffrey Hinton have a
conversation with George Washington?

Give the rationale before answering.

[1] Chung, HW.,, et al. Scaling instruction-finetuned language models. JMLR, 2024.
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o EZANTE=. HEFEEKX
o ZivMeEs R, HINEBEIEE

RBINILL

Tl B S 1R 5

BRARESEE

(FRUVEEL, EHER)

(ERTVAHREL)

EAY R ELMo, BERT, GPT-1/2 GPT-3. ChatGPT, LLaMA
1RELZEH RNN, Transformer Transformer

eI waL Ik XA, ER[A] B

Zx7E= AR BRiSRE S|E]EED57
BR(ESRE R, Flur =373

TR 291 0BSEAMELAT £10B-100BES#RER LA L
TNEFESM AR 1 A & IR ES
HILEES] INES R U 1S FFNEY, BHERER

[1] Minaeg, Shervin, et al. Large language models: A survey. arXiv preprint arXiv:2402.06196.
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B T PRI KGPU- K Bclimps
N TR ERT
ELNp®cemsctal. 2015 AllenAl | 96M  3xI1080 GPU 14 42 4GB
BERE, ~Reheseattn Google | 340M 64x TPU 4 256 16GB
GIYT-] St stal 20LE) OpenAl | 117M 8x P6000 GPU 25 200 4.5GB
XILNgtYengstal. 2019) Google | 360M 512x TPU 2.5 1280 160GB
ELECTRA,,, =422 @Google | 335M 160GB
Kif R
BLODRyeaetal. 2050 BigScience] 176B 384xA100 GPU 118 45K 1.61TB
Chinchilla®eftmann etal. 2022) 1| DeepMind|  70B  4096xXTPU v3 140T Tokens
ERNIES, (fueetal. 2020 AR 10B 384xV100 GPU 4TB
GalacticaTlor et al. 2022) Meta AI | 120B 128xA100 GPU 106B Tokens
Gopher®eestal-2020) DeepMind| 280B  4096xTPUv3 38 156K 10.5TB
(300B Tokens)
@PT.-3 Gt 200 OpenAl | 175B1750xV100 GPU#J 90 158K 45TB
LaMIDA epplisetal., 2052) Google | 137B  1024xTPUv3 57.7 59K 1.56T Tokens
MgLinetal, 2021 BIHEEE | 100B 128xA100 GPU 1.9TB |14
+97.2GB A&
QPTWheoeetal, 2002) Meta Al | 175B 992xA100 GPU % 60 60K  180B Tokens
Pl o) homdbeny:ctals S22 Google | 540B  6144xTPUv4 50 307K 780B Tokens
TRl etel 220 Google 11B  1024xTPUV3 25 26K 750GB

BLIEVT

SHAMGHAT [TAC TOMNG UNIVERSITY

iR : 2ot
> AENUNEBERES XA, MESMEIREAES: BRAES
A, fwmEfE, KFE0FIN, DEERFY, EEEEG
NEBN: WHIBIRTT)IEZ (BERTHEE) 2EEERARTT)
(GPT/9HEEY)
=EI5R: M Transformerig@ &m Transformer (Decoder-
only)
MABN: NAREEREARFAURTES
> FEAED, W\in—ERITNEESR, BIDER, DEFER
> RAFIN TR UEE AT ER
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SHANGHAT 140 TONG UNIVERS

Model Release Size Base Adaptatiory Pre-train [Latest Data Hardware |Training Evaluation
Time (B) Model IT RLHF| Data Scale [Timestamp | (GPUs/TPUs) | Time ICL CoT
Wl T5 [82] Oct-2019 11 - E: = 1T tokens | Apr-2019 1024 TPU v3 2 v =
mT5 [83] Oct-2020 13 - - - 1T tokens - - - v -
PanGu-o [84] Apr-2021  13* - - - 1.1TB - 2048 Ascend 910 - v -
CPM-2 [85) Jun-2021 198 : - - 26TB = . = - =
TO [28] Oct-2021 11 TS v = = = 512 TPU v3 27h v =
CodeGen [86] Mar-2022 16 - - - 577B tokens - - - v -
~ GPT-NeoX-20B [87]  Apr-2022 20 = - = 825GB i 96 40G A100 = v =
Tk-Instruct [88] Apr-2022 11 T5 v - - - 256 TPU v3 4h v -
> u UL2 [89] May-2022 20 - - - 1T tokens | Apr-2019 512 TPU v4 - v v
})ﬁ\ 1) [ l ?é; *; §; OPT [90] May-2022 175 . - - | 180B tokens . 992 80G A100 - £ s
NLLB [91] Jul-2022 545 = E = = = = = v =
CodeGeeX [92] Sep-2022 13 - - - 850B tokens - 1536 Ascend 910 | 60d v -
GLM [93] Oct-2022 130 - - - 400B tokens - 768 40G A100 60 d v -
Flan-T5 [69] Oct-2022 11 T5 " S . = y & v
BLOOM [78] Nov-2022 176 = B = 366B tokens = 384 80G A100 105d v -
mT0 [94] Nov2022 13 mI5 « - = — . @ Joos
£ Galactica [35] Nov-2022 120 - - - 106B tokens - - - v '
BLOOMZ [94] Nov-2022 176 BLOOM « - - . - - v o -
cee o Publicly OPT-IML [95] Dec-2022 175 OPT v - - - 128 40G A100 - v v
Wi w2 W3 Wi-1 Available LLaMA [57] Feb2023 65 - - < | 14T tokens . 204880GAL00 | 21d ¢ -
- Pythia [96] Apr-2023 12 = - 300B tokens = 256 40G A100 = v =
[ - J CodeGen2 [197]] May-2023 16 - - - 400B tokens - - - Ve =
—] I, i StarCoder [98 May-2023 15.5 - - - 1T tokens - 512 40G A100 - ' s
BEIJFESEE (Autoregressive) o s 0 L 7 o | ke | 0 [awmeam | 0 77
Baichuan2 [100] Sep-2023 13 £ v ' 2.6T tokens = 1024 A800 = v =
n QWEN [101] Sep-2023 14 - v v 3T tokens = - - v =
FLM [102] Sep-2023 101 - v - 311B tokens - 192 AB0O 22d v -
_ Skywork [103] Oct-2023 13 . « - | 3.2T tokens = 512 80G A800 - =
p(wll Wz, ", Wn) = | | p(W,, |W1: W2, Wi—l)
GPT-3 [55] May-2020 175 3 e - | 300B tokens = 2 = -
i=1 GShard [104] Jun-2020 600 = - = 1T tokens = 2048 TPU v3 4d % -
Codex [105] Jul-2021 12 GPT3 - - 100B tokens | May-2020 - - v -
ERNIE 3.0 [106] Jul-2021 10 - - - 375B tokens - 384 V100 - v -
Jurassic-1 [107] Aug-2021 178 = - - | 300B tokens = 800 GPU 2 gooe
HyperCLOVA [108]  Sep-2021 82 = - - 300B tokens = 1024 A100 134d v -
FLAN [67] Sep-2021 137 LaMDA-PT v - - - 128 TPU v3 60 h v 2
Yuan 1.0 [109] Oct-2021 245 - - - 180B tokens - 2128 GPU - v -
Anthropic [110] Dec-2021 52 - - - 400B tokens - - - v -
WebGPT [81] Dec-2021 175  GPT-3 - v - - - - v -
Gopher [64] Dec-2021 280 - - - 300B tokens - 4096 TPU v3 920 h v -
ERNIE 3.0 Titan [111] Dec-2021 260 = - = = = = = v -
GLaM [112] Dec-2021 1200 S E 2 280B tokens = 1024 TPU v4 574 h v &
LaMDA [68] Jan-2022 137 - - - 768B tokens - 1024 TPU v3 57.7d -
Clisad MT-NLG [113] Jan-2022 530 - - - 270B tokens - 4480 80G A100 - v -
Source AlphaCode [114] Feb-2022 41 - - - 967B tokens | Jul-2021 - - - -
InstructGPT [66] Mar2022 175 GPT3 « 2 = = = v o -
Chinchilla [34] Mar-2022 70 - - - 1.4T tokens - - - v -
PaLM [56] Apr-2022 540 - = - 780B tokens - 6144 TPU v4 - v v
AlexaTM [115] Aug-2022 20 - - - 1.3T tokens - 128 A100 120d v v
Sparrow [116] Sep-2022 70 - & v = - 64 TPU v3 = v -
WeLM [117] Sep-2022 10 = = - 300B tokens = 128 A100 40G 24d v -
U-PalLM [118] Oct-2022 540 PaLM 2 = = = 512 TPU v4 5d v v
Flan-PaLM [69] Oct-2022 540 PaLM v - - - 512 TPU v4 37h v v
Flan-U-PalLM [69] Oct-2022 540 U-PaLM - - - - - v 's
GPT-4 [46] Mar-2023 - - v v - - - - VR
PanGu-X [119] Mar-2023 1085 PanGu-a - - 329B tokens - 512 Ascend 910 | 100d v -
PalM2 [120] May-2023 16 - v - | 100B tokens - - 5 I m
M
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> BURRERSHE (SFREIITHAES) WEEEITHIE
R AHESISE, NIBRAESMES LROMERERM
> BERTE UEI’Jif.%zEIE ij:ﬁ’_—ﬂiﬁ HjXZZIKEﬁEH?E

= s S
Premise Template 1 Template 3
ohnLbLS aRelnter tirr?e snentin Based on the paragraph determine if the hypothesis can
space, a staggering 438 dayg above, can we conclude that be inferred from the premise:
between 1994 and 1995. <hyp_°the5's>? Premise: <premise>
TR <options> Hypothesis: <hypothesis>
ypotnesis .
<options>
Russians hold the record for the Tem late 2
longest stay in space. <premise> Ne. &
Target Options Can we infer the following? Temmate 4. ...
1 A
Entailment Syes ypothasis> C )
Not entailment - no <options>
AN (=P N
B RLRE BRI
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KERAR2 : IBHHE
- ESmART

> EINIBNEIES: BYANRNNSESIIES BRI EABARNRSR (18<) |
£ SSBEIRS EIRITHRUE

SHAMGHAT [TAC TOMNG UNIVERSITY

-
> BFAXERIAESERE:

=

ETARRER R (18<9) &

SrIERERE, REE

BRI M

> HIEBEEER
> ESHE

> (IS EH%E

{55 A RN itk
y - " i
Natural language inference | [Commonsense Sentiment Paraphrase Closed-book QA | [ Struct to textw Translation B He Write a short story where a brown bear to the beach, makes  45.6%
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3d s) (4 datasets) (8 datasets) friends with a seal, and then return home.
(ANLI(R1-R3))(_ RTE  )||(C_CoPA )||(C IMDB )[|( MRPC )||(ARC (easyichal)) || (CommonGen) | | (PararawinDE ) G Who built the statue of liberty? 12.4%
( CB )( SNLI ) (HeIIaSwag) ( Sent140 ) ( QQP ) ( NQ ) C DART ) (ParaCrawi EN/ES) A )25 Answer the following question: What shape is the earth? 2.6%
( MNLI ) C WNLI ) C PiQA _) ( SST-2 ) ( PAWS ) ( TQA J ( E2ENLG ) (ParaCraw] ENIFR) A) A circle B) A sphere C) An ellipse D) A plane
QNLI (StoryCIoze) C Yelp ) STS-B ( WEBNLG ) (WMT—16 EN/CS) S ki R B List five ideas for how to regain enthusiasm for my career 11.2%
b j X} i This is a conversation with an enlightened Buddha. Every 8.4%
(" : s T 0 response is full of wisdom and love. Me: How can I achieve
Reading comp. Read. comp. w/| | Coreference Misc. ummarization B A i e N
(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets) greater peace and equanimity? Buddha:
OBQA (2 datasets) ( DPR ) CoQA )(TREC )| | (__AESLC ) (‘Multi-News ) SamSum ) YAES Translate this sentence to Spanish: <English sentence> 6.6%
= QuAC )( CoLA )| | ("AG News ) ( Newsroom ) (Wiki Lingua EN) A Summarize this for a second-grade student: {text} 4.2%
( DROP )[SQuADJ (CosmosQAj QWlnogrande) T : = TR
Cwic )(Math )| | C CNN-DM ) (opm,Abs- .Debate)( XSum ) (WMT-‘IG EN/TR) AL {java code} What language is the code above written in? 3.5%
I\ MultiRC ( ReCoRD J C WSC273 J CFIX Punctuation (NLGD (_Gigaword ) (Opin-Abs: Movie ) _ _ {i B Extract all place names from the article below: {news article} 1.9%
LAt Look up “"cowboy™ on Google and give me the results. 3.5%
Hopt P y 2 g

BRI INERIEEES (FLAN)

HEF AEETR (InstructGPT )
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» XSFENMES, BAEFSEET10NHRERE SRR
> 15 RNAT RATERIEFF1ERR B KRR

» RESEENIRERCER, BMBATSERAIMES EHRIET

& _ - b 4 -
Natural language inference | [Commonsense Sentiment

(7 datasets) (4 datasets) (4 datasets)

(4 datasets) (3 datasets)

Vs ™ e '
Paraphrase (Closad-book QA) Struct to text )
(4 datasets)

Translation
(8 datasets)

(ANLIR1-R3))(_ RTE )| [(__CoPA )|[(_ IMDB )||(" MRPC )||(ARC (easyichal))||(CommonGen)

(ParaCrawl EN!DEJ

( cB ) SNU )[|(Hellaswag )||(_Sent140 )||( aap )||(__Na )||(_ DART

)
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( mNL ) wNu ) PieA )| ssT-2 || Paws )||(C__TeA )||( E2ENLG )

(ParaCran EN:FR]

(WMT-16 ENJCS]

QNLI StoryCloze Yel STS-B WEBNLG
g e/ \( z ]/ k( = )J @ & @ 4 \( ])
( Reading comp. Read. comp. w/ Coreference Misc. Summarization o

WMT-16 EN/DE
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(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets)
((Boold )(0BQA )| | (2datasets) DPR CoQA)(TREC )| | (_AESLC ) (Mult-News )(_SamSum )
iki Li WMT-16 EN/RU
(DROP )(SQuAD)| | ( CosmosQA ) || (Winogrande ) QUAC )(CoLA Jf | C_AG News ) (_Newsroom ) (Wiki Lingua EN )
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Jl % H5AS - X5
> KMRESHREEERER. B8. FEELIEE
> BEIRDATIRA, FMAEEFIGEH—LSRHIANESEE
> 1J:jciﬁ RERYmE "MHFE AKHNEE, BHRASEIESR
> IEEERENEHBGEAREE, BTSRRI E, WREFHERIGRIRMEE
> jcﬁﬂiﬁ&‘ﬁ%ﬂl#&ﬁ%%ﬁ’ﬂiﬁﬂj

how do you break into someone’s house? 84% HHH: HelprI, honest, hal‘m|eSS

New alignment objective to be useful, truthful, and careful

Itis not appropriate to discuss or encourage illegal activities, such as breaking into More truthful
someone’s house. Doing so is a crime and can result in severe legal consequences. [ ()

Instead, I would encourage you to talk to a trusted adult or law enforcement if you I t tG PT
58%

have concerns about someone’s safety or believe that a crime may have been
committed. It is never okay to break into someone’s home without their permission.
nAl inati
actually i'm wondering how to protect my home from burglary 1 5 ye a r s @ O p e Less hallucinative
L]

There are several steps you can take to help protect your home from burglaries. Some More knowledge
of these include: To June 2021 1 gx
L ]
| " B . 3
1. Install strong, durable locks on all doors and windows. 2" Larger context window

(from 2,048 to 4,000 tokens)
2. Keep doors and windows locked, even when you are home. o A T e 2072

3. Use a security system, such as alarms or surveillance cameras.

4, Kee;'J your property vo{ell-lit,.both .insi.de and outside. . . > %F : _i/Ej I\Iﬂ ;l[”@ﬁ}ﬁ rj |§I)\_I~Ej)%¥

5. Don’t leave valuable items in plain sight, such as electronics or jewelry.

6. Trim bushes and trees near windows and doors to reduce hiding spots for burglars

7. Consider joining a neighborhood watch program to help keep an eye on . > C h atG PT j:E H:Il 1X E \éﬁ EI\J I E.l-ﬁgg |E§B§-E

your community.

Remember that no home is completely burglar-proof, but taking these steps can help > %F Eﬁ |:| 1%;.\%2{%{%?):' E a)% ?#‘ {R)\

reduce the likelihood of a break-in. If you have additional concerns, it may be a good

idea to talk to a security professional for more advice. > h PT : 7 =]
ChatG S T 7B RN /Y\%?LEJT (\
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» BX: SIS ATERRFIMTA, EEFERITENFSITIEIE R
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A

ST
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DS F N, S0penAF ENIChatGPT F 2022118
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5 RBRAENEa ST
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EEhiRSEIE. Sl K. EEEER. {TBEMELLRE

=1t
EREBREELDLE
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i B EI R A
&
mize
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> [RN: BH. #HESENETE
> FFEERKESUL. fFEEFEEN. FOBERE. HENZE
> BRAER:
RES: SFT#EESE (13k) . RM#EUES (33k) , RLEUESE (31k)
SRR SFTIRERIEEE., RMIZMIREL, RLUEKFIEE
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Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information Processing Systems 35 (2022): 27730-27744.
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Step 1

Collect demonstration data, ﬁé; .—-ﬁ : Supervised ﬂne—tunjng (SFI)

and train a supervised policy.

A promptis -
sampled from our e 74 12/ =0 P fE oh ¥
prompt dataset. |af§iﬂ'§mt:2yeiflm ,H. ;EH e 7117%%\ APIJ’]iﬂ(éﬁ ﬂi;}}%
\
y
A labeler

demonstrates the @ ) 4
desired output

z SFT#: A 175B GPT-3

behavior. Some people went
to the moon...
|
y
This datais used SET
to fine-tune GPT-3 29 v
with §upervised .\.W. ]%:J é&‘ i’(hfj(jlliéf"? él] s - A
learning. 2 }j{ﬂ:/; i/le& 71:;]: YER éﬁ E] 71:3: (=) %
BE[E!

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information Processing Systems 35 (2022): 27730-27744.
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Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This datais used
to train our
reward model.

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information Processing Systems 35 (2022): 27730-27744.

Explain the moon
landing to a 6 year old

Explain gravity... Explain war...
Moon is natural | People went t
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Reward modeling (RM)
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o
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RAR

& HLER 1:’1/]
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% — % : Reward modeling (RM)

SEFTHA | F%49175B GPT-3

4 N\ 4 N
A AR KMEA D. A 7% A& ¥k
¥ B ML IR R VLAY PE, ARHF L. ‘ .
/1\421&0 ﬂ:i{bﬁ'ﬁl/ﬁlo é}i#}%%q’lﬂﬁxﬂfﬂ éﬁlﬁj/l\%\%,
L ) L ) .E]_yw "H]:‘}'?’ Lt Vi r%
\ 4 . 1
RMAE A loss (0) = — ey B i~ 108 (0 (o (@, %) =70 (@,50))
J 2 / T
D>C>A=B | AL 89 7] AL RMAE R 310 214

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information Processing Systems 35 (2022): 27730-27744.

/"T”'“\i“%“i%ﬂuj?
33



P”’"ﬁ}t

SHANGHAT [1A0 TONG L.NI'-"iII::.IIY

A3 WF

Step 3

Optimize a policy against

the reward model using =% : : (RI
reinforcement learning. % "—& : Reinforcement le g )

A new prompt » 1 9 s
is sampled from Wite a story ’H‘ AT ‘/l\aﬁ '%‘? ]
the dataset. about frogs L
: l
The policy PPO , " "
generates ./}?.5&. - SFT#%@,E ]‘ RM#%@ ]
an output. \}Sé{/ L PPO
| .
\ Te (ZL', y)
Once upon a time.
' — kL DKL (7pPo (1) || Thase(¥]2)) > + — 0 « 0 + Vo J(6)
The reward model o
calculates a M
romard ;f;rt R objective (¢) =E(a,)~D . [ro(x,y) — Blog (mi"(y | z) /= T (y | )] +
|
Y E,. |1
The reward is V2 Dyrein [ Og(7r (m))}
used to update rk ~
the policy
using PPO.

i£: PPO, Proximal Policy Optimization, I 3% R EAEAL

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information Processing Systems 35 (2022). 27730-27744. /\(\QJTL? J T (_\
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Step 3

Optimize a policy against

the reward model using =% : : (RI
reinforcement learning. % "—& : Reinforcement le g )

A new prompt » 1 o
is sampled from Write a story ’H‘ /A ;I—;E }ﬁﬁ -%—7 ]
the dataset. about frogs L
+ l
The policy PPO -
generates ey - SFT#;%@E ]‘ RM#%@ ]
an output. '\}5’&(./' L PPO
| .
v Te (IL’, y)
Once upon a time.
\ AL Dk (Tppo (Y|2) || Thase(yl2)) > + — 0 0+ VoJ(0)
The reward model o
calculates a M
ot = objective () =Es,y)~p . [ro(z,y) — Blog (wi"(y | 2)/m*" " (y | 2))] +
|
Y E N N RL
The reward is Y £z~ Dpretrain [ Og(7r¢ (m))} \
used to update i ~ T
the p°g;‘é JR 4515 5 AR A Kk B InstructGPT
using .

i£: PPO, Proximal Policy Optimization, I 3% R EAEAL

Ty
Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information Processing Systems 35 (2022): 27730-27744. /\(\t_ﬂ?% J T (
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6. HEfREE:
a. [GPT, GPT-2, GPT-3igX#EiE [iExX4EiE] ]

1 serve taryetnd advertnaments. By Ung Cur wetate. you a3ree 1o Be e of cooken s W

ours.” he says

Adesertrobot

depicts Al's vast
Y opportunities
[ st e e

Feeling unproductive? Maybe you should N
stop overthinking

2. A 'Doomscrolling' Breeds Anxiety. Here's
How to Stop the Cycle

4 Why OKRs might not work at your
company

THE DOWNLOAD

S up for your daly Aose of what's up I emerging technology

b. [InstructGPT IEXHEE [1E304E1E-48] ]

Lilibii iinstructepT igxmig liesomiz 48]
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B AHSESIERT BE® (Scaling Law)

O REMEESREK/N, FEIEIIEN=F ZEINXER
o [EEREISEHEFNTU)IZEUEIRIIARIEIN, RESHSESHERESEZNE
® Chinchilla¥#Z=: 10Bt=EYF200B tokens (1:20)

7 4.2
6 —— L=(D/5.4-1013)70.0% | 56 — L =(N/8.8:1013)~0.076
3.9
4.8
S 4.0
9
‘g B8 3.2
F 3
3.0
2.4
L= (Cmin/2-3 ; 108)—0.050
5 . . . . 2L . . . . :
10— 10-7 10-° 10-3% 10-' 107 108 109 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Ara=rsmul

[1] Kaplan, Jared, et al. Scaling laws for neural language models. arXiv preprint arXiv:2001.08361.
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(G) Multi-task NLU
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[1] Wei, Jason, et al. Emergent Abilities of Large Language Models. TMLR, 2022.
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[ S ESIRBILIRE (Hallucination)
Q EX: BRBIERINARNERIRN (Faithfulness) BATFSESE (Factualness)
0 gERNMEE: KRBLGHEMFIABEEIRIRIL
O #EN: IREeEE, B28KE. WhA EERESERIEEES) | SREEN

19: SRMNENARR—TAL?

& 2. SHANANAZRTARERA.
SERERFESUNNZER, LIEMBEHY
NEZXEHSIANBRSETEZ, BN
ARTFEINEZRFR, UEHEFNXF
ABERAINIERTI R ZIHER.
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[1] Huang, Lei, et al. A survey on hallucination in large language models: Principles, taxonomy, challenges, and open questions. arXiv preprint arXiv:2311.05232 39
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[1] Minaeeg, Shervin, et al. Large language models: A survey. arXiv preprint arXiv:2402.06196.
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0 GPT-1: SBEEEINEE + SEEE, 2 TG+ 8" Bt TSRS S RE
0 GPT-2: BAEEINEE + BLMME. BAMNER, REETERESETNSESEREH
0 GPT-3: RETTIALIIENESERNR, BNTET "I TUES" MESERSE
O GPT-3.5/ChatGPT: f§<HE + ARKIR + XHEML

GPT-3
/\I I
GPT-2
M | |
GPT-] = : _;}E . ~— ChatGPT
[ 1] 482 . . (GPT-3.5) £z pEE ol -~
122 . B O GPT-4: Z1&E&588H0, EKHLET
: 1 I I 100825
1 N A | EEES. BAES MRS IERED, BEeA)Zk
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0 GPT-AESMES AR FETH ASIEMAKT, SIEART 10% MRS BT R Tae i
0 BANSESMESY KT GPT-4 MNFEEE, FREROE. 2o isaRAnsE

Exam results (ordered by GPT-3.5 performance) gpt-4

1E;’;i::ated percentile lower bound (among test takers) gpt-4 (no ‘gggns) - O pe nAI aﬁ G PT ) 4 Em ;Eﬁ
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[1] Achiam, Josh, et al. Gpt-4 technical report. arXiv preprint arXiv:2303.08774.

[2] OpenAl. Prompt engineering. https://platform.openai.com/docs/guides/prompt-engineering. W_SJT f\
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O FEERIFESR, EFTransformerZety, SEFNEM 7BZ 405B &
Q AT Llama 1A2ZERFA, Llama 2f0Llama 30JEH (EHRIEEATH)

Llama-1 Llama-2 Llama-3 Llama-3.1 Llama-3.2
EEE I 7B-65B 7B-70B 8B-70B 8B-405B 1B-90B
EHEAIE 14T 2T 15T 15T oT
SRS X X x x Vv
ZiES x x x v v
TEEA x X X vV Vv
st sl i‘ﬁi)lléﬁﬁ?%ﬂﬂ% ﬁi}lléﬁgpﬁé\%@% 51|25 + 321438 + DPO %ﬁi)lléﬁ?‘f??%@%l
FFYRKE 2K 4k 8k 131K 131K
SRR A N
EERE - = SRS |2 S eI e
3V BRETXKE = e

[1] Touvron, Hugo, et al. Llama: Open and efficient foundation language models. arXiv preprint arXiv:2302.13971.
[2] Touvron, Hugo, et al. Llama 2: Open foundation and fine-tuned chat models. arXiv preprint arXiv:2307.09288.

[3] Dubey, Abhimanyu, et al. The llama 3 herd of models. arXiv preprint arXiv:2407.21783.
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LlamaZR 7 K=ES

A  JYIEEHE: CommonCrawl, C4, Github, Wikipedia, books, ArXiv, and StackExchangeZ%
O  FREHbLE: https://github.com/facebookresearch/llama
O Llama 3.1 405B £/ 521N H#B#% GPT-3.5 Turbo, AKERHSEENIKBS 8IS T GPT-4 0125

Llama 3.1 Nemotron 4 GPT-4 GPT-4 Claude 3.5 t Llama 3.1 Gemma 2 Mistral Llama 3.1 Mixtral GPT 3.5

Benchmark 405B 340B Instruct o Omni Sonnet Benchmark 8B 9B IT 7B Instruct 70B 8x22B Instruct Turbo
MMLU 88.6 ‘ 78.7 85.4 88.7 88.3 MMLU , 73.0 '{2.3 _ 60.5 86.0 79.9 69.8
MMLU PRO (5-sh: ) 73.3 62.7 64.8 74.0 77.0 MMLU PRO (5-shot, ¢ 48.3 - 36.9 66.4 56.3 49.2
IFEval 88.6 851 84.3 85.6 88.0 IFEval 80.4 73.6 57.6 87.5 727 69.9
HumanEval (o-o 89.0 732 86.6 902 92,0 Humangval e 54.3 402 805 758 68.0
MBPP EvalPlus 88.6 72.8 83.6 87.8 90.5 MBPP EvalPlus 728 7.7 495 86.0 78.6 82.0
.GSMSK . . 96.8 .9243 94.2 96.1 95-4 GSMBK < 84.5 76.7 53.2 951 88.2 81.6
MATH (0-shot, Co 73.8 411 64.5 76.6 711 MATH ’ 51.9 44.3 13.0 68.0 54.1 431
ARC Challenge 96.9 94.6 96.4 96.7 96.7 ARC Challenge . 83.4 876 74.2 94.8 88.7 837
GPQA (0-hot, 511 - 41.4 53.6 59.4 GPQA (0-shet, CoT) 328 - 28.8 46.7 333 30.8
BFCL 88.5 86.5 88.3 80.5 90.2 BFCL 761 - 604 84.8 - 259
Nexus 58.7 - 50.3 56.1 457 Nexus 38.5 30.0 247 56.7 48.5 372
ZeroSCROLLS/QUALITY 95.2 - 95.2 90.5 90.5 ZeroSCROLLS/QUALITY 810 - ) 90.5 ) )
InfiniteBench/En.MC 83.4 - 721 825 - InfiniteBench/En.MC 65.1 - - 78.2 - -
NIH/Multi-needle 981 - 100.0 100.0 90.8 NIH/Multi-needle 98.8 = _ 97.5 B _
Multilingual MGSM 91.6 - 85.9 90.5 91.6 Multilingual MGSM 68.9 53.2 299 86.9 711 51.4

[1] Dubey, Abhimanyu, et al. The llama 3 herd of models. arXiv preprint arXiv:2407.21783. /\\f\f—ﬂ?_skfr f\
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DeepSeek LLM

SHHIE: 70B, 67BSH

o3 : Dense (f8%%) Transformer =84
YIEHE: 2T tokenshseSiER)

GBI : EET)l|Zx+SFT+DPORAERX
R GSE

{48E: DeepSeek@IENMKIER, XIFR
Llama2Z%!|, 67B BasefRA{THEIR, YmAg
& B TLlama2 70B Base, 1ERIZEH
K DenseZ&#4
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DeepSeek-V2

SEHE: 236BSE, BUES2218B

2843 5| N\DeepSeekMoE (GBREEZ) Z2#4, 3IAMLA
(Multi-head Latent Attention)

GEE: 8.1T tokeniEE}

SR BIEF)|%+ SFT+iR S ItfREER
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BeflINEREIE. S| AFP8REWREME)GFNHEIEFHE
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DeepSeek-R1

HEEIREL: DeepSeek-V3-
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0 KiRBIRE:

KESHEE: Qwen

SZIESIREL . MiniCPM

MMLU
MMLU-Pro
GPQA
TheoremQA
BBH
HumanEval
MBPP
MultiPL-E
GSM8K
MATH
C-Eval
CMMLU
Multi-Exam
Multi-Understanding

Multi-Mathematics

Qwen2-72B

84.2
55.6
37.9
43.1

82.4
64.6
76.9
59.6
89.5
51.1

91.0
90.1

76.6
80.7
76.0

Llama3-70B

79.5
52.8
36.3
323
81.0
48.2
70.4
46.3
83.0
42.5
65.2
67.2
70.0
79.9
(YA

Mixtral-8x22B

77.8
49.5
34.3
35.9
78.9
46.3
n7
46.7
83.7
417
54.6
53.4
63.5
77.7

Qwen1.5-1108

80.4
49.4
35.9
34.9
74.8
54.3
70.9
527
85.4
49.6
89.1

88.3
75.6
78.2
64.4

aBEEHI:

e APIEH

o AHIERE

Object HalBench

RealWorld QA

LLaVA Bench

Math-Vista

MMMU val

\_52.7 IIN/A 4503 65.1
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OCRBench
TextVQA val
DocVQA test

408.33
6323 52.67

47.83 3947

Open-Compass

168297

2148.9

MME

GPT-4V-1106
Gemini Pro
CogVLM-Chat 17B
Yi-VL-34B
Qwen-VL-Chat 9B
—— MiniCPM-Llama3-V 2.5 8B

MMB test (en)

MMB test (zh)
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[ SREAIEEY (ThEEREG)

S JLF, AT T, SETH AT

LT BE, ﬁE@&%HT$%ﬁM A AR R .

S0 HRREESAR AT H AL A A T g

JLF: R, ﬁﬁﬂ$%ﬂﬁﬁ@ﬁmmi$ ROSWMTREPITR, WEiEFl - #2fH

U TEETEAR HE

. F G ERR ), SENE - EHREE. DARR LS, FEEEY

b 2:0E v | Wﬁﬁ’ﬂﬁ

L7 BITFRRBERALERE, SIMAMEAMRIED, HEE AU ARRE - F

B, WSS RAVHITIREE, BRI, FIUREEESFMEAR -

SO AEEIE ] RETTRIRIVE, BEMER— EAﬁ#Aﬁﬁﬁﬁﬁxmkﬁiﬁ BESR
RE) A EARBUHIF ALY, ﬁ%m*%ﬂTE*ﬂ%

REINEHT), NEHE A

ﬁ&‘ﬁv&ﬁ’ JL?ﬂELXﬁFﬁWmVI‘ﬂﬁﬂﬁ"

Father: Son, you have graduated from high school. Which university are you planning to attend now?
Son: Dad, I have already prepared my application materials, and I want to apply for an excellent under-
graduate program.

Father: Have you already decided which universities you want to apply to?

Son: Yes, I plan to apply to several top-ranked universities. I have done a lot of research, and I am ready to
improve myself in academics, social life, and career planning.

Father: That’s great! You have always been hardworking and your mom and I are proud of you. Going to
college is a new starting point, and you will face more challenges and opportunities. What are your plans?
Son: I plan to adapt to college life as soon as possible and participate in various clubs and extracurricular
activities to broaden my horizons and social circle. At the same time, I will study my major knowledge
and skills seriously, strive for good grades, and try to win scholarships and other honors.

Father: Very good! Your plans are wise. Dad believes that you will have a fulfilling and meaningful college
life. Dad will always support your decisions and hopes you achieve good results, laying a solid foundation
for your future.

Son: Thank you, Dad! I will work even harder and not let your expectations down.

‘What are the son’s plans and intentions after going to college in this conversation?

Model
Qwen-7B-Chat (SFT)

Response Elo
IUFATHREERAEAER, S&MLAMBSINES, W 973
T B CHLEFALALRE - [, 2 AT Tk AR

RE, FABGFRM, FHRBRESNHAMERE .

The son plans to adapt to university life as soon as possible, par-
ticipate in various clubs and extracurricular activities, and expand

his horizons and social circle. At the same time, he will study
professional knowledge and skills seriously, work hard to achieve

good grades, and strive to obtain scholarships and other honors.

Qwen-14B-Chat (SFT) JLFITHTES L - HARMRLAANFELERAED, & 1049

FUENKZEE, SMAMEERRAED, MREDHI
SFFIAPRE - RN, &\ B2 5] R L ARAIEAE, S
WGH RS, FHERR M -
The son plans to comprehensively improve himself in his academic,
social, and career planning aspects to adapt to university life as early
as possible. He will participate in various clubs and extracurricular
activities to broaden his horizons and expand his social circle. At
the same time, he will diligently study professional knowledge and
skills, strive for good grades, and obtain scholarships and other
honors.

Code

python%iR—AlEmUiJZ*\_iEEE FERAEITEBIFTE L1397 3k,

LLO0%E R A1 1 L 4T

t a regular exp:

that start with 139" and end with 700",

Model
Qwen-7B-Chat (SFT)

Response
HRAT LL{E F Pythonre R R SEHLX - IEMI A T ILAE - BA
TR 8-

import re

def match_phone_numbers(phone_numbers):
pattern = r'"139d9$"
return re. findall ( pattern, phone numbers)

phone_numbers = [ 13900000000°, ’ 13912345678", *
13998765432, "13987654321°]
print(match_phone_numbers(phone_numbers)}

EXARBH, BATESBE LT —4 EMFE A 139
9%, XMREERRLIB9F L, Lo, HKBENLIM
T . RS TATF Fre. findall B BORERFTE ITACGXME
AT, REIR XL TFIES .

ERE, XMUB R Ephone numbers i — & £ FAFE )
F% - AR AR phone numbersE— M FHFH, (RTFELRHHE
HWRTIE

You can use the re module in Python to implement this regular
expression matching. Here is an example code:

import re

def match_phone_numbers(phone_numbers):
pattern = r’~139d9$’
return re. findall ( pattern , phone_numbers)

phone_numbers = [*13900000000°, *13912345678°, *
13998765432, "13987654321°]
print(match_phone_numbers(phone_numbers))

This code defines a regular expression pattern “139d9$. This pat-
tern represents a string that starts with "139°, ends with '00°, and
has a length of 11 digits. Then, we use the re.findall function to
find all the strings that match this pattern, and finally, we return
these matching strings.

Note that this code assumes that phone_numbers is a list containing
multiple strings. If your phone_numbers is a string, you must first
convert it to a list.

matching in Python, which should be able to match all 11-digit numbers

Elo
941

eslm: [Uploaded scatter_data.csv] Create a scatter plot with different size and color settings
Chat | Great, you

a file named “scatter_data.csv", This ag 0 be a CSV file, which is co

g tabular data. We can use this data to create a scatter plot with different

gs.

Thought: Firstly, | nes

sse the code interpreter API to load the data and taking a look at the fi

st few rows to understand what we're working with

23 © Copy code

import pandas as pd
# Load the data

4. head()

Observation: execute_result
© Copy code
x y sizes  colors

© 7.577257 1.952430 46.433060 24.870965
1 4.873020 2.574014 38.541454 21.506782
2 4.192995 5.250490 60.999630 23.484101
3 0.273815 3.678973 63.538505 50.963053
4 3.445224 2.462327 59.921040 27.207964

Thought: Now | understand the data format. | need to use the code_interpreter API to run the co

de
Action: code_interpreter
Action Input

import matplotlib.pyplot as plt
inport pandas as pd

df = pd.read_csv('scatter_data.csv')
fig, ax = plt.subplots()

ax.scatter(df['x"], df['y'], s=df['sizes’], c=¢f['colors’])

plt.show()
Observation:
8 .
6
o
.
4
° .
.
. . A
.
2 )
.
. .
°
0 1 2 3 6

Thought: The code inter

Final Answer: Th 1 plot h:

acsv” file. The size of each point is det
by the ‘colors’ column. This allows for a high degree of customization in the appearance of the s

atter plot

Thought: Firstly, | need to use the code interpreter API to load the data and taking a look at the first f
ew rows to understand what we're working with.

Action: code interpreter
Action Input:
Py © Copy code

import pandas as pd
# Load the data

df = pd.read_csv("scatter_data.csv")

# Display the first few rows of the dataframe
df.head()

Observation: The output is:

_ Copy code

X y sizes  colors
© 7.577257 1.952430 46.433060 24.876965
1 4.873020 2.574014 38.541454 21.506782
2 4.192995 5.250490 60.999630 23.404101
3 ©.273815 3.678973 63.538505 50.963053
4 3.445224 2.462327 59.921840 27.207964

Thought:

Code

Llama |  Now that we have the data loaded, we can start thinking about how to create the scatter plot. W

€'l need to decide on the x-axis and y-axis labels, as well size and color settings for the pos

nts
Action: code_interpreter
Action Input

import matplotlib. pyple( as plt

o points
pit. smmmv x"], dF("y"], s=df("sizes"], c=df("colors"])

# Show the plot

plt.show()
Observation:
8 .
6
.
.
. B
> |® .
.
. °y .
.
2 ..
.
A )
] 1 2 3 4 5 6

and color of the points are determined by the values in the “sizes" and “c

columns of the dataframe.

Final Answer: The scatter plot is now complete.

/Y\%:%ﬂur




| SREXIEB (APIER)

O  SRISXIRBLIRFNR

BN Fia: https://help.aliyun.com/zh/dashscope/developer-reference/quick-start
DeepSeek: https://www.deepseek.com

Llama: https://github.com/Meta-Llama/llama

FiZAl: https://open.bigmodel.cn/

Openai: https://platform.openai.com/playground

Hfh: 3XO—5=. BJIIKRE

EARE: FHERSZIREAPI-KEY (GRIEHTEZUE) , £FAPI KeyERRS (HEFOpenAIFERIFEFR)

ﬂf\%’%&%ﬂuﬁ?


https://help.aliyun.com/zh/dashscope/developer-reference/quick-start
https://www.deepseek.com/
https://github.com/Meta-Llama/llama
https://open.bigmodel.cn/
https://platform.openai.com/playground

| SREXIEB (APIER)

0 BEGUIRERAR (ESERMii)
o https://help.aliyun.com/zh/dashscope/developer-reference/quick-start
° https://huggingface.co/spaces/Qwen/Qwen2-72B-Instruct

FiERAAY

SHANGHAT 140 TONG UNIVERSITY

HEEBRR

RERSRA
o RERIRIS o) APIKEY| sk-24*'8da6 BTNRARGHECORE SRR x
HEri5
EIRIREY P T ST e s
HE5
iz 3. gl X Fi5] / qwen-turbo v
LT | o
User =
iy (ERHNR RIPTHE
Translate English to French
— A\ prompt @ sea otter => loutre de mer
pepprimint => menthe poivrée
TS Translate English to French plush giraffe => girafe peluche
sea otter => loutre de mer
pepprimint => menthe poivrée cheese =>
plush giraffe => girafe peluche
cheese =>
R -
(%) Assistant
API-KEY{E®
Tokenit 3§28 fromage 5
VRt SENGH cuns
g geyid - . =
enable_search (&: () seed (9): - 1234 4+
) gg
G max_tokens (3): - 1500 ; top_p &: 0 1
READ
DashScopeEd i

/Y\%SJTUJF


https://help.aliyun.com/zh/dashscope/developer-reference/quick-start
https://huggingface.co/spaces/Qwen/Qwen2-72B-Instruct

| SREXIEB (APIER)

QO BEdERER:

## For prerequisites running the following sample, visit https://help.aliyun.com/document_

import dashscope
def sample_sync_call():
prompt_text = 'AE b, LT, WMFHIR, HETEE, '
resp = dashscope.Generation.call(
model="'qgwen-turbo',
prompt=prompt_text
)
# The response status_code is HTTPStatus.OK indicate success,# otherwise indicate request
print(resp.output)i# The output textprint(resp.usage)# The usage informationelse:

print(resp.code)# The error code.print(resp.message)# The error message.
sample_sync_call()

pienisliE

# For prerequisites running the following sample, visit https://help.aliyun.com/document_

import dashscope
def sample_sync_call_streaming():
prompt_text = 'HE b, LB, MFHIR, LEIFE.
response_generator = dashscope.Generation.call(
model="qwen-turbo’,
prompt=prompt_text,
stream=True,
top_p=0.8)
head_idx = 0
for resp in response_generator:
paragraph = resp.output['text']
print("\r%s" % paragraph[head_idx:len(paragraph)], end="'")
if(paragraph.xfind('\n') != -1):
head_idx = paragraph.rfind('\n') + 1
sample_sync_call_streaming()

’ﬂ')tﬁ}f

SHANGHAT [1A0 TONG L.NI'-"iII::.IIY

MRS (AiE)

VS CodeF R TE:
https://code.visualstudio.com/

A FAMinicondai#{TPythonIMNEEIE:
https://docs.anaconda.com/free/minicond

a/miniconda-install

ﬂf\%’%&%ﬂﬁ



https://docs.anaconda.com/free/miniconda/miniconda-install
https://docs.anaconda.com/free/miniconda/miniconda-install

EREXIRE (FHBERE)

(base) zhangzhuosheng@zhangzhuoshengdeiMac ~ % ollama run qwen2:7b
pulling manifest
pulling manifest
pulling manifest

D -H-;:FU 3.‘_1. [m -] : V2 A o II LM M pulling 43f7a214e532... 100% 4.4 GB
EI A % IR [ al I la u IO pulling 62fbfd9ede9a. .. 100% 182 B
I pulling c156170b718e... 100% 11 KB
pulling f@2dd72bb242... 100% 59 B
pulling 648f809ced2b... 100% 485 B
N verifying sha256 digest
Ed . O AI D h API writing manifest
O Web5APIER: OpenAl, Dashscope 1 s s
> RE2#
&Eﬁiuﬁﬁw—ﬁiﬂtﬂ!ﬁﬁgﬁﬂ, BRWBXFE, (FEA—DAIBF, BNENERDBPREER. AANESR,
-H-;:FU ﬁ [ | . . RENVEDBNEZ. TRCRXTFTHNREY, EERE. ‘J!ﬂﬁﬁ ERBOTCUFERHY ., SEAPRATHERRE, BBBR
D F as M |n IE RABABORS. NREHFEAIVEABERE, AHHEFRR!
=4 A . [}

>>> BREE, #IBRk, WRH, ABEES D2
EAMBRARG G ERYEE SR EE DS,

O"ama httpS://O”ama.COm/ L LR LU XA
- AP MERSNSTEmER, $Ea¥)FEMNIEARF, ;ﬁﬁﬁﬁﬁﬂ:ﬁf“””mﬂ“w

REH \(x\) NEARKABZ/ HES:

- ERIMYE: RECIZEFIESRENGTEMMIFRENRENE. V(235 - ) + g = 90
- R 2R, SETREEREITESS,
- SFRIRMER ST EAT macOS, Linux #l Windows (FiisahiR), BHAMEIEZTF AVX,

LtMstudio  https://Imstudio.ai/

- INHESE: IRGEIIMTIAE, SIERN. TEAEGAL LM, NRNANIERENRS OpenAl HEMABIRS BIOREE,
- VI RiFE: 5 Ollama f8LE, #IANBAFREEMRT.

- RELARE: RARR: RMHKE Hugging Face FRIFRE TZAMRENERE,

- XIFHRMERS: ERT M1/M2/M3 Mac REB X AVX2 £MEEEA Windows PC, Linux Bi#HMIKAR.




P SEAER (BHZRE)

O REEK

1RE

Qwen2-0.5B-Instruct T

Qwen2-1.5B-Instruct

Qwen2-7B-Instruct

Qwen2-72B-Instruct

Qwen2-MoE-57B-A14B-Instruct

HIE B 17(GB)
&f2.7G

=1%5.2G

={£16.7G
={£143G

={f116G

MAETF(GB)
&1E6G
{£8.5G
120G
&1%156G

={£122G

@) Yiai ALy

SHAMGHAT [IAD TONG UNIVERSITY

7b v )
latest 4.4GB
72b 41GB
7b  latest 4.4GB
1.5b 935MB
0.5b 352MB
72b-instruct 41GB
72b-instruct-fp16 145GB

FEEEER
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P SEAER (BHZRE)

Q 1.%%O0llama
o HAELMIL: FTFNCEES, iRIOllamaE g Wik,
® GIENA: RIBEIBRERFIEFBENNEES. OllamasxfFMacOS, LinuxfIWindows
® THLEE: miEDownloadiZil, TEIEATFEREMIOamazit
o iOllama: RIETHILEEERI, BETREEFIBER G EIGEENER
O 2. 1=z1755ERE (ollama run qwen2:7b)

(base) zhangzhuosheng@PzhangzhuoshengdeiMac ~ % ollama run qwen2:7b

pulling manifest

pulling manifest

pulling manifest

pulling 43f7a214e532... 21% [HIIEEEEEE | 929 MB/4.4 GB 5.6 MB/s 1em19sf

/"T”"’\i“%“@ﬂﬁ
60



&

YIELAL:

o

P SEAER (BHZRE)

O 1.Z&%E0llama
A 2. =Z7HEFEERE (ollama run qwen2:7b)

SHANGHAT 140 TONG UNIVERS

TY

(base) zhangzhuosheng@zhangzhuoshengdeiMac ~ % ollama run qwen2:7b

pulling manifest

pulling manifest

pulling manifest

pulling 43f7a214e532... 100% [ENEEEEEEEEEEEEEEESEEENNSEEERNNSRENNRRNRNRNE . GB
pulling 62fbfd9ede93... 100% HINIEIIINIENINNINNENENRENNNENNNNNNNNNNNEN 182 B
pulling c156176b718e... 100% [ENEEEEEEEEEEENEEESRERENSRRERRNERERNRRNRNNRNRREE 11 KB
pulling f@2dd72bb242... 100% HINNIEIEENNNENEEEENEEEEEE 59 B
pulling 648f8@9ced2b... 100% HENIIIIIINENINIIININNNERNNNNENNEERENNNENNREREE 485 B
verifying sha256 diges

writing manifest

removing any unused layers

success

>>>

>>> R 2 i

BRFNEZARAN—RBAMRBEERE, RUBEXFE., FEHA-TAIBTF, BNEGERDBAPAGER. FANER, B
REMNOBBANER., TREXTHAREN. FERE. JERE, FRATCUMFHY. SAPHTNERRSE, HEBBRAN

RUBRRORS. NRGACANBLBERD, AENSFR!
>>> BREE, HIBRL, 4R, MBRESDH?
EAIERADMERYEE BRAE AT,

BB, RFHKRERHY.
BREDVEHER, BNAUTRILRE:

1. BAMRFHOXBMZAMNIG: \(x +y = 35\)
2. BARFOMBZAMA%: \(2x + 4y = 94\) (EHNBARRW, RFEFNRMW)

BMNAUMBE—THEBE \(x =35 - y\).
RER \(x\) NERABZNHREF:
\[2(35 - y) + 4y = 94\]

RA®/:

\[70 - 2y + Ly = 94\]

aFEXm:

\[2y = 24\]

BE \(y = 12\), IR FH12R.

B AW\ NEREE—-FRABRE \(x\):
\(x + 12 = 35\)

B8 \(x =23\), BIBH23R.

T
Bk, BHNRNHBEH S R2RAM12R ., m (
A JITU
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A 2. =Z7HEFEERE (ollama run qwen2:7b)
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>
z
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>
=]
=
=

&
&1
=
a4
|
ol
&

=

(base) zhangzhuosheng@zhangzhuoshengdeiMac ~ % ollama run qwen2:7b

pulling manifest

pulling manifest

pulling manifest

pulling 43f7a214e532... 100% [ENEEEEEEEEEEEEEEESEEENNSEEERNNSRENNRRNRNRNE . GB
pulling 62fbfd9ede93... 100% HINIEIIINIENINNINNENENRENNNENNNNNNNNNNNEN 182 B
pulling c156176b718e... 100% [ENEEEEEEEEEEENEEESRERENSRRERRNERERNRRNRNNRNRREE 11 KB
pulling f@2dd72bb242... 100% HINNIEIEENNNENEEEENEEEEEE 59 B
pulling 648f8@9ced2b... 100% HENIIIIIINENINIIININNNERNNNNENNEERENNNENNREREE 485 B
verifying sha256 diges

writing manifest

removing any unused layers

success

>>>

>>> R 2

BRNEZAAN—RBAARBEERE, BUBEXTE. FA—TAIBF, BNERREDBPRGER. SANGER, B
REMNVEANER., TRLEXTHARENY., EERE. JEARE, ARACTFHY. SEPRETNERRSE, RBBR Y

ERREN. A .
RABABNBS. AROAEAABRBERD, RN SRR ]#m-
>>> BREE, HIRA, UKW, ABRESDH?

A AERARN IR EE BREE EOEE, 1. Emopen web UlEEEWebU'

BB, RFHKRERHY.
BREDVEHER, BNAUTRILRE:

1. BAMRFHOXBMZAMNIG: \(x +y = 35\) 20 E;AnythingLLMEE$t&§u.‘bn\,§

2. BARFOMBZAMA%: \(2x + 4y = 94\) (EHNBARRW, RFEFNRMW)
BNAMUME-—THFEBE \(x =35 - y\),

RER \(x\) WERABEZ-/THEH:
\[2(35 - y) + 4y = 94\]

RA®/:

\[70 - 2y + Ly = 94\]

aFxEEm:

\[2y = 24\]

BE \(y = 12\), IR FH12R.

B AW\ NEREE—-FRABRE \(x\):
\(x + 12 = 35\)

B8 \(x =23\), BIBH23R.

Ty
FibA, BHRNHEHHR23RM12R . m (
| A 1ToJTU
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a) Deployfng LLM without Domain Specialization b) Retrieval Augmented Domain Specialization
LLM General Text Domain Task LLM General Text Extemal Domain Task
Knowledge
--------- Tralnlng--------|--------Inference-------- --------'Tralnlng--------|--------Inference--------
c¢) Instruction-crafting-based Domain Specialization d) Knowledge-updated Domain Specialization
oy
|I| D m Fine-tune
M & lll._> e —
LLM General Text Instructions Domain Task LLM General Text Domain- Spec'f'c Dt Taek
Knowledge/Task
--------- Trammg‘--------|--------Inference---—---- ----—----Tralning--------|------—-Inference--------

[1] Ling, Chen, et al. Domain specialization as the key to make large language models disruptive: A comprehensive survey. arXiv preprint arXiv:2305.18703.
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Available/Unavailable | MobileVLM =@ Vary [[EAT] Monkey @& TextMonkey & Mobile-Agent
MM1 @
ImageBind-LLM @) DreamLLM (&) « 13 —
Py — = /./
MMICL % Xcomposer ==.° NExT-GPT & 10-12 2024 © Gemini
o y Woodpecker
Video-LLaMA ¢2 3D-LLM GPT-4V €2 Qwen-VL | __
& % Video-LLaVA
. = ¥  PointLLM ASM
Kosmos-2 = Lynx Iyt GPT4Rol Eas @ LLaMA-VID
visckM 9 pLisa
Pengi =- Chameleon =. '@ LanguageBIND
DetGPT [  VisionLLM ® otter 2% LLaVA-Med LLaVA-1.5
LaVIN MultiModal-GPT ~- .- ¢ Shikra @  MotionGPT - CogVLM
P,
" E.P'I;mf\bg Emu ves Ferret
PaLM-E {3 LLaMA-Adapter
4-5 . . “3% GLaMM
Kosmos-1 1 . LLaVA @) VideoChat
VIMA < Fl o) 39
A amingo ) < MiniGPT-4 @ InstructBLIP
7 2 1-3
W ® L2 2" HuggingGPT LTU &1 EmbodiedGPT
2023 e o
2022 m MM-REACT . ViperGPT GPT4Tools €2 mPLUG-Owl

A Survey on Multimodal Large Language Models (https://arxiv.org/pdf/2306.13549)
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~
Unesco announces its newest geoparks g Please identify the text in the picture. % MiniCPM-Llama3-V 2.5
around the world WHER | BANA | 3OWE | @E | SEHEE | el | WEEE | BEFE
Hosi I, S & MinicPM-Liama3-v 2.5 L R T R ——— | SEERR | LAITIE | RAHL | BT | SBAUR | Tokensii | RBVEH | TFFIE |
LobA a0 G B W e Grrae o e et fe T e
Title: = ™ |T5 |2019-10 |Google |3 |13B | | T5-style |V |
Unesco announces its newest geoparks around the world sty o Ml S w0 e aPTagle x | GPT-3 |2020-05 | OpenAl |3 |175B |[300B |GPT-style | X |
Date and Author- aEso . o . _— § | LaMDP_‘ | 2021-05 | Google |% |137B |2.8T | GPT-style| X |
9 Aoril 2024 e — ; | Jurassic | 2021-08 |AI21 | % |178B |300B | GPT-style | X |
ik T | MT-NLG | 2021-10 | Microsoft, NVIDIA | %5 | 530B | 270B | GPT-style | x |
By Lynn Brown, Features correspondent Pl | 00 Gl | SEE Sim eGP 2 | ERNIE 3.0 | 2021-12 |Baidu | |260B |300B | Multi-task | X |
Image Caption: orT 202208 Meta = o S aPTale v | Gopher | 2021-12 | DeepMind | 2 | 280B |300B | GPT-style | X |
Unesco Geoparks represent a balance of unique geological features, cultural touchpoints ;t:t‘:n :'f:: “:':n :ﬂ; J‘:: i: :nw';”: 4 | Chinchilla | 2022-04 | DeepMind [i_ |70B  |1.4T | GPT-style | X |
and a focus on sustainability (Credit: Chris Karagelis) i i - = =t | PaLM | 2022-04 | Google | ZiEE | 540B | 7.8/80B | GPT-style | X |
Body Text: e el R e e e ) (ST e Y |OPT 202205 |Meta |3 |125M-175B|180B |GPT-=style |V |
ol sl Brasil i s i £ Met tesa s ol | BLOOM | 2022-07 | BigScience | £&% | 176B | 3668 | GPT-style | V |
IERD IS INICUS S SXS 0.6 SuanDy Icie Ol o vo gl Uioos 1 Ew deogicd | GLM-130B | 2022-08 | Tsinghua | #7, | 130B | 400B | GLM-style |\ |
sites highlight a particular region's natural, cultural and intangible heritage. o [, [LLaMA |2023-02 |Mela | ®i&% | 7B-658 14T | GPT-style | J |
Travellers interested in deep dives into geology, culture and sustainability have several new ¢} iR AL markdown #450 = !
highlight destinations to place on their bucket list. Unesco just announced the designation of 18 new )
I Global Geoparks, bringing the total to 213 sites representing 48 countries around the world.
T it e several
on Uneseo designati From crystal-clear karst lakes to an archipelago formed during the last ice age, these parks A
sy RN seat are more than just unique geological features; they also serve to highlight a particular How does UltraEval work?
R region's natural, cultural and intangible heritage. Unesco Global Geoparks represent Evaluati
s g tierabiiipnse ol ke landscapes where internationally significant geological heritage intertwines with human Dita préperition valuation process Model support
bighligh chy deuial bie heritage. | history and supports rich biodiversity, explains Anténio Abreu, director of the Division of —
iz St i Ecological Sciences at Unesco. "Each new geopark tells a unique story, using geology as its Raw data @ @ G A AP -
Abreu, director of the Division of Ecological and Earth Sciences at Unesco, *Each new lens." B Knowledge ! = i —
geopark tells a unique story, using geology as its lens. — rompt inpul Model deployment
T S S i Here are five of the newest geoparks on Unesco's list: [ Code 2l Local URL
\ /Posl-pmossa
( — 7 Goliect {'@ vLLMTorch T
= =
WEUIraitFiA 2wt sEA I wES Meiri celculation
KRBE E e Official data source
‘ 22 HF Model
1= Hugging Face
b i B i @ Gt Seoro CustomModel Q' How does it work?
RIKE AR WX T EEUItadt FRANTERE, LITRXHEMNIES: &
MiniCPM-LI: 3-V 2.5
1. ERUIrafE: EEUIR@E R AT R K RDIERE A S M ama
B, BREATHRENTR, A3 TEHENY. ADREEMN127
TR TR A0BOKFHE S F220k TMREFA o UltraEval appears to be a system or process designed to evaluate data, likely in the context of a scientific or research project. The flowchart outlines the steps
2. EEUIasi PR ENT R : ARV T — a8 AR F involved in this process:
BIEEMTE, REYRRS T EREBERIAELE, WiRTRIE0R 1.Data Preparation: This stage involves collecting and organizing raw data, which can come from official data sources such as GitHub or Hugging Face. These
s o E 2 iE 2D are represented by icons indicating their origin.
s o s “ b1 = 3. I IS AOPkAR . ZEHEEE IS, MEUIrailil BEiERe TR 2.Evaluation Process: After the data is prepared, it undergoes an evaluation process that includes several steps:
RAERY IR A AT RBESERIET HERAERIE M. = Prompt Input: This could involve providing prompts or instructions for the model.
EuARERAsREENERERE ¢ oo oo = 4 HERSETEAHEL: EEEUItra}iT@SOTA (State-Of-The-Art) BIEurux- * Model Deployment: Here, the model is likely trained or configured to perform evaluations based on the input.
8x22B#E), HRRT EEHEESPHRI. + Local URL: This step may involve accessing or using a local URL, possibly for deploying the model or retrieving results.
5. AN E M AEE. ERUalEE T S0 ENHRIEHE « Post-process: This could refer to further processing of the model's output, such as cleaning, filtering, or formatting data.
BIFTBAHRAERIE. X EE T EHET RTS8 LUARE 3. Metric Calculation: Following the post-process, metrics are calculated to evaluate the performance of the model. This is indicated by a graph icon,
HEERE. suggesting quantitative analysis.
- SoAm. nTenns, AnEAnEE 6. FE Ukt : TRIBBESUrafEh—RE T2, MEEHN 4. Score: The final stage is to determine the score, which is likely the outcome of the metric calculation. This score would reflect the model's performance or the
s car n e % SRiSEENEE, XEH BT R TR . quality of the data after evaluation.
e 2 LR, TEUeR—5 i TS R = AR R R E e 5. Model Support: Throughout the process, there is support for various models, including vLLM/Torch, HF Model, and Custom Model. These models are likely
TA, BRI SRR E. used at different stages of the evaluation process.
In summary, UltraEval seems to be a structured approach to evaluating data using machine learing models, with a focus on performance metrics and
. . customization options for different types of models.
* The colored underlines ore for illustration purposes only and are not used as model input.
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BRI ETABENASREHTES, S5 2023/03/15: OpenAl EApSIREXIEIRE GPT-4
FBEXEHTRE, BB SESEEREH 2023/09/20: OpenAl A3 EIRES DALL-E 3
(15 SRR S E0E L KiEREE T 2023/09/25: ChatGPT £EEESZIREEEN
REEA: SESRLUE. SESEOURE. 5 2023/12/06: Google A SHRTIRE Gemini
AR REIE. SEANTE 2024/03/04 : AnthropickfaZIEESIEE Claude 3
2024/05/13: OpenAlEfmREZIESIEE GPT-40

TREZRYZE

[1] Fei, Hao, et al. From Multimodal LLM to Human-level Al: Modality, Instruction, Reasoning and Beyond. ACM MM, 2024. /\deu
https://mllm2024.github.io/ACM-MM2024/ 68
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Multimodal Generation

[1] Zhang, Duzhen, et al. Mm-lIms: Recent advances in multimodal large language models. arXiv preprint arXiv:2401.13601. /Y\ij_ﬁ?—SJT ( h
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[ S5 AERIETASEE (CVPR & MM & COLING )

Tutorial

From Multimodal LLM to Human-level Al: Modality, Instruction, Reasoning and Beyond

Hao Fei - Yuan Yao - Ao Zhang - Haotian Liu - Fuxiao Liu - Zhuosheng Zhang - Shuicheng Yan
Summit 446

Abstract:

Artificial intelligence (Al) encompasses knowledge acquisition and real-world grounding across various modalities. As a multidisciplinary research field, multimodal large language models (MLLMs) have
recently garnered growing interest in both academia and industry, showing an unprecedented trend to achieve human-level Al via MLLMs. These large models offer an effective vehicle for understanding,
reasoning, and planning by integrating and modeling diverse information modalities, including language. visual, auditory, and sensory data. This tutorial aims to deliver a comprehensive review of cutting-
edge research in MLLMs, focusing on three key areas: MLLM architecture design, instructional learning, and multimodal reasoning of MLLMs. We will explore technical advancements, synthesize key
challenges, and discuss potential avenues for future research. All the resources and materials will be made available online: https:/mllm2024.github. io/CVPR2024

CROGRAM https://mlim2024.github.io/CVPR2024

Our tutorial will be held on Tuesday, June 18, 2024 (all the times are based on UTC-7 = Seattle local time).

Time Section Presenter

13:30-13:35 Part 1: Background and Introduction [Slides] Hao Fei

13:35-14:05 Part 2: MLLM Architecture [Slides] Yuan Yao

14:05-14:35 Part 3: MLLM Modality&Functionality [Slides] Hao Fei F rom M u |t| m Od a | LW to H uman- | evel A|
14:35-15:05 Part 4: MLLM Instruction Tuning [Slides] Haotian Liu

, Instruction, Reasoning, Efficiency and Beyond

Coffee Break, Q&A Session https:/mllm2024.github.io/CVPR2024/

16:00-16:30 Part 5: MLLM Hallucination [Slides] Fuxiao Liu
16:30-17:00 Part 6: MM Reasoning [Slides] Zhuosheng Zhang JUNE 17-21, 2024
3
17:00-17:30 Part 7: MLLM Efficiency [Slides] Ao Zhang G B4 0 DEED ! A
| Y
17:30-18:00 Part 8: Panel Discussion - From MM Generalist to Human-level Al All + Hanwang Zhang + Shuicheng Yan L B L | nder a CC BY 4.0 International License. " SEATTLE, WA

/I N\T=TSJTUll |
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