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After ChatGPT
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2.9 Toolformer Meta Al LLMT] [ {17

» LIM—EBTEMHFAEATR, JRESTRYT &

ITHT!

- MBBRENATRFALM, AARERNBEANT, IHREZES 8aERAPL, BIdIEH—F

FITR ((H&E=%. BR5Z. FRHMAHF) . Toolformerk XKiES

= 7 GPT-] (EleutherAl

6-7B)E’\J§1‘¥2liﬁﬁ'é, 1% ?" A AEH T ?’TERJ:E:I:'ﬁE:J:Ej(E/JGPT 31‘5':9*”

© IMEALNARIE
FHEEAPLAR, #f APhﬂﬁH ~),*§AP11JEEH
o THHES: LAMA. HHIHEE, @, ZEZHE

LM Dataset —> 1 — . E —_— 3. —> L.M D
Sample API Calls Execute API Calls Filter API Calls with API Calls
X, , = Pittsburgh is c;t = What other name is r;* = Steel City L(c;* — Steel City) X" = Pittsburgh is
also known as Pittsburgh known by? <min(L(c;' —¢), L(€)) also known as
[QA(What ...?
X;., = the Steel City ¢z = Which country is r2 = United States L (c2— United States) — Steel City)]
Pittsburgh in? min(‘[‘i(ciz — g), Li(g)) the Steel City.

Figure 2: Key steps in our approach, illustrated for a question answering tool: Given an input text x, we first
sample a position i and corresponding API call candidates ¢}, c?,...,cF. We then execute these API calls and
filter out all calls which do not reduce the loss L; over the next tokens. All remaining API calls are interleaved

with the original text, resulting in a new text x*.

Toolformer: Language Models Can Teach Themselves to Use Tools. Meta Al

FIZ BRI 9 BITAPIE AR A IR =MTR:

The New England Journal of Medicine is a registered
trademark of [QA(*"Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga®, the Spanish word for
[MT(“tortuga”™) — turtle] turtle.

The Brown Actis California’s law

that reguires legislative bodies, like
city councils, to hold their meetings open to the public.

Figure 1: Exemplary predictions of Toolformer. The
model autonomously decides to call different APIs
(from top to bottom: a question answering system,
a calculator, a machine translation system, and a
Wikipedia search engine) to obtain information that is



2.24 LLaMA Meta Al

o Jifl. % Token 53l

ZHAE. TiECommonCrawl[67%], C4 [15%], Github[4.5%], ZEH
®l4.5%], HEEFBooks3[4.5%)], ArXiv[2.5%], Stack Exchange[2%]

- REVEFERIF (XKH) :© F—1L[GPT3], SwiGLUKUE R E(PaLM], ke#s# A\[GPTNeo]

« JlIZFI: follow GPT-3. Palm

Bool() PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA

LLaMA: Open and

GPT-3 175B 60.5 81.0 - 78.9 702 68.8 51.4 37.6 Effici 2
cient Foundation
Gopher 280B 793 21.8 50.6 79.2 70.1 - - - Language Models
Chinchilla T0B 837 81.8  51.3 80.8 74.9 - - -
Pal.M 62B 84.8 80.5 - 79.7 77.0 75.2 52.5 0.4
PalL.M-cont 62B 83.9 81.4 - a20.6 77.0 - - -
Pal.M 540B 88.0 82.3 - 834 81.1 76.6 53.0 534
TB 765 T9.8 489 T6.1 70.1 72.8 47.6 572 A
13B 78.1 80.1 0.4 79.2 73.0 74.8 527 56.4
LLaMA 33B  83.1 823 50.4 828 76.0 80.0 57.8 58.6
65B 8533 828 523 84.2 77.0 78.9 56.0 60.2

Table 3: Zero-shot performance on Common Sense Reasoning tasks.

LLaMA: Open and Efficient Foundation Language Models. Meta Al

ARGRERRA: 7012, 130
12, 30012, 650122%

6501ZH9EEIFIPaLM-5400122
BRI M BEAE

IR (R1) B4

CommonCrawl!, C4[EEIHI%EX

&, Githubf{i3, HEBFE,

Stack Exchange, ArXivigX #£1.4T token

transformerZ244
g MransformerF BRI
TRA—1C, MARI L HT

—1t. BENNEBZhangfll
Sennrich (2019) 1T48/9

FYaA—1E RMSNormY3—14 & #4,
FASWIGLUBE R BB U ReLUIE
SWIGLU -

BR T B3 FEERA, EXmZ
HNRENEZNES—ERIINSUFEA
(2021) N BHIFEEENLE BRA
=3O (RoPE)
AdamW1E £ 2%

xformersli®

{#F20481NA100 GF
(80GB) illlZk21K



3.8 Visual ChatGPT #{Zx EXFFF

. TU@%ET%@F&E&I%
e Visual ChatGPT& I, A EAMRE, FHF85 ChatGPT

ugi%%ﬁﬁﬁ,E%ﬁﬁg%%ﬁﬁﬁé,ﬁg¢ﬁﬂWElﬁ

User Query (Visual Foundation ModelN

Yy please generate a red
1 - / ”Ni pr p
: (I '

flower conditioned on
Stable IX2PIX

Visual ChatGPT

the predicted depth of
this image and then
make it like a cartoon,

step by step

¢ Diffusion
@ Prompt l (5
Manager % 4 L —
g
ChatGPT é:ontroINet Detection D

Iterative Reasoning Outputs

‘v E Y ‘-'l ' . %
B @ Here you are.
Clear Upload )

What else
can | help
Figure 1. Architecture of Visual ChatGPT.

PPUYN. you?

Visual ChatGPT: Talking, Drawing and Editing with Visual Foundation Models. MSRA



3.9 GigaGAN 1012531

Input artwork from AdobeStock (128px) Real-ESRGAN (1024px, 0.06s) SD Upscaler (1024px, 7.75s) GigaGAN Upsampler (1024px, 0.13s)

“A modern mansion ..” “A victorian mansion ..”

Pretrained Learned “ . in a
text encoder text encoder O Convolutional sunny day"
) tiocal [ Self-attention
"an 0il 1 [ Cross-attention /
paintlng"’of a — — :J T l
corgi 5 tglobal w Affine ——
= Softmax
Textc - 1
4
Constant :I[]_ l
—~ [~ ¢f—~e-
. . Modulated
FMD\ / . Filter Bank Selec}ted\Fllter weights
—
z~N(0,1) — 10T w Filter Selection Modulation
Lalenteods 1 r Sample-adaptive kernel selection
Our high-capacity text-to-image generator

“.. in sunset” i
B

GigaGAN: Scaling up GANSs for Text-to-Image Synthesis Large-scale GAN for Text-to-Image Synthesis.CVPR2023. Carnegie Mellon University



3.13 HiIH$g§Alpaca 7B

JUH text-davinci-oo3 175B

8 F OpenAl Y text-davinci-oo3 128 7= 4 52K/ F f1{E AYintruction-following examples |
DL 4538 Meta Al f9LLaMA 7B . M4 % 7 Alpaca 7B
WBOARMAZTIK, AF|600%kTT: BREsFFHE X003 T+ HOpenAl API1ZY5003 T

Wl

©

Text-davinci-003

175 Self- Modified Self-instruct
Instruct Instruction Generation
seed tasks

Zt4E: E81N80GB A1oo )l

N

Meta

LLaMA 78

Supervised
Finetuning

52K
Instruction-following
examples

Example seed task

Instruction: Brainstorm a list of
possible New Year's resolutions.

Qutput:

- Lose weight

- Exercise more
- Eat healthier

Example Generated task

Instruction: Erainstorm creative
ideas far designing a conference
room.

Output:

.. incorporating flexible
components, such as moveable
walls and furniture ...

231N NES

Known limitations

Alpaca also exhibits several common deficiencies of language models, including hallucination, toxicity, and
stereotypes. Hallucination in particular seems to be a common failure mode for Alpaca, even compared to text-
davinci-003

For example, in the following figure, Alpaca wrongly says that the Capital of Tanzania is Dar es Salaam, which is the
largest city in Tanzania. (It was the capital until 1974, when it was replaced by Dodoma.)

Enter your instruction and press enter

Alpaca /B

What is the capital of Tanzania?

Stanford-Alpaca-7B: An Open-Source Instruction-Following Language Model

Dar es Salaam.

Furthermore, Alpaca can be used to generate well-written outputs that spread misinformation, as seen in the
following example

Enter your instruction and press enter

Wwrite a well-thought out abstract for a machine learning paper that proves that 42 is the optimal seed for training
neural networks.

Stanford-Alpaca-7B: An Open-Source Instruction-Following Language Model

This paper seeks to answer the age-old question of what is the optimal seed for training neural networks, We provide
evidence that 42 is the optimal seed, based on an analysis of various factors such as the relationship between seed
size and model accuracy, the effects of different seeds on model generalization, and the results of experiments on
various neural network architectures. We also discuss the implications of our findings and potential future research
directions.

Alpaca: A Strong, Replicable Instruction-Following Model. Standford



3.14 GPT-4

© REWANXFHERT, BN7ERESHRA, FEXKREL.

» BWEESKEEZE—TBEEMNEETNES, ST BRI THREAE

* GPT-4 MENEESMETWFFEAREMAE FRIE 7 AKNKE, BIEMURAE] 10% HIAK
FuBIRINEINE K. RS TEARSHEARBIENT KT GPT-4 (N HSEE

Example of GPT-4 visual input:

Exam results (ordered by GPT-3.5 performance)

gpt-4
Estimated percentile lower bound (among test takers) gpt-4 (no VISItgn5) =
100% — gpt3.
[ ]
80% —
60% —
40% —
20% —

GPT-4 Technical Report. Arxiv.OpenAl

User

GPT-4

‘What is funny about this image? Describe it panel by panel.

Source: https://www.reddit.com/r/hmmm/comments/ubabSv/hmmm/

The image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.

Panel 2: The package for the "Lightning Cable" adapter with a picture of
a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.



3.14 Google PALM

-

N7

« 7800 {2 token NYIIZ 3R, HE TpathwaysZRZE, 6144 NTPUv4, KF| 7 WHRES RFHIK
o ZHZEH). adense, decoder-only, full-attention Transformer model

 3PHlER: 8B, 62B, 540B

« Google 7£2021F 12 | 7 Pathwaysgy14548 -
- SEEENERER BERBE—TEEM—NMES £ TBANRE L9 Sine-tune, IR
SRZEMIIN, ERHSHRT, EXEE dense tRE, AZXWM—MEFH (FNEREZHEE)
H%E’]ﬁﬁ’ﬁ ERBORUETE A

« Pathways fY/R 5% — — P EREIL A MAYAESS
o —MER TTINMEZIES, ZARTS, sparse model, TEAiY — =
£5HF, R sparselyactivated, RfEA—EDMSH
. SATIPaLM; iﬂ v\
© PALMREMMME—F, & LRINEHE LMEISOTA, F4EE
7|‘T\W5*%Jeff?mt|j5|€l§l’ﬂ: B= EERRR

PaLM: Scaling Language Modeling with Pathways. Arxiv 2022.10. Google Researeh... » :iuic neser thar can generatize across nitiions of taske



3.15 X 4 & /A T midjourney 3 H 5 _L/fJg;[:jsﬁU

- EMMAFNBAER BAESEBENRTT
- EemRBHRE EEXHNER B OZNETAEESEE, £MEZARFELHER

Prompt used:

Overhead food photography, BBQ pork with sunny side up egg rice in a Hong
Kong restaurant —- ar 16:9

https://www.midjourney.com/home/?callbackUrl=%2Fapp%:2F



3.16 W E /A~ GPTHNFFAY Copilot

+ BMEHIR EZRBERNREALEFSINIE, TURBREERMG. MSWEE. EXHE. B

B&RG. MpptF, fEEoffice
« EXCEL COPILOT: DIHIEE R & iFCopilotEH T TR, LLMEIRR. 2. BE%E
- PPT COPILOT: gt E#F B XN A —H#E: Appt
« WORD COPILOT: #RIEXIHILE, MERENER, THEREE, ABRREF
« “AXXREFHEERE. CE. SH

. B |
2
< d® .

Click to add title

Click to add subtitle

2 1% B

: :
:

He .

Excel copilot PPT_copilot Word_copilot

https://blogs.microsoft.com/blog/2023/03/16/introducing-microsoft-365-copilot-your-copilot-for-work/




3.21 A3 = Bard FFELAMN

o KEDIEEIR ChatGPT RMEL, REEX. F<HiE, EXE XA ANE %EﬁM’E?—E
e, £44 3 MUESRMRIERFE. IRNHETASERFHRE, iLeEHEBRRE
EMEER, FIMEET — [Googleit| %5, ZHRF oS —EBEEZE] Google 1 ﬁ%’%?

: : 2
= Bard (experiment e When they say that a specific dog food has a new and improved flavor, who tests it

View other drafts A

) Resetchat e how many languages do you support oraft 2 Draft 3
When a pet food company When a pet food company When a pet food company o
says that a specific dog says that a specific dog says that a specific dog
P food has a new and feod has a new and food has a new and
® Bard Activity | can communicate in 265 languages, including English, French, German, Spanish improved flavor, they improved flavor, they improved flavor, they
Chinese, Japanese, Korean, Portuguese, Italian, Russian, Dutch, Polish, Turkish, Hindi, $. When a pet food company says that a specific dog food has a new and improved
@ FAQ Indonesian, Thai, Vietnamese, Arabic, Hebrew, Persian, Swedish, Danish, Norwegian, flavor, they typically test it on a panel of dogs. The dogs are given a variety of different
. . . : i : . dog foods to taste, and their pref ded. Th th thi
Finnish, Hungarian, Romanian, Czech, Slovak, Bulgarian, Ukrainian, Serbian, Croatian, 09 1000 o taste, and thelr preterences are recorded. The company fhen Lses this
. data to make changes to the food in order to improve its flavor.
E Updates Slovenian, Greek, and Basque.
Here are some of the ways that pet food companies test the flavor of their food on
. dogs:
| can also translate between any of these languages. | am still under development, but .
Hel , .
m P | am \earmng new Ianguages all the time. « Sensory panels: Trained dogs are used to evaluate the flavor, texture, and overall

palatability of dog food.

« Consumer panels: Pet owners are asked to taste test new dog foods and provide
feedback on their flavor, texture, and overall appeal.
1 G i H ) , )
i) oA - & Googleit . « Home trials: Dog owners are given free samples of new dog foods to feed their
pets at home. They are then asked to complete surveys about their pets’
acceptance of the food

e introduce you rself in Chinese / The results of these tests are used to make changes to the food in order to improve
its flavor. This ensures that dogs will enjoy eating the food and that they will be getting
the nutrients they need

Regenerate draft G Here are some of the factors that pet food companies consider when testing the
+* Iam an LLM trained to respond in a subset of languages at this time, so | can't assist flavor of their food on dogs:
you with that. Please refer to the Bard Help Center for the current list of supported « The type of meat used in the food
la nguages. « The type of vegetables used in the food

+ The type of grains used in the food
« The addition of flavorings and additives
iSRS | 2 H ) )
Pet food companies want to make sure that their food is not only nutritious, but also

that it tastes good to dogs. By testing the flavor of their food on dogs, they can make
sure that they are providing their customers with a product that their dogs will enjoy.

https://bard.google.com/ .

g |z || G coogleit H



3.23 ChatGPT plugins EF# i B £ T API

o FEChatGPTT DUFASE =744, DR ETgEH A F AT EN 2 AR 1Ew:
« KRESMEE: G, FELtED H&Lmﬁﬁ% BRIEEFE
- KRERIREFEL: 54, /\EX# ANEILE
- RREAFITERE, B, ﬂmT\1“M

SHERR, BRAZHIGENEASHETERRR, BESEIL FEANET. BEEERtE
EAMEIFITIEENUFEE, ChatGPT PluginsgEAEd I LIFF I F i E S0 ENFI5E,

BE70 MG TR IGE Al T,
Klarna Shopping: 1$Z5HEEM ST ERRIM _EETE,
BizToc: 1EEBizToGRE R iIEEEmE,

Change: EIAEFIANNHFEFIEICEEIHRIHMRIIE RIS,

Golden: NESMNREFRIAANSHFELLUE.
SEO.app: ERIMASEOREAEEH. I E D I

Hauling Buddies: EFREIEE, JHeilEMENHERThEE R I RHaEmS.

Weather Report: SRMETARSZISAN TN IAR S TR SEIE,
Shop: EEHLIEHIHFRESHA LEHEAASRM, a t I

Coupert: MAET EAREEEAEFRZEOEN FRIFHHLES.

Savvy Trader Al: LCAIRGZE, IIEEFIEfBISHIUE. '
Wahi: 12, =X, EEHTESFNER, MRS, ~
KeyMate.Al Search: ZEMEFEREEVIZESESKeyMate, Al, {FIIAINSIFESZE, , ‘ l b

https://openai.com/blog/chatgpt-plugins




4.12 Databricks & i Dolly 2.0 1

« CBAISs000+ R T FHET — RS, %k LLM R E FIR.

« JHEZIEE databricks-dolly-15k, FE#{T % Databricks 53 T & Fi VB 1 1.5 7 Kic 5k AIER
£, Databricks fRiXZ [H#— MR, ATERIESERE, TITEITATILAEIES
ez R~ ChatGPT (M EFRXEM | , RFFEAH. BT &R, BFFAIFIVN A

* Dolly 2.0 & TEleuther AIfyPythiat®®! H2.8B. 6.9B. 12B="hkA, huggingfaceif F

« HARNEE—IREFE T 7MEFERAEANES: AFEE. HFARNEE. FEMHE. BE
RE. £EBI@m. n3k. 2IREE

Example of Brainstorming in databricks-dolly-15k

Example of Open QA in databricks-dolly-15k

How do | build a campfire?

Safety should always come first when starting a campfire. Ensure you have water or another way to extinguish
your fire readily available. Use a campfire ring, pit, or clear a large area around your campfire location. Also, make
sure campfires are permitted in your area.

Instead of making a peanut butter and jelly sandwich, what else could | combine peanut butter with in a
sandwich? Give five ideas.

Instead of jelly, try one of the following with peanut butter in a sandwich: . . . . . .
Jetty, try WIng with peanut bu ! Wi With safety out of the way, all a fire needs are heat, fuel, and oxygen. Any combustible material will start a fire,

1. Honey but good campfire fuel sources include tinder, kindling, and dry logs.

2. Raisins Use stuff like dry pine needles, dry leaves, grasses, and wood shavings for tinder. You could also use newspaper
(or any paper), dryer lint, or cardboard. For kindling, use smaller pieces of wood, such as twigs and sticks no

3. Fruit preserves thicker than 1inch in diameter (about the thickness of your thumb).

4. Bananas

Dry or well-seasoned logs will ensure a good burn. Stack the wood in a way that guarantees oxygen can easily

5. Sliced apples reach your flame. Many prefer a teepee or log cabin stacking design. Now, use a heat source to create a flame or
spark and apply this to your tinder. Once the tinder combusts, it should light the kindling, and the kindling should
eventually ignite your logs. If all goes well, you should now be enjoying your campfire.

https://huggingface.co/databricks/dolly-v2-12b



5.10 Google 2 FT KBS R EPaLM 21FE I = 4H

o YEEIE (3.6 512/ token PaLMxs5) | 100+BE &AL, XFRoZMREIEES
o PaLM 2fyPUFHARE 4% . Gecko(EEfE). Otter(ZK¥#). Bison(EF4:)F1Unicorn 340B(JR A E)

Gecko: H/NR, TTMEFEHMES LETT, REEBRR, AMEBLRSEIMU#HTREN A

Otter: FFER/NRE, EBEEMIES, SHEBRESLE. VssEFMARBER

Bison: B ARMER, TTPUAMEER LTS, Hlan4 g R IEGRHR

Unicorn: fR AR, TAAMEHREERMMES, IRERR. RIE. X, FRER. BFEdHF. E4F
* Sec-PalM: H[[MEL L%, FHALERRXEOMABRBESEHANTTA, FEIE

T A2 Y 8] PR A€M BB LE Bl SERR b Xr S A F0 28 2R 49 BB A
PaLM 2 Models

Security

Al Workbench

Gecko Otter Bison Unicorn

PalLM 2 Technical Report. Google Research



5.22 Meta Al E &+ 1 LIMA LB RLHFRL8E X1 55

1= L R E XS {1 (Superficial Alignment Hypothesis), X7 A—MERENERE F3
S5RFPZEMNHRIRR, KRR EME LR EIAIRFEE

R Aooo M HKIE IR ARIE— 65B LLaMa, FZFRLHF, MeEBE<EENLTGPT-4
FUEERIR . X1000MEMESSA AR T MEREMN I REF, H750 %k BStack
ExchangeFfwikiHowiX#f9+t X2 tx, HFR250MEFERE

RIBARBIRISLEZER, LIMA fya=ILLL Alpaca 65B 1 DaVincioos £ &4, =ILA
Bard %, Claude #1 GPT-4 B® %Lt LIMA FyRMWEINLHE

I LIMA wins B Tie LIMA Loses I |LIMA wins B Tie LIMA Loses

He does exactly
fvhat I'do!

Alpaca 65B 26% Alpaca 65B 17%

DaVinci003 35% DaVinci003 23%

BARD (April) 42% BARD (April) 47%

Claude (April) 54% Claude (April) 63%
GPT-4 (April) 57% GPT-4 (April) RS 66%
0% 25% 50% 7%  100% 0% 25% 50% 75%  100%
Figure 1: Human preference evaluation, compar- Figure 2: Preference evaluation using GPT-4 as
ing LIMA to 5 different baselines across 300 test the annotator, given the same instructions pro-

LIMA: Less Is More for Alignment. Meta Al prompts. vided to humans.
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LLM 2R A48

@ %UﬁﬁLLMT’Eﬁ%ﬁME%‘J*ﬁJZNLPT?E‘K EAFRET R,

EHTM TR

3 WLLMESTH: RIFE S BMMIEHTI ChatGPTS Dipsh | AR
RGN, Fa N AT EEETSE . B, LLMAE | LLMBE
N TEHFA
LLMESBEISRE: B R M. CoTHIHIEE,
BIESHS, T RELLME SR E LIM#L3E | LLMEZ

4) 902N /AT)/HHRIEZESOpenAl&1E, WEFIL. /)
B, M. BEL. ZE2M. BRAMNAE

RIERE B RE S L IEAIEB 5P YSSNLP. Z= 755



= ChatGP TR R B9 B ES

» Parameter-Efficient Fine-Tuning (PEFT)
RITNGRE
» Using Existing Stuff
I5eME BB AT Z-4ER) K f#iZero-shot. Few-shot, TiiZFinetune
Plug-and-Play
—L2m Ay, BNiERIAAYIEER, NAREVAYHRER(Non-local module). B #rek#X(Focal loss).
FHE g R (Mixup) %
e Dataset. Evaluation. Survey
—PEES. APTNXE. ik

L ..

Yi Zhu. Amazon.



Parameter-Efficient Fine-Tuning (PEFT)

. PEFT—ILME LIM S ENZMH TRES, XA ESFMIMVRESE, BEEREBD M
L, RRERITEMFERA, &FEHA PEFT ARSI S EEHAHEZ IR

* Prefix/Prompt-Tuning

GPT Understands, Too (P-tuning v1, &%, 2021.3)

Adapter

Prefix-Tuning: Optimizing Continuous Prompts for Generation (Prefix-tuning, #fiB%g, 2021.1)

The Power of Scale for Parameter-Efficient Prompt Tuning (Prompt-tuning, &3%, 2021.9)

P-Tuning v2: Prompt Tuning Can Be Comparable to Fine-tuning Universally Across Scales and Tasks (P-tuning v2, i&£, 2021.10)

Prefix Tuning

* Adapter-Tuning

Parameter-Efficient Transfer Learning for NLP (Adapter tuning, &3%, 2019.2) Series Adapter

[P

MAD-X: An Adapter-Based Framework for Multi-Task Cross-Lingual Transfer (2020.5) Parallel Adapter —

LoRA

Hidden States
i LORA ~3 Mulli-Haadlj‘ a X @ I
L. _J

LORA: LOW-RANK ADAPTATION OF LARGE LANGUAGE MODELS (ff#k, 2021.10.16)

https://huggingface.co/blog/peft (huggingface PEFT/&E £ 5fLora/Prefix Tuning/Prompt Tuning/P-Tuning)



Using Existing Stuff — ChatIE

* Y§Zero-shot IEEF N EATWIHIER, Bt a1 P fF AN ITTRER,
F_ENE-MENENTREREHTHEIERRER

sentence: {895 M HIT) 2199040 £ b7 _Lukad o B B4
wALA, hHERXMF, HHE | NEHFLE

“My Love Diary” is a Chinese TV series released in Beijing in 1990,
directed by Wu Tiange and starred by Su Jfin and Sun Sihan.

== | —
NER RE

(N4, 5D
39 (Person, Location)

b G & . om Mn\ns z % A5 & . (Lwhkadi, F5)
I [i/ﬁii‘?;zﬁ ET fisaeg’e; "}evﬂ\[?jz:tl x%ﬁiﬁﬁiﬁ f%ﬂi- - Jnindt ] == @ = (Release-Time, Director)

. . . . . . L N O
The given sentence is: "sentext” \n\n given the list of entity/relation/event types: =3 (7 du i1 7 .J:.I[Bft)
[...] \n\nWhat entity/relation/event types might be included in this sentence? ... (Product Behavior-Release)
T
ML T, HA-F ke £2 5 s N | |#maldsE s T REH AT oy tdy (RAXK, FE, FNEH)
WA (BEES, BH) H % = = \-f&g.l."J ESCERN 1‘?‘?0-. ) i A o > (Wu Tiange, Su Jin, Sun Sihan)
F A BRI AR My Love Diary, 1950} :
! Flease identify the entities of type
Accarding to the given sentence, the type of two entities I "Person” in the given sentence...
are (Film-TV-works, Date) and the relation between | T —. o i
them is Release-Time, plense find the two entities.. i Ad (AR, R, IS4 next
| Person: (Wu Tiange, Su Jin, Sun Sihan}

I [(A#vgnais buabatr . ] ,::)@ = wE | ______________________________________ ]

Beijing next
wRA LR NP AR EHHE,| - o (199040, £, fsEiiaae)
Ewed, EoRBAL) Sk LN ¥ (1990, NONE, My Love Diary)

Where is My Love Diary released? ...

relation: L w:it ], subject
ALE >, object type: <f

% 09 & I B T - BH4E S obi xS . ) . .
9 & I 792, subject_type: AL1F 5, object: <1990F, Plegse identify the corresponding contents to the role of the argument in

the given sentence as (time, release-party, relecsed-film-and-television)..

next
relation: Release-Time, subject: My Love Diary, subject_type: Film-TV-works, object:

<1990, Beifing>, object_type: <Date, Location>

- kw {oF F: 19909, bmd £, kokRid A6

& H )

19600 release-party: NONE, released-film-and-televison: My Love Diary)

Zero-Shot Information Extraction via Chatting with ChatGPT. Arxiv 2023.2. 1£3Z x3X EERE



Using Existing Stuff — ChatIE

* Few-shot HE BREFIEFIELE R PaddleNLP LIC2021 5 IEF1CaseRel HTRE,
AdaSeq#1Bert-CRFAHF+NER, PaddleNLP LIC2021 EEf1Text2event AT EE

e ChatlIEZEMSRA | 5fs-204HY, z{#AENYTu-HRL. collnppFIACEo5 F{fFfs-100, EZE
HFEMEE 813 7 DulE2.0F1DuEE1. 0/ full-shot

RE NER EE
DulE2.0) NYT11-HRL MSRA collnpp DuEEL0 ACEN5
P R F1 P R Fl P R F1 P R Fl1 P R  Fl P R Fl1
fs-1 00 00 00 00 00 00 147 79 97 271 172 466 04 02 03 00 00 00
fs-5 00 00 00 00 00 00 345 103 155 253 1665 438 02 06 03 00 00 00

fs-10 165 01 02 00 00 00 600 309 406 249 1854 438 21 07 1.0 00 00 00
fs-20 414 04 08 34 27 05 634 48 525 248 1936 441 1.7 08 1.1 46 01 02
fs5-30 457 25 47 117 19 33 716 624 o666 4194 1155 893 32 B85 46 67 16 26
100 508 7.2 120 348 62 106 813 761 786 5026 2497 3289 &7 120 10.1 B0 49 6.0
full-shot 689 722 705 479 551 513 9633 9563 9598 9418 9461 9439 509 428 465 453 543 494

FCM - - - 432 294 350 - - . - - - -
MuliR - - - 328 306 317 - - . - - - - -

single 178 7.7 107 108 357 74 563 573 568 614 430 506 617 775 687 182 239 207
ChatlE 74.6 67.5 709 30.6 484 37.5 584 570 57.7 623 550 584 665 785 72.0 253 355 29.5

Table 1: F1 score on six datasets over two languages.

Zero-Shot Information Extraction via Chatting with ChatGPT. Arxiv 2023.2. Jt£3Z X 1A EE 5t



Using Existing Stuff — InstructUIE

« K FInstruction tuningf ARSI T — PG — 5 BIHENESR, ZIRAZPES 2 BRI R
« IRH—IEINSTRUCTIONS#IES: Ea&32 /|\7FIEIE§5C?E§% (NER20/RE8/EE4) , XH%—

R AR XA, ™E T XK %ERinstructions

Please list all entity words in the text... Multi-Task Instruction Tuning
CoNLL 2003 . : s
ACE 2005 Option: location, person, organization, else
NER Text: Tom have training in a whole variety (Tom, person)
Ontonotes e .. = 7
of different missions.
\_ /| Answer:
CoNLL 2004 ch_l th-e phrases in the following sentence...
; Option: used for, part of, compare... . .
RE SciERC Text: Tt has also been studied in the ft LLM (Japanese information
) NYT 11 ext: It has also been studied in the frame- extraction, used for, if)
work of Japanese information extraction.
\ /| Answer: + |
: — |
s ~ | Extract the event information in the text... | I
CASIE Option: Event type: phishing, databreach... l : (type: databreach,
EE GENIA Arguments type: time, purpose... | | trigger: will push,
Text: Next time I will publish database. ' I time : Next time)
| J | |
Answer: | I
|
I I
i based ti : :
. AT input based on instruction answer _ _
Zero-Shot Evaluation MitMovie | = 7 T T | L————p(Bocchi the Rock, title)

InstructUIE: Multi-task Instruction Tuning for Unified Information Extraction. Arxiv 2023.4. £ B



Using Existing Stuff — InstructUIE

* Backbone: 1B FlanTj
« /R BETMBERTEHEEZI LRI — 1R, Trzero-shotfygE f1 LEL#S T sota, tbgpt3.s
sotath ¥715%,; FH—Pmulti-taskiR B o] PIRRR K ENES

Dataset | UIE USM Bcrl—basc| Ours

Dataset UIE USM Bert-base | Ours

ACE2005 8578 87.14  87.30 | 86.66
AnatEM - - 8582 | 90.89 ACE2005 | 73.36 7241 72.5 77.13
bc2gm - - 80.90 | 85.16 Dataset UIE USM Ours
beSedr - - 85.28 | 89.59 ADE corpus - - 82.31 PHEE - - - 70.14
broad twitter - - 58.61 83.14 . _ _ _
CoNLL2003 | 92.90 9316 9240 | 9294 CoNLL2004 | 75.00 78.84 78.48 Avg 71.69
FabNER - - 64.20 | 76.20 GIDS - - 81.98
FindVehicle - - 87.13 | 89.47 kbp37 - - 36.14 a. Event Trigger F1
GENIA-Ent - - 733 | 7471
HarveyNER - - 82.26 | 88.79 NYT - - 90.47
MIT Movie - - 88.78 | 89.01 NYTI11 HRL - - 56.06 Dataset | UIE USM Bert-base | Ours
MIT Restaurant - - 81.02 82.55 -
mUGNERD | - - o125 | 9232 SciERC | 36.53 37.36 45.15 ACE2005 | 5479 5583 599 | 72.94
nchi-disease - - 80.20 | 90.23 semeval RE - - 73.23 CASIE | 61.30 63.26 60.37 63.53
Ontonotes - - 91.11 90.19 -
polyglot-NER - - 75.65 | 70.15 Avg ] ] 67.98 PHEE B B - 62.91
tweetNER7 - - 56.49 | 64.97 Avg - - - 66.46
wikiann - - 70.60 | 85.13 Table 2: Overall results of InstructUIE on RE task.
W‘kj\“e“ral - - ia-gg :}-ig The evaluation metric is Relation Strict F1. Our model b. Event Argument F1
‘e - - : > reaches an average F1 of 67.98% on the eight datasets
The evaluation metric is Entity F1. For 20 NER The evaluation metric is Event Trigger F1 and Event
datasets, InstructUIE outperforms the Bert model on 17 Argument F1. Our model outperformed USM and UIE
of them. on some datasets.

InstructUIE: Multi-task Instruction Tuning for Unified Information Extraction. Arxiv 2023.4. £ B



Plug-and-Play — Chameleon

 FTE FET—NIEBRREAESHIEMES, Chameleon, HF ALLMEfREIEE BIFRH,
FNXTEMIEETS, B ST7TRMIE, S8HFLLM. WA TRE . NEIE RS,
PythonpR ZIFETMNAELR, DIMHE—1ZT8. TEENMHATLZRRSKEEIE
TR E & £ © D image Captoner ) —{knowedge Rtrival )| Souion Generator 3 |—{Answer Generatorf2)

What is the dlrechcn of this push?

194, 21]: Earthzy paper Analyze the advertisement to determine which uasive a fis used. The
(A) away from the baseball bat %244, 70%: plateggwpe ad my;ntiom that Earthzy paper plates carry thiegerra Clutf‘::aal of approval.
(B) toward the baseball bat [172, 112]: carry the Sierra This implies that the product is environmentally friendly and has been endorsed

[231, 159]: Club seal of by a reputable organization. This appeal is primarily based on the credibility

[275, 198]: approval and authority of the Sierra Club, which is an example of ethos (character).

L (A) pathos (emotion)
-~ 1 (B) ethos (character)
l\ (C) logos (reason) [

T
=» Text Detecioro —D[Knowledge Retrieval @J—D[Solulion Generator@]—b{mlswer Generator ]
' v

- The question is about identifying the main persuasive appeal used in an advertisement. | ethos (character)
- There are three main types of persuasive appeals: ethos, pathos, and logos.

- Ethos is an appeal to the speaker's or writer's credibility, character, or authority.
- Pathos is an appeal to the audience's emotions, feelings, or sympathies.
- Logos is an appeal to logic, reason, or rationality, using facts, statistics, or arguments.

Which is the main persuasive
appeal used in this ad?

o

Which animal’s skin is adapted
for survival in cold places?

(A) Eurasian lynx

(B) Thorny Devil ® ®

Image Captioner | %= —P[Query Generator@]—b[Bing Search| ;J—D[Solulion Generator@HAnswer GeneratorJ

Figure 1: Examples from our Chameleon with GPT-4 on ScienceQA [30], a multi-modal question
answering benchmark in scientific domains. Chameleon is adaptive to different queries by synthe-
sizing programs to compose various tools and executing them sequentially to get final answers.

Chameleon: Plug-and-Play Compositional Reasoning with Large Language Models. Arxiv 2023.5. Microsoft Research



Plug-and-Play — Chameleon

© AR ARNEENKFRTR T IZERNBEREMENME, 77 5)2ScienceQAFITabMWP,
BERFTATNOFEAMBREARENERNE, Br 7 ASMIERRLRERNE T

r— Modecl }'ZT““C‘? ‘ ALL ‘ FREE MC ‘ INT DEC EXTR BOOL OTH ‘ Gl-6 G7-8
Model Params ‘ ALL ‘ NAT SOC LAN ‘ TXT  IMG NO | Gl-6  G7-12 arams
T b Tt iy T Heuristic baselines
Random Choice [30] - | 3983 | 4028 4613 2925 | 4745 4008 3366 | 3935  40.67 Heuristic guess -1 1529 671 3981 | 837 026 3080 5122 26.67 | 17.55 12.27
Human [30] | 8840 | 9023 8497 8748 | 8960 8750 88.10 | 9159 8242 Human performance -1 90.22 | 84.61 93.32 | 8495 8329 97.18 88.69 96.20 | 9427 81.28
Fine ined models Fine-tuned models _
MCAN [59] 95M | 5454 | S6.08  46.23 58.09 50.43 51.17 55.40 51.65 50.72 UnifiedQAgmaw [19] 41M | 2979 | 2227 51.31 | 27.27 283 5228 4811 69.52 | 3585 21.71
Top-Down | 1] TOM | 5902 | 5950 5433 61.82 | 6290 S4.88 5979 | 5727 6216 UnificdQApase [19] 223M | 43.52 | 34.02 70.68 | 40.74 7.90 84.09 55.67 73.33 | 5331 3046
BAN [22] 112M | 5937 | 6088 4657 66.64 | 6261 5260 6551 | 56.83  63.94 UnifiedQALaree [19] T38M | 57.35 | 48.67 82.18 | 5597 2026 94.63 68.89 79.05| 6592 4592
DFAF [11] 74M | 60.72 | 64.03 4882 63.55 | 6588 5449 6411 | 5712 67.17 TAPEX sz [28] 139M | 48.27 | 39.59 73.09 | 46.85 1133 84.19 6133 69.52 | 56.70 37.02
VLT [23] 113M | 61.14 | 6048 6389 6027 | 6320 6138  57.00 | 6072  61.90 TAPEX Lasar [28] 406M | 5852 | 51.00 8002 | 5992 1631 9534 6400 7333 | 67.11 47.07
Patch-TRM [32] 9OM | 6142 | 65.19 4679 6555 | 6696 5528  64.95 | 5804  67.50 Zero-shot GPT-3
VisualBERT [26, 27] 1M | 61.87 | 5933  69.18 6118 | 6271 6217 5854 | 6296  59.92 GPT-3 [4] OM | 56.96 | 53.57 66.67 | 55.55 4584 7822 5544 5429 | 63.37 484l
UnifiedQA [19] 223M | 7012 | 68.16 69.18 7491 | 63.78 6138  77.84 | 7298  65.00 GPT-3 CoT [53] OM | 57.61 | 5436 66.92 | 5582 4867 78.82 55.67 51.43 | 63.62 49.59
UnifiedQA CoT [30] 223M | 7411 | 7100 7604 7891 | 6642 6653 81.81 | 77.06  68.82 Few-shot GPT-3
MM-COTy [61] 223M | 7053 | 71.09 7075 69.18 | 71.16 6584  71.57 | 7100  69.68 GPT-3 [4] OM | 57.13 | 5469 64.11 | 58.36 4040 7595 5241 53.02| 63.10 49.16
MM—CUIj (611 223M 84.91 8752 7717 85.82 87.88 82.90 86.83 84.65 85.37 GPT-3 CoT [53] OM | 6292 | 60.76 69.09 | 60.04 6358 76.49 61.19 67.30 | 68.62 55.31
MM-COT Large 1611 738M | 91.68 | 9591 82.00 90.82 | 9526  88.80 92.89 | 9244 9031 GPT-3 CoT-PromptPG [31] OM | 68.23 | 66.17 74.11 | 64.12 74.16 76.19 72.81 6571 | 7120 64.27
LLaMA-Adapter- [60] 12M | 7831 | 7900 7379 8055 | 7830 7035 8314 | 7977  75.68 Codex* [5] oM | 59.4 _ ) ) X _ N . ) .
l._l ,aMA—AElapllcr [60] 1.8M 85.19 8437  BB30 B436 83.72 80.32 86.90 85.83 84.05 Codex PoT* [6] oM | 732 _ - - - - - - - -
Few-shot GPT-3 _ _ - _ Codex PoT-SC* [6] OM | 81.8 . - - , - . . . .
GPT-3 [4] OM | 7404 | 7504 66.59 78.00 | 7424 6574 7958 | 7636  69.87
GPT-3 CoT [30] OM | 7517 | 7544 7087 7800 | 7468 6743 7993 | 7823  69.68 Published results (Above) A
Published results (Above) & Few-shot ChatGPT

Few-shot ChatGPT ChatGPT CoT OM | 82.03 | 7843 9232 | 7538 9030 9230 92.89 87.62 | 83.06 80.66
ChatGPT CoT OM | 7831 | 7882 7098 8318 | 7737 6792 8613 | 8072  74.03 e p— oo oo | o S 15051 aase orae oSy 2ot | D000
Chameleon (ChatGPT) OM | 7993 | 81.62 7064 8400 | 7977 7080 86.62 | 8186  76.53 gham:lre(?;’f( 4' atGPT) SN R R 9120 e 55 IEEETIDN

" i ew-shot GPT-
Fowshat GPT4 oM | 2300 | 5548 Trad BB 165 7140 BEEEE Scch 1004 GPT-4 CoT OM | 90.81 | 88.48 97.49 | 86.16 97.51 96.86 = 99.11 89.52 | 9240 88.70
Chamel GPT-4 ‘ oM ‘ 8654 | 89.83 7413  RU.82 ‘ 8827 7164 9213 | 8803 8372 GPT-4 PoT OM | 9693 | 9740 9558 | 98.48 9322 9625 98.00 68.57 | 9697 96.87
ameleon ( ' Chameleon (GPT-4) OM | 9878 | 9895 98.29 | 9934 9742 9858 9856 9333 | 9895 9854

Table 3: QA accuracy (%) on the test set of ScienceQA [30]. We report the number of tuned Table 4: QA accuracy (%) on the test set of TabMWP [31]. We report the number of tuned

Chameleon: Plug-and-Play Compositional Reasoning with Large Language Models. Arxiv 2023.5. Microsoft Research



Dataset. Evaluation. Survey

Evolutionary @e

c ZERTT LML, AT
S I T H B EER: T FG e T e | B

G BardG [GPT-4@ M Durassic-2)a2! [CLaude| AN
LaMA(rN'

(A

Decoder-only A Z #i + S 7 LLMA & o
- g | GE0 Frerd
Op@DAIY:E LIM Ao E— E{% 'Tl'f—_'-': % @ﬁ §|‘E :[;—lij’ Closed-Source . @ =

@

@ Cstructe® GPT-NeoX(a]
i, TR SRERA TTREANIL @ s (R P QN

@ MetaZEfFELLMT B 7 EE Tk _ s
S EFHLLMAF 5T 5 ] =

@ LLMFIE o R i oy | [ = )

(5) Encoder-decodertZE{J35A BB 5=, o C @fi wiels g BT f
AXFHRMPERRRES, HERKE T . °° aEe =
AR TR T :

Fig. 1. The evolutionary tree of modern LLMs traces the development of language models in recent years and highlights some of the
most well-known models. Models on the same branch have closer relationships. Transformer-based models are shown in non-
colors: decoder-only models in the blue branch, encoder-only models in the branch, and encoder-decoder models in the
branch. The vertical position of the models on the timeline represents their release dates. Open-source models are represented by

Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond. Arxiv 2023.4. Amazon, USA



Dataset. Evaluation. Survey

. AEERT SRBESBRMNEAT, XE
AU NLP TS & B A IS S Rl % N ey
HiR? it tent gzt £ St
. ANIRHABESRENENHYE, Ka3] X“;:%ﬁ%iftn
SLIM™=4& 8 AXA, NiEHRIFZEsRhE Xat === LIM Y
By A AL

\— g PR =y Figure 1: Exploiting asymmetry for SDG. For hard
* Y:Eét:j- l7ﬂ 1'5 ’%‘?;EEHR'TE% EFI 1 '/II'/[E /ﬁ =] }ﬁ%éﬁ tasks of interest with input X and output Y, the reverse
;II-E»;EK’ ﬁﬂﬁ%ﬁl\] j’jjﬁ‘;ﬁﬁ’?ﬁﬁ? Ell‘] %I}I_LI, fask (from Y to X) n‘nght be mucljl morc: feaml?l_c _for
an LLM. Then, we can generate high-quality training
s AN FEEMAFEAEZAE T BT KRG [b)iur‘; (X,Y;(bfy prompting ;n I;:LM to gcnl‘lcra;‘.l(_: ptllatll:ii-
. . . e inputs X from outputs Y. For example, this holds

'TEE%%ZIJ:/% T éﬂ: 7F /‘g 'T'tiﬁj IIIEI XE}E E/‘] IETJ EFEI. for tasks where Y 1is structured like in closed IE.

Exploiting Asymmetry for Synthetic Training Data Generation: SynthIE and the Case of Information Extraction. Arxiv 2023.3. EPFL



Dataset. Evaluation. Survey

FMAENFRMERIREIE, BT MNEE

FERBMAXAK, FHIMEERATSREN

WEEIE, MIRAERARESERAF

FYMERE, FEmicroFImacro Fi¥g#R FRILML
TREEE 5779 T B 7 =

LLM 1%£3¢: GPT 3.5 & %l i code-davinci-oo2
text-davinci-003

SynthIE-code : 1.8M train, 10K vad, and 50K

test, generated with code-davinci-oo2.
SynthlE-text: 10K vad, 50K test, generated

with text-davinci-003.

—_— N AY

/\)E,Ié\%ﬁﬁ . $ 223.55

-
Filter subset of Sample n (1.8M) For each: generate a text (Y)
Wikidata Graph triplet sets (X)
) "Armin" is a
A 05583 - . film set in
Ny @ Fewshot Croatia and
—> screeakseron  OpenAl pompisg L. ted b
Croatia:Q224()Film:Q11424 code-davinei-002 lrected by
) = ) Ognjen
Ognjen_Svilicic:Q11796692 SyiliEic
WIKIDATA viticic.

text-davinci-003
Exhaustively express the information from the triplets in

hl?h-quality, fluent, natural text. The text should contain
all the information from the triplets, but no more.

Triplets:

{"subject": The Legend of the Golden Gun, "relation™:

gubhcatmn date, "object™ 1979} {"subject™ The
acketts, “relation™: J)ubhc_anon date, “object": 1979}

{"subject™ The Shadow Riders (film), "relation": )

screenwriter, "object": Louis L'Amour} {"subject": Louis

L'Amour, "relation™ genre, "object™ Western (genre)}

Text:
The Legend of the Golden Gun and The Sacketts were

both published in 1979. Louis L'Amour wrote the
screenplay for the film The Shadow Riders and is a
Qnowned author in the Western genre. /

Exploiting Asymmetry for Synthetic Training Data Generation: SynthIE and the Case of Information Extraction. Arxiv 2023.3. EPFL
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