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m 2022 ££11 §30 H , OpenAl &7 TAI 3¢
HRE , AR A LS GREREENE

m (NAERNBEE , BiEEAFRERXLZ , BF
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B ChatGPTAFHE , ESEE , HBAMEBER

REWIMNAT.

AERER A BIIAALLZR: mﬁ : #5:ChatGPT
XERIAIIRHNZ A EEF SN ABL
Bk EEAMEHFEE.
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TR RIChatGPT

OpenAlZTBAIRHEERIChatGPT, FE4ERVAIRIALETIIE ...
2022128190 — SitRGiE111 3308, EEIATEREATOpenAlR 2~ mChatGPT, —K
HFGPT-3.50% & HEEER, ATICEOSamAltmaniEE FE R KIZIEENLSTREFHE ..

AlFIF: ChatGpt A= lEFEIEEBuUg - EBLbis
20225125118 — GPT-3k%HF 20205, fEA— 1 BEREER, NFILURKRBERESLHEN
HEREDES, EE2ELE, GPTAGET1.17{Z1M 88, GPT288 7152128, MmGPT-3 ...

ChatGPT j@1d TEEMBA. EZEFIEZF%E1T - Showmetech
2023518260 — WRMHAZAMET, RIBELERTH—TRZ, OpenAl SEZ\EBITENE
S nRIIETNEANR, EastlRaEEEm SR E S IIRGPT ...

1457 100{ZZETThB[E OpenAl, ChatGPTENANOffice@FRAE T ?
20235185128 — fNER100 {ZZETIRRBAE, OpenAl 3R1BEEESE, MEISI AFRXK,
SR BEFLAR. TE—ERATE, IHEAIEEIChatGPT B TENMIKX, ©

GPT-4: ATERERTFMES HIEMEN /I FEK" - Showmetech

2023F182H — GPT-2024 1+4F4 F&7, MiZ=/AChatGPT HREFAIIEFFN AL,
- FREERTE, ZATEEMES T—RAIESHE, FHET2023 FiEt,

1%au—ChatGPTE’JmE#_#T‘E HETHAIARE ., 1L»A%%ln$§rﬁﬁa¥7f S S
Nature BgtRBE LN BAEA S, BOChatGPTEAFAESIENANTR.
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2017568,

Googlel2H 2019528 ,
Transformer OpenAITE.':I:.'
1=Ey GPT2f&EY

201856H,

OpenAliZH

GPTH=REY
FlIZESRETE

KEWES
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S GPT-3(LRB4ES] | M FGPTIERRAKIESEES
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2022821
20218128 OpenAlEH
OpenAliEiH InstructGPT
CodeXt&HY 1RE

2020858 20215128 ,
OpenAliZH OpenAliZH
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ANHIERZE 5200

ChatGPTEI0EEE

AGI (Artificial General Intelligence)

solution (1): emergent solution (2): explicit
abilities learned from  and new mechanisms
plan big data via big model 8 to learn such abilities

learn context

knowledge

create ' '
reason h- J

read (language understanding) » write (language/code generation)

see (visual understanding) » speak (speech synthesis)
hear (speech recognition) » draw (visual generation)

» act (robotics)

==,

touch, taste, smell, and other senses

an AGI agent can understand
or learn any intellectual task
BERT ViT Whisper that a human being can GPT-3 Codex DALLE2 ChatGPT

(Google) (Google) (OpenAl) (OpenAl) (OpenAl) (OpenAl) (OpenAl)

Credits: Duan Nan

Fudan NLP Lab 4
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Y ( Language Model )

Example

The cat sat on the mat

The cat sad on the mat

High wind tonight
Large wind tonight

Fudan NLP Lab 6



S8 ( Language Model )

S = Where are we going

Previous words wWord being
(Context) predicted

P(S) = P(Where) x P(are | Where) x P(we | Where are) x P(going | Where are we)

Fudan NLP Lab 7



F)IZIESHEEY ( Pretrained Language Model )

C E A B C D E [SEP]
_______________ [ | O N NN R MO |
C— ) ( ) A B C D E [SEP]
...... = L T S SO S 3
. =5 == , —— B i '
| = ' IJZ T [ N A S S f
| )i | [CLS] A B [M] D [M] [CLS]A B C D E
O O
[CLS] A B [M] D [M] [CLSA B C D E
BERT GPT BART/T5

Fudan NLP Lab 3
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Pretraining + Adapting: New Paradigm for NLP

Upstream » Downstream
Model Pretraining Model Adapting

Number of Examples in Context (K)

" © =

Increasing Size Increase Performance
for Few-shot Learning

Fudan NLP Lab )



(A) Mod. arithmetic

50

N W
o o O

Accuracy (%)

[y
o

0

70

60 |-

50
> 40
30

(%)

Accurac

10

20

—eo— LaMDA —a— GPT-3 —¢— Gopher

f - - - -

1018 1020 1022 1024

(E) TruthfulQA

1020 1022 1024

Emergent Abilities of Large Language Models, 2022

Fudan NLP Lab

(B) IPA transliterate
50 |-

40

0F
1078 304Y 102 T

(F) Grounded mappings

—#— Chinchilla

(C) Word unscramble

50

N W e
(== N e N )

Exact match (%)
=

0

105 1020 1022 1044

(G) Multi-task NLU

70 + 70 |
60 | 60
X 50 X 50
> 40 > 40
2 2
sa« 30 g 30 L
O 20 o 20
< <
10 10
0f : 0, \
1020 1022 1024 1020 1022 1024

Model scale (training FLOPs)

—&— PaLM

N W e
Q O O

Exact match (%)
)

0

- = = Random

(D) Persian QA

1018 1020 1022 1024

(H) Word in context

70

60 |-

—~

%

50
> 40
30

Accurac

10
0

20

1020 1022 1024
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[Pretrained Models} [Pretrained Models}
A A A - - -

''''''''
--------

prompt
el ANb-a Al
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KBNS

Prompt

Language
Generated Text Model
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ig2igit

Prompt

This is an article followed by a summary

Task Description —— . =
written in informal language:

Current Input

Output Indicator —— (D
Language

Model
Completion

Fudan NLP Lab




SRESEASERITR

Classifier

Encoder

0
Text Text A TextB A B C Context Question
(a) Class (b) Matching (c) SeqLab (d) MRC
Reduce
Shift
Shift
Reduce
shift Encoder
Shift )
O
A B C <s>D E Text
(e) Seq2Seq (f) Seq2ASeq (9) (M)LM

T Sun, X Liy, X Qiu, X Huang, Paradigm Shift in Natural Language Processing, Machine Intelligence Research. 19, 169-
183 (2022). https://doi.org/10.1007/s11633-022-1331-6

Fudan NLP Lab 14



https://doi.org/10.1007/s11633-022-1331-6

Towards Unified Paradigm

I Class I Matching I Seqlab I MRC I Seqg2Seq I Seq2ASeq s (M)LM
‘ Matching (2020) Matching (2021)
H Class (2012) H Class (2013) I Class (2014) H Class (2015) ‘Y Class 2016)  Class (2017) H ase (20 I Class (2019) JE 4 I H
‘ |
B ‘ X Class (2021) BES
Class (2020) | l-J
H Matching (2018) Matching (2019) L _— n
. . = Matching (2017)
Matching (2012) Matching (2013) Matching (2014) Matching (2015) Matching (2016)
MRC (2020)|:|
SeqLab (2018) SeqLab (2019) MRC (2021)
SeqLab (2017)
SeqLab (2012) Seqlab (2013) SeqLab (2014) SeqLab (2015) SeqLab (2016)
Seqlab (zozn)l
MRC (2018) MRC (2019)
MRC (2012) MRC (2013) MRC (2014) MRC (2015) MRC (2016) MRC (2017) H SERedi202])
Seq2Seq (2020)
H Seq2Seq (2012) I Seq2Seq (2013) ISquSeq (014) H oo l T S Seq2Seq (2018) H Seq2Seq (2019) H
(M)LM (2020) (M)LM (2021)
Seq2ASeq (2012) Seq2ASeq (2013) Seq2ASeq (2014) O Seq2ASeq (2016pq2ASeq (2017)
(M)LM (2018) (M)LM (2019)
(M)LM (2012) (M)LM (2013) (M)LM (2014) (M)LM (2015) WILM 201088 (LM TY)
Seq2ASeq (2018) H Seq2ASeq (2019) E Seq2ASeq (2020) H seqzaseq 2021 [
- Year

T Sun, X Liu, X Qiu, X Huang, Paradigm Shift in Natural Language Processing, Machine Intelligence Research. 19, 169-
183 (2022). https://doi.org/10.1007 /s11633-022-1331-6

Fudan NLP Lab 15



https://doi.org/10.1007/s11633-022-1331-6

ChatGPTRY=>X5Es

-shot
ddition to the task description, the model sees a few Chain-of-Thought Prompting N a t u ra I
: Roger has 5 tennis balls. He buys 2 more cans of tennis
can has 3 tennis balls. How many tennis balls

Instructions

mples of the task. No gradient updates are performed.

Translate English to French: task descri|

sea otter => loutre de mer examples

B EE

RIREIRBILEE KIREIREILEE ANERES ISR
MG FF T TR S 2MZIER XIFAREE

Fudan NLP Lab
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E2=%3 (In-Context Learning )

{ Task Description

Example Input 1

Example Output 1 Input

Example Input 2

Example Output 2

Output Indicator

Language

Model

Completion

Output

Fudan NLP Lab




Task Description — @REEE N CVEVEE iUl d«EES T
| loved this movie!

Example 1
This review is: Positive
What a waste of time.
Example 2
This review is: Negative
Input
| enjoyed this movie.
Current Input — /™ ...
This review is: (D
Language
. Model
Completion
Output

POSitiVG .......................

This is a movie review sentiment classifier. Review: "l loved this movie!" This review is positive.
Review: "I don't know, it was ok | guess.." This review is neutral. Review: "What a waste of time,
would not recommend this movie." This review is negative. Review: "l really enjoyed this movie!"
This review is

Fudan NLP Lab



Apps built on GPT-3

Describe a layout.

Just describe any layout you want, and it'll try to render below!

Equation description

x squared plus two times x

Translate

JI‘%EE

= B LAKIERHE Nibs A< pAs !

.

Products

Select product

Collections

New
Popular
Upcoming

Requested

Categories

All

A/B Testing

Ad Generation
Al Copywriting

Al Writing Assistants

API Design
Avatars
Blog writing

Book Writing

New

Recently added GPT-3 apps

ActiveChat.ai

&  aiLawDocs

o DeepGenX

Gene

Drafted

O

M Al Buddy

o
AsBrian  AskBrian

FL

ClipClap

B

bR Duélinéo

NI A
ay

See all —

Humo
Al Guru

Azure OpenAl Service

Curai

Design an APl with ...

earchn Assistants

Elicit

Fudan NLP Lab



What Makes In-Context Learning Work?

60 Classification
o i No Demos Demos w/ gold labels B Demos w/ random labels
50
X
E‘r‘ 45
£ 40
&)
d
= 35
30
2 Direct Channel Direct Channel Direct Channel Direct Channel Direct Channel Direct Channel
GPT-2 GPT-2 MetalCL MetalCL GPT] GPTJ fairseq 6.7B  fairseq 6.7B  fairseq 13B fairseq 13B GPT-3 GPT-3
70 Multi-choice
o [ No Demos Demos w/ gold labels [ Demos w/ random labels
~ 60
X
55
[&]
g
5 50
Q
Q
<45
40
3 Direct Channel Direct Channel Direct Channel Direct Channel Direct Channel Direct Channel
GPT-2 GPT-2 MetalCL MetalCL GPT] GPT] fairseq 6.7B  fairseq 6.7B  fairseq 13B  fairseq 13B GPT-3 GPT-3

Min et al, 2022, Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?

Fudan NLP Lab



H7E5% ( Chain-of-Thought, CoT )
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B4fES% ( Chain-of-Thought, CoT )

Standard Prompting

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

Input j
Q: Roger has 5 tennis balls. He buys 2 more cans of

Co they have? j

\— J

Chain of Thought Prompting

St ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

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

Model Output )

A: The answer is 27. x

Model Output )

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answer is 9.

Wei. et. al. 2022. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models

Fudan NLP Lab



FE4E5% ( Chain-of-Thought, CoT )

[1st prompt] [2nd prompt]
Reasoning Extraction Answer Extraction
Q: On average Joe throws 25 punches per /"Q: On average Joe throws 25 punches per N\
minute. A fight lasts 5 rounds of 3 minutes. How | _ | minute. Afightlasts 5 rounds of 3 - - -
many punches did he throw? A: Let's think step by step.
A: Let's think step by step.
In one minute, Joe throws 25 punches. - -+In five

@ l/' rounds, Joe throws 5 * 75 = 375 punches. .

LLM :’ Q’herefore, the answer (arabic numerals) is /

3 : b

p LLM

In one minute, Joe throws 25 punches. /
In three minutes, Joe throws 3 * 25 = 75 punches. ’ @
In five rounds, Joe throws 5 * 75 = 375 punches. [ 375. ]

Takeshi, Kojima, et al. "Large Language Models are Zero-Shot Reasoners." arXiv preprint arXiv:2205.11916 (2022).

Fudan NLP Lab




Program-aided Reasoning

Fudan NLP Lab

Chain-of-Thought (Wei et al., 2022)
Input
i) N

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 tennis balls. 2 cans of 3 tennis
balls each is 6 tennis balls. 5 + 6. The answer is 11.

Q: The bakers at the Beverly Hills Bakery baked 200
loaves of bread on Monday morning. They sold 93 loaves
in the morning and 39 loaves in the afternoon. A grocery

store returned 6 unsold loaves. How many loaves of
bread did they have left?

. /

/—( Model Output :,
A: The bakers started with 200 loaves. They sold 93 in
the morning and 39 in the afternoon. So they sold 93 +
39 = 132 loaves. The grocery store returned 6 loaves. So
they had 200 - 132 - 6 = 62 loaves left.

The answer is 62.

o x /

Program-aided Reasoning (this work)

i) ~
Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 tennis balls.

tennis balls = 5

2 cans of 3 tennis balls each is

bought balls = 2 * 3

tennis balls. The answer is

answer = tennis balls + bought balls

Q: The bakers at the Beverly Hills Bakery baked 200
loaves of bread on Monday morning. They sold 93 loaves
in the morning and 39 loaves in the afternoon. A grocery
store returned 6 unsold loaves. How many loaves of bread

Qid they have left? /
\

( Model Output j
A: The bakers started with 200 loaves
loaves_baked = 200
They sold 93 in the morning and 39 in the afternoon
loaves_sold morning = 93
loaves_sold afternoon = 39
The grocery store returned 6 loaves.
loaves returned = 6
The answer is
answer = loaves baked - loaves_sold morning
- loaves_sold afternoon + loaves returned

_v

& Y,




FIAEScaling LawHY<HE

FE4E5% ( Chain-of-Thought, CoT )

N
(@)

GSM8K
solve rate (%)

DO

(@}

O

SVAMP
solve rate (%)
N = O
o O O

o O

MAWPS
solve rate (%) .
[\ ot ~J (@}
o (@} ot O

)

Wei. et. al. 2022. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models

Fudan NLP Lab

—e— Standard prompting
—6— Chain-of-thought prompting
- = = Prior supervised best

LaMDA

GPT

PalLM

04 8 137 04 7 175

8 62 540

Model scale (# parameters in billions)
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( Learning from Natural Instructions )
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AN W4

=

>] ( Learning from Natural Instructions )

Mach Learn (2014) 94:205-232
DOI 10.1007/s10994-013-5407-y

Learning from natural instructions

Dan Goldwasser - Dan Roth

Received: 15 May 2012 / Accepted: 8 August 2013 / Published online: 18 September 2013
© The Author(s) 2013



Schema of Instruction

Comparison of schema: v1.x (left) and v2.x (right)

Instructions Instructions
Title|| Definition || Things to avoid || Emphasis/caution || Prompt Definition
Positive Example Negative Example Positive Example Negative Example
Input Output Input Output Input Output Input Output
Reason Reason Suggestion explanation explanation
# of positive examples # of negative examples # of positive examples # of negative examples
Instances Instances m—
Input Output Input Output

# of instances # of instances

https://instructions.apps.allenai.org/

Fudan NLP Lab




SK18455% 3] ( Learning from Natural Instructions )

Input: She chose to make a salad for lunch tomorrow and Sunday.
Question: how long did it take for her to make a salad?

[ Instruction: Respond "yes" if

the sentence contains an explicit Output: Task1
2, answer to the given question. No (detecting explicit
) : R Pr i questions)
I Otherwise, indicate "no".
Broader Ability > < - -
= Instruction: List all the words
£ X Output:
© from the question that are how long Task2
Broad Ability A Broad Ability B Eoven (aranaenng) (tagging essenidl

making salad

correctly. Here are examples [...] 2 phrases)
\ o) ®© 2]
r . . v .E' o
- Instruction: Indicate the type =
Taskl Task2 Task3 Task4 ~ Task5 " of temporal phenomenon in the Output: K
. e J . J X following question. Here are Event Tas 3 .
. T e b example of the phenomena duration (typing questions)
training tasks test tasks & e int ted
(observed) (unobserved before evaluation) S < we'e interested |...]
@
= Instruction: in this task we
> ask you to write answer to a Output: Task
. : = : ask4
question that involves “event 30mins, (aswering
duration”, based on a given an hour questions)
- sentence. L}
" bl

KIBEF TIZMALS | (BRFAKNEES SRAZS. -

Fudan NLP Lab
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Step 1

RIEXIFTASIES

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon

landing to a 6 year old

I
\/

e}

Vi

Some people went

to the moon...

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 data is used
to train our
reward model.

Explain gravity...

Moon is natural
satellite of...

(.

Explain the moon

landing to a 6 year old

0 o
o o

Explain war...

People went to
the moon...

J

:
e}

0-0-0-0

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs




ChatGPT

Fudan NLP Lab

ChatGPT: Optimizing
Language Models
for Dialogue

We've trained a model called ChatGPT which interacts in a
conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes,
challenge incorrect premises, and reject inappropriate
requests. ChatGPT is a sibling model to InstructGPT, which is
trained to follow an instruction in a prompt and provide a
detailed response.




Capability Development

GPT3 = ChatGPT
& Knows & Unknows
<€ >
% Knows SO Known Unknows
Knows Know Kn
DU AU Known Unknows

Unknown Vs

oo U /

nknows . N CoT | Ethic
Unknown Knows

— Code Pretraining

Further Pretraining
Instruct Learning

Fudan NLP Lab
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Know-Unknow Quadrant

& Knows & Unknows
€ >

& Knows
Know KnOWO Known Unknows
e

Ethi
CoT 1C
& Unknows Unknown Knows

Fudan NLP Lab




Holistic Evaluation of Language Models

Previous work HELM

|
|
|
|
[ :
Metric : Metrics
: Accuracy Calibration Robustness Fairness Bias Toxicity Efficiency
1 I
" Questions | & Ghecuracy) L e (V4 v v v v v v
_9 XSUM V (Accuracy) : -9 IMDB V “ V V V “ V
| - | | .
g AdversarialQA V (Robustness) : 2 Qﬂzgiriis V V V V V V ‘/
[T} .. I
S ™ | ¢ onci | § we | ¢ | | v vV v |V
BBQ Y ECES) E XSUM V4 v v (V4

Holistic Evaluation of Language Models

Fudan NLP Lab




Holistic Evaluation of Language Models

Scenario
(IMDB)
- |
Previous work
I
1
I
Benchmark ;
|
Natural | Task What
uestions 1
Q |}
| =
XSUM I Question .
| answering Wikipedia
|
e ! Review
|
I Summari Movie
MS MARCO : Tl Product
|
CivilComments :
[ Sentiment -
WikiText-103 : analysis
I .
WebNLG I Social
! Information Twitter
ANLI : retrieval Reddit
I
|
I

Holistic Evaluation of Language Models
Fudan NLP Lab

Adaptation (prompting)

Model Metrics
(GPT-3 davinci v1) (robustness)

HELM

Scenarios

Who When Language

Web users 2018 English Q::Z:;iis
Gender
w;':i" 2011 Finnish —
Race
Si?i: 2022 Chinese ?
Age
Children Pre- Swahili ?

Elderly Internet

Input
perturbation

None

Robustness

Typo

Fairness
Gender
Dialect

Metrics

Output
measure

Accuracy
Exact Match
F1
ROUGE

Toxicity

Toxicity

Efficiency
Idealized

Denoised




SEFATLLM 2

» % ATLLM #9Benchmark 9 5 [ 4
» SR PR, %A FE AR
» B— 0 FAE S, 458
y N a5 ME
» Benchmark?k & 69 32 A e T AL A 69 2% 4K
» AE ARG 2k m
» RAEF R F, §)ﬁ%i%ﬁ&ﬁg
» A AEMKF LT A
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GAOKAO-Bench:1tChat GPT{HERIS*E

&

» GAOKAO-Bench 4% &
» BIAE A iz R F,
» MEAN, FHEARGARL
» B R Z S, ZHBFGRE
» RRE, RERE, BT oM
RUREG 7S
» AR AR T 0 B AR
» SILT R LA R BAEE, VAAPLEY T Kom R
» AL 10000+
» REZHII A, GALAPIA R, 2473 iE A
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GAOKAO-Bench: 1.EChat GPT{HFRERNSZER

Fudan NLP Lab

Let's solve a Chinese college entrance examination mathematics question, please think
carefully, think step by step, and choose the correct option: If $z=1+\mathrm{i}$. Then
$|\mathrm{i} * z+3* \bar{z}|= () $

A. $4 \sqrt{5}$

B. $4 \sqrt{2}$

C. $2\sart{5}$

D. $2 \sqrt{2}$

To solve this problem, we need to first expand $|\mathrm{i} * z+3* \bar{z}|$ using the rules

of complex numbers. We have that:
$\mathrm{i} * z = \mathrm{i} * (1+\mathrm{i}) = \mathrm{i} - 1$
$3 *\bar{z} = 3 * (1-\mathrm({i}) = 3 - 3\mathrm({i}$

Therefore, $|\mathrm{i} * z+3* \bar{z}| = [\mathrm{i} - 1 + (3 - 3\mathrm{i})| = |-2 -
2\mathrm{i}|$. To find the magnitude of a complex number, we use the formula $|a +
b\mathrm{i}| = \sqrt{a”2 + b*2}$. Using this formula, we can calculate that $|-2 -
2\mathrm{i}| = \sqrt{2~2 + (-2)"2} = \sqrt{8} = 2 \sqrt{2}$. Therefore, the correct answer
is $\boxed{\textbf{(D)}\ 2 \sart{2}}$.

Chat GPTKF—IBSEEHFA |
NTHEERE , MEPHA
TR IR AT AL 9 LatexiS T,




GAOKAO-Bench: 1.-Chat GPT{{HERI=SEM

FfJLAChat GPTE20225E £ EH LRILGR A

eV ERE, BTRRNTETHANERERNER, FREMEZNERE. NERBESH
- XARH, WRZE, "RTAHN, BREE". FEE IR, ENERATR. EER
= "BREME, BAMR, EHMR, #HmE, FEEFHER! " LR CHRAIRAIE
REIREL ()
A. fLF¥ B. ZF C. &3 D. &BF

RIBATHALENGER, DRCHAAHNNBAEIRIBATEFNBE. 2FAR, KT O ¥
NERFAMIRDFBOE, RABEETECHSWEIR, Eit, AT HABERES,
ET,

5|5 Chat GPTIIEEAI—MJIF , Chat GPTRE T IR AMPIRARFIHEIERE
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Chat GPT1E20225X& 4=

153
5
Hth I
BGa
e
8= (#)
8F (X)
YT
=
£

Ait

Fudan NLP Lab

Bo%x R
93.0 / 95 56,60
24/36 6/9
44/48 11/12
24/40 6/10
30/50 6/10
35/55 7/11
0/12 0/2
6/42 1/7
18/30 3/5
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Limitations

3 'i.‘i Yann LeCun
.gp,

The big challenge for Al dialog systems over
Limited in their current form. the next year or so is to make them factual,

Not easily controllable. non-toxic, up to date, and capable of using
tools like calculators, databases, search

engines, simulators, or in this case, a simple
calendar with today's date.

Very limited reasoning capabilities.

Superficial because disconnected the the underlying
reality of the real world.

But potentially useful.

And progress will be made.
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list some research directions on large language models if i have not many GPUs

If you have limited access to GPUs, there are still many research directions you can

explore in the field of large language models. Here are a few ideas:

1. Compression techniques: One direction to explore is to develop techniques to
compress large language models without significantly sacrificing performance.
This can involve methods like pruning or distillation, which can help reduce the
number of parameters in a model.

2. Transfer learning: Another direction to explore is to investigate the effectiveness

of transfer learning in language models. This involves fine-tuning a pre-trained

model on a specific task or domain, rather than training a new model from
scratch. Transfer learning can significantly reduce the amount of training required,
and can be done with limited resources.

3. Multilingual models: Multilingual models can be trained on multiple languages,
allowing for more efficient use of resources. By sharing parameters across
languages, these models can be trained with less data and fewer GPUs.

4. Domain-specific models: Another direction is to train models for specific domains,
such as biomedical or legal language. These models can be smaller in size than
general language models and can be trained on smaller datasets.

5. Small-scale experiments: Finally, you can conduct small-scale experiments to
explore different hyperparameters, architectures, or optimization algorithms. Even
with limited GPUs, you can still conduct experiments on smaller datasets to gain
insights into the behavior of different models.
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