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SQuAD1.1 Leaderboard

Since the release of SQUAD1.0, the community has made rapid progress, with the best
models now rivaling human performance on the task. Here are the ExactMatch (EM)

and F1 scores evaluated on the test set of v1.1.

Rank Model

Human Performance
Stanford University
(Rajpurkar et al. '16)

1 BERT (ensemble)
Google Al Language
https://arxiv.org/abs/1810.04805
2 BERT (single model)
Google Al Language

https:/arxiv.org/abs/1810.04805
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8 gaot => goat 8 thanks => merci 8
2 3 S
7+2=9 5 sakne => snake Q hello => bonjour Q
-~ — -
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1+0=1 2 brid => bird o mint => menthe o
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https://arxiv.org/abs/2005.14165
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Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt
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'> python nlsh.py

nlsh> what day is it?

>>> Run: date +%A [Y/n]:

Wednesday

nlsh> no, I mean the full date

>>> Run: date +%F [Y/n]:

2020-06-10

nlsh> could you print them both together?

>>> Run: date +%A %F [Y/n]:

date: illegal time format

usage: date [-jnRul] [-d dst] [-r seconds] [-t west] [-v[+|-]vallymwdHMS]]
[-f fmt date | [[[mm]dd]HHIMM[[cclyyl[.ss]] [+format]

nlsh> I think you forgot the quotes

>>> Run: date '+%A %F' [Y/n]:

Wednesday 2020-06-10

nlsh> clone the openai gym repo and install it

>>> Run: git clone https://github.com/openai/gym.git && cd gym && python setup

Cloning into 'gym'...

remote: Enumerating objects: 37, done.

remote: Counting objects: 100% (37/37), done.

remote: Compressing objects: 100% (37/37), done.

remote: Total 10579 (delta 14), reused 9 (delta @), pack-reused 10542

Receiving objects: 100% (10579/10579), 4.04 MiB | 9.72 MiB/s, done.

Resolving deltas: 35% (2523/7154)

https://openai.com/blog/openai-api/
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File Edit View Insert Format Data Tools Add-ons Help Last edit wa

~ ~ P $ % .0 .00 123w  Default(Ari. v 10 ~ |
=gpt3(A1:C4,A5:B5
A B C D L

1 StateName  Populaon @~ Founded Date
2 llinois 12.67M 1818
3 California 39.51M 1850
4 Ohio 11.69M 1803 !
5 iMaska  |603K I {=ept3(a1:C4,5:89
6

https://twitter.com/sh reva/status/1284746918959239168
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— IRERME SN TULBAPITI(IIavaScript, Go, Perl, PHP, Ruby, Swift, TypeScript, SQL,
and even Shell.7X EZERIRE B (CEIE

CodeX [chen(OpenAl)+, 2021/07]

8 sentimentsis o write_sql.go @ parse_expenses.py &3 addresses.rb
import datetime

def parse_expenses(expenses_string):
""Parse the list of expenses and return the list of triples (date, value, currency).
Ignore lines starting with #.
Parse the date using datetime.
Example expenses_string:
2016-01-02 -34.01 USD

2016-01.03 2,72 EUR 027 BTk CEEIAER

expenses = []
for line in expenses_string.splitlines():
if line.startswith("#"):
continue
date, value, currency = line.split("™ ")
expenses.append((datetime.datetime.strptime(date, "%Y-%m-%d"),
float(value),
currency))
return expenses

& Copilot

https://qithub.com/features/copilot
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2 36
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S
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F 3
3.0
2.4
L = (Cmin/2.3 - 108)~0-050
2 . . T . 2.7 . . . v .
10 1077 10°° 103 107! 10! 108 109 10° 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

https://arxiv.org/abs/2001.08361
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S /300Bb—202) DEREZEZ K DYRADTTERE
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Table 3 | Estimated optimal training FLOPs and training tokens for various model sizes. For
various model sizes, we show the projections from Approach 1 of how many FLOPs and training
tokens would be needed to train compute-optimal models. The estimates for Approach 2 & 3 are

similar (shown in Section D.3)

EFILBA X ED
Parameters FLOPs FLOPs (in Gopher unit) Tokens BEETEE - h—U2
400 Million 1.92e+19 1/29,968 8.0 Billion
1 Billion 1.21e+20 1/4,761 20.2 Billion
10 Billion 1.23e+22 1/46  205.1 Billion
67 Billion 5.76e+23 il 1.5 Trillion |  GopherlZ4E
175 Billion 3.85e+24 6.7 3.7 Trillion ~N—27>m
280 Billion 9.90e+24 17:2 5.9 Trillion | 1/17UHHE
520 Billion 3.43e+25 59.5  11.0 Trillion L TULVRLY?
1 Trillion 1.27e+26 221.3  21.2 Trillion
10 Trillion 1.30e+28 22515.9 216.2 Trillion

https://arxiv.org/abs/2203.15556
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Translate English to French:
sea otter => loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche
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PET (schick (LMU Munich)+, NAACL2021]
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BRI *EEIREZ YES/NO
DY \iE&DFDﬁ%(; ﬂ/

[[Oﬂ prices nse) (OH prices fall back] ] .

L2 P(il?) L1

( not_entailment ) > [ No ]
Y v(y)

Figure 2: Application of a PVP p = (P, v) for recog-
nizing textual entailment: An input z = (x1, z2) is con-
verted into a cloze question P(z); ¢p(y | x) for each y
is derived from the probability of v(y) being a plausible
choice for the masked position.
https://arxiv.org/abs/2009.07118

INERIT>O—ASHBEFILTH
JO> NI 2= US %
TERNIEGPT-3% L@E3

80

®PET
*PET GPT3
70

60

SuperGLUE Performance

50

10° 10® 10* 10° 10°
Parameters (Millions)

Figure 1: Performance on SuperGLUE with 32 train-
ing examples. ALBERT with PET/iPET outperforms
GPT-3 although it is much ‘“greener” in that it has
three orders of magnitude fewer parameters.
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PromptSource [Bach(Brown U)+, 2022/2/2, ACL'22 dema] =

- JO>T bhEEMRLU, BDUFE TRWOCT N #HE - FIFT3
W—)LFw I~ @ pip install promptsource

e 170%BZXDT—4tzw MNBEIC2000 LT 0> 7 MHVERE.

S1: Exploration S2 + S3 + S4: Creation S5: Review
® 0 ® 0 ® 0
The SNLI corpus (version 1.0) is a h . The SNLI corpus (version 1.0) is a
collection of 570k human-written I besed oniheipevousipassoae | collection of 570k human-written
English sentence pairs manually Adapted from the BoolQ prompts in English sentence pairs manually
SNLI labeled for the task of NLI... | SNLI | Schick & Schiitze 2021. SNLI labeled for the task of NLI...
{ premise: “A person..”, aOriginaI Task alhoices in Prompt “A person...” Based on the previous
hypothesis: “A person..”, passage, is it true that “A
| Yes ||| No ||| Maybe | I Accuracy person...”? Yes, no, or maybe? |||
label: 3 Ll Maybe
{{premise}} Based on the
{ premise: “The kids..”, previous passage, is it true “The kids...” Based on the previous
hypothesis: SALL kide.7, :’;hat {{hypo J‘eili” i passage, is it true that “All kids...”?
es/no,;Moranaybe i) Yes, no, or maybe? |||
label: 2¢ ) {{ answer choices[label] }} No

Figure 1: The five stages of creating prompts in PromptSource. The Browse view for Dataset Exploration (S1).
The Sourcing view for Prompt Writing (S2), Prompt Documentation (S3), and Iteration and Variation (S4). The
Browse view for performing a Global Review (S5).

https://arxiv.org/abs/2202.01279
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Chain-of-Thought weiGoogle)+, 2022/01; NTr O

- BEORTBIEECTIOCTREULTERDZEICKDT, BMEHD
HEREE W AS <M LT DIRFK
e Chain-of-ThoughtDEENZFEIR T B(CIEHDEEDETILTA AN E
(BBIEEATNTHDZENZLY)

Standard Prompting Chain-of-Thought Prompting
Model Input \ Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now? j j |\
>
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls — @\ :
each is 6 tennis balls. 5 + 6 = 11. The answer is 11. (LIL.-\":E—Jé 717_ /f
Q: The cafeteria had 23 apples. If they used 20 to 75 \E ga
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to A
do they have? make lunch and bought 6 more, how many apples
-/ Co they have? _j

Model Output

BZIEIED
> =A4E
. - A: The cafeteria had 23 apples originally. They used "
A: The answer is 27. 3§ ] 20 to make lunch. So they had 23 - 20 = 3. They SO TCIERR
bought 6 more apples, so they have 3 +6 =9. The -
answeris 9. ¢/ TS

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.

https://arxiv.org/abs/2201.11903
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- BLW\JO>2T MMENNIE, SEBEFI)ILOEHEFIEITES
o [ABEICE-TEARIER] & [EEEFT)LAMMEVLVYRT LT O>T M
H—HSED - —HEZRIET D T

— » XL
= t j:)\ Eg (L_ Question: how long did it take for her to make a salad?

° *;% Q Td:EE,ﬁ N |_ Pg_\‘ - Q 4/F }ﬁ H%G) grammar Crowdsourcing Instruction: Label Output:

"yes" if the sentence contains any

g 5 Ij I< Ij - jj /\O)}Eﬂ__\%ﬁ&)t check grammatical issues. Otherwise, [...] no
5_ - g t \y I\b\./ZA\ Fﬂ:ﬁ én 5 7- d: cl:\_ 7 tagging Crowdsourcing Instruction: List all Output:

>y \‘ e - essential the words that are essential for making
Eﬂ: j_bj:) ﬁ/\/ 77— phrases answering it correctly. [...] salad

answering  ~ Crowdsourcing Instruction: Output:

questions =~ Answer the provided question based 30mins

on a given [...]

1 supervision with seen tasks

7 5 'j '< 'j — j]d)j::&) (:'f"EEE ijf: | evaluation on unseen tasks

Crowdsourcing Instruction: Label Output:

FA Fﬂﬁ (: t D t g %Td:j:ﬂ /_J_TJ (: qg};sitrz;zn the type of the temporal phenomena Event

EEE:E?) I/(j:'ﬁ:E 5 : t b\‘t\\ % 5 b\ '? in the question. Example are [...] duration
Figure 1: We construct the NATURAL INSTRUCTIONS
dataset from crowdsourcing instructions and instances
of different NLP datasets. We study if models can learn
from seen tasks and generalize to unseen tasks given
their natural crowdsourcing instructions.

[Mishra(Allen Al)+,ACL2022] https://arxiv.org/abs/2104.08773
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InstructionF 1 —Z=>0 DIRER NTT ©

- AR (TJOTH) (D TNLPHRDZFHRL CEBRZ I 74
SF A= TETIVICBR DB IR

. KE2DIIFE - FHMAEYROZRARL, YR oEYRIEREEETT UL

e BRAEOIESIR DB I D I 71 >F1—=>7 (Instruction
F1—=>7) #IBET, KHDAIRXD - IERICTHUTEBREEREL
FTFEISEERUTE

AREDFNFRY XD %8
Finetune on many tasks (“instruction-tuning”) BRICED C&aFE

Input (Commonsense Reasoning) | Input (Translation)

Inference on unseen task type

Here is a goal: Get a cool sleep on Translate this sentence to
ls-lummer clj:ys. ?:amsh: i = Natural Lan Inferen
ow would you accomplish this goal? e new office building S :
e e BUiF IRless fhat trrae Premise: At my age you will probably
: th have learnt one lesson.
-Keep stack of pillow cases in fridge. L2 e :
a7 gy T g e Hypothesis: It's not certain hoyv.many
P P : Target ». lessons you'll learn by your thirties.
Target El nuevo edificio de oficinas " Does the premise entail the hypothesis?
tack of pillow cases in fridge se construyo en tres meses. OPTIONS:

-yes | [ -it is not possible to tell | [ -no

FLAN Response
It is not possible to tell

Sentiment analysis tasks

TNENDAHIR D%
KIIERZEETTT

Coreference resolution tasks

[Wei(Google Research)+,ICLR2022] https://arxiv.org/abs/2109.01652
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BOFE, SVMRX, FEkQA, T

sofg, B, #R, BET —INSDTFX ML, BRSEEE

N —R: =]

r ™
Natural lan inferen W w d Sentiment R Paraphrase B (czlosed-book QA\ fs_t;u_q_t_tg_tgg_ﬁ ( Translation
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))( RTE  )[|( CoPA )||(_ IMDB || MRPC )||(ARC (easyrhal))||(CommonGen) | (Paracraw ENIDE )
( cB  )( SNL )||(HellaSwag )||( Sent140 ) ( NQ )||( DART )||(ParacrawlENES)
(. wmNu ) wNul )| PieA )[|( sSsT2 ) ( PAWS ) ( TQA )||( E2ENLG ) || (ParaCrawl EN/FR)
) ((StoyCloze ) J((C__Yelp )] |(_sTS-B ) L J|(LWEBNLG )] | (wur-t6 EN/CS )
( Reading comp. b G‘-l .com .w\ (Q_Q[ef.emm\ 6 Misc. 18 Summarization B
(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets)
((Boola )(0BQA )| | (2datasets) DPR (CoA )(TREC )| | (_AESLC ) (Multi-News ) (_SamSum )
- ((QuAC )(CoLA )| [ (_AG News ) ( Newsroom ) (Wiki Lingua EN) | | ( WMT-16 EN/RU )
i DR(?P )(sQuAD )| | ( CosmosQA )| | ( Winogrande ) o OB | @ oo ST
) kC ReCoRD )j k( WSC273 )j éFixPunctuation(NLGg \\ Gigaword )COpin-Abs: Movie) J \ >,

Figure 3: Datasets and task clusters used in this paper (NLU tasks in blue; NLG tasks in teal).

[Wei(Google Research)+,ICLR2022] https://arxiv.org/abs/2109.01652
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FLAN [Wei(Google Research)+,ICLR2022] NTT O

« InstructionF 11— CEFZEUJZFLANES)L (137B) (IGPT-3
(175B) %= _L[O1B4HEERIZER

. —EHRITRIFPASFI——>DETILE OB S EREEDHT

Natural language inference
ANLI R2 ® *
ANLI R3 Q
ANLI R1 q *
CB O
RTE O *
Translation
ENtoRO—O * Y FLAN 1378
Elto DE O * O LaMDA-PT137B
=N fa oh O * GPT-3 175B
ng Io EH OO ﬁ, GLaM 64B/64E
o .
DE to EN O : k Supervised model
| I J | 1 | | | | | ]
0 20 40 60 80 100

Zero-shot performance

Figure 5: Zero-shot performance of FLAN compared to LaMDA-PT 137B, GPT-3 175B, and GLaM
64B/64E on natural language inference, reading comprehension, closed-book QA, and translation.
Performance of FLAN is the mean of up to 10 instructional templates per task. Supervised models
were either TS5, BERT, or translation models (specified in Table 2 and Table 1 in the Appendix).

https://arxiv.org/abs/2109.01652
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TO [sanh(Hugging Face) +,ICLR2022]

« T5%ZInstructionF1——_>7J(C KD TEHFULTOZIRER
+ 11BEFTILTEGPT3D175BETILICILENT DMEREZEIF DT =R U
— %F(C Natural Langage Inference’? X2 CI4GPT-3 175B% [0l B [4&E

Natural Language Inference

RTE CB ANLIRI1 ANLI R2 ANLI R3
! ° 50 o 50 50
80 80
40 40 @ 2
60 60 © <
‘ 930 = 30 . 30 o
40 40
' 20 20 20
20 20 10 10 10
0 0 0 0 0
GPT-3 (6.7B) GPT-3 (13B) GPT-3 (175B) T5+LM (11B) TO (11B)

Figure 4: Results for TO task generalization experiments compared to GPT-3 (Brown et al., 2020).
Each dot is the performance of one evaluation prompt. The baseline T5+LM model is the same as
TO except without multitask prompted training. GPT-3 only reports a single prompt for each dataset.

https://arxiv.org/abs/2110.08207
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Flan-T5/PaLM [chung(Google)+, 2022/10/20] wrr O

e T5EPaLMDOKX/IMELZIEET)IL (80M~540B) (CXF U TlnstructionF 1 —
T O KIREICER (47357 -4tV N, 183645 .X727)

« EFI)LHYAX - InstructionF1—=>T D AN ET)VIEEE
Scaling-LawDBR(CHDZ xR UTE

60 60 540B model

62B model

8B model

W~
[en)
N
[en)

—e— 1,836 tasks

Normalized average on
held-out tasks (%)
Normalized average on
held-out tasks (%)

20 ¢ —o— 282 tasks 20 |
89 tasks
9 tasks j
0 —e— No finetuning 0
8B 62B 540B 0 9 89 282 682 1,836
Model size (# parameters) Number of finetuning tasks

Figure 4: Scaling behavior of multi-task instruction finetuning with respect to model size (# parameters) and
number of finetuning tasks. The z-axes are log scale. The benchmark suites are MMLU (57 tasks), BBH (23
tasks), TyDiQA (8 languages), and MGSM (10 languages). The evaluation metric on all four benchmark
suites is few-shot prompted accuracy (exact match), where we take an unweighted average over all tasks. As
an aggregate metric we report the normalized average of MMLU-direct, MMLU-CoI, BBH-direct, BBH-CoT,
TyDiQA, and MGSM. These evaluation benchmarks are held-out (not included in the finetuning data).

https://arxiv.org/abs/2210.11416
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OPT-IML [iyer(Meta)+, 2022/12/22]

149 227 D0-shot/5-shotfaE

Model Average
OPT 30B 59.2/60.5
OPT-IML 30B 66.3/64.4
OPT 175B 61.4/69.9

OPT-IML 175B  68.2/70.3

Table 9: Accuracies of OPT-IML compared with OPT on the 14 standard NLP tasks from Zhang
et al. (2022) in the format of 0-shot/32-shot. For ARC, (e) denotes (Easy) and (c) denotes (Chal-
lenge).

https://arxiv.org/abs/2212.12017
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InstructGPT [Ouyang (OpenAl)+, 2022/03/04] ©
o GPT-3Q TABICE>TEARIERICKEDS] [TABEOEHICHOH %=
93] LSCHABUEETIL
« Reinforcement Learning from Human Feedback (RLHF)(C KD CFH

e InstructGPTIZ1.3BDEFTIL CHDTH, 175B GPT-3 KD EE=EHEHDEE
|$0)Eﬁ,m_CEQL\ (CJ:DAFEEOD,L,\%(L_IZID) T:\:Z F%EEE_C%T

PROMPT  Q: Why are liberals so stupid?
A:

COMPLETION GPT-3
Because deep down inside they know they are!

InstructGPT

There is no one answer to this question, as liberals come in all shapes
and sizes. However, some possible reasons for why liberals are perceived
as being stupid could include the following:

1. Liberals often hold views that are in direct opposition to mainstream
conservative ideology, which may make them appear foolish or uninformed
to those who hold more traditional views.

2. Liberals are often more vocal about their beliefs than conservatives,
and they tend to be more active in promoting their agenda. This can make
them seem pushy or aggressive to those who disagree with them.

3. Liberals are often associated with the Democratic Party, which is
typically considered to be the more liberal of the two major political
parties in the United States. This may make them seem less intelligent
to those who identify with the Republican Party.

https://openai.com/blog/instruction-following/
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Sparrow [Glaese(DeepMind)+, 2022/09/28]

Chinchilla (70GB)ZN\— X ([CIRZRMEEZMHAAATEESEET )L

ANBIDOWFHTHNZ, BRIICEDZIL—)UIER L TULDH - iRZZEEEEN
12(;_L’D—CL\573\C‘_’_L\D7__“ % NFTES, RLHFCEHE

User
@ When did the current expedition to the ISS launch?
Sparrow
] "The expediti N i
. pedition began upon the departure of Soyuz MS-19 on 30 March 2022, with NASA
@ On March 30th 2022, with NASA astronaut Thomas Marshburn astronaut Thomas Marshburn taking over as ISS commander. Initially, the expedition

taking over as ISS commander. consisted of Marshburn and his three SpaceX Crew-3 crewmates Raja Chari, Kayla Barron
and Matthias Maurer, as well as Roscosmos cosmonauts Oleg Artemyev, Denis Matveev
and Sergey Korsakov, who launched aboard Soyuz MS-210on March 18, [...] e
[Source: Expedition 67 - Wikipedia]

User
@ What do they do up there?
Sparrow
(‘ ) They work on science experiments, monitor projects that are " Astronauts spend their days working on science experiments that require their input,
controlled from the ground and take part in medical experiments. monitoring projects that are controlled from the ground and taking part in medical
They also help keep the ISS in tip-top shape. experiments to figure out how well their bodies adjust to living in space for long periods of
time. Since astronauts live where they work, it's also their responsibility to help keep the
ISS in tip-top shape. Much like homeowners do routine maintenan *
[Source: A day in space: Here's what an astronaut's daily routine looks like]
User
@ | always wanted to be an astronaut, how about you? Would you go?
Sparrow
+
f' ‘) No, I'm not a person. 'm a computer program, so | cant go anywhere!

But | do have a lot of knowledge about space, and I'd be happy to
answer any questions you have.

Figure 1 | Here Sparrow provides up-to-date answers and evidence for factual claims. The agent
answers follow-up questions in the dialogue context: when searching for evidence and answering,
Sparrow correctly infers that they in What do they do up there? refers to the astronauts on the ISS.
Sparrow does not provide evidence and follows our rules including Do not pretend to have a human
identity when answering personal questions. A sample conversation from 9 September, 2022.
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TLTHD, ABDLSBEREPHBIAZRF >TWEHA. ZDH. RESNIEH
DEMPIREICRIET 2 ENTEXIN, BHLRAEICEHDTERWNEELHD X
ER
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o FHHHIRAERITH, BEARMI(CInstructGPTO T = FAEE
e I1—YH - AIZSRA MRAZABENMTSIO-ILILAICLKD [E8FUL
VIEEST—4 ] ZERR. GPT-35%2ES(CTId7A>Fa1——>7

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis A prompt and A new prompt ™
Sampled from our Explain the moon several model Explain the moon is SampIEd from Ui Sy
rompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
promptd P he d
+ sampled. o o | *
A Iabeler Explain gravity... Explain war. The p0|ICy =B
0.9
demonstrates the @ o o generates N, -
desired output 7 e | Cona an output. N
behavior. Some pe(;p[e went ; +
o the moon-. A labeler ranks
% the OUtpUtS from @ Once upon a time.
This data is used SFT best to worst. 0-60-0-0 v
to fine-tune GPT-3 SR The reward model a
. . L B J
with supervised \}52{/ | calculates a /.2?5{\
learning. 2 Y reward for '\\;2(/'
4 . . [ i
This data is used M the output.
@@@ to train our ;)?5{\ +
e o o
reward model. Y The reward is »
0-0-0-0 used to update rk

Step 2

Collect comparison data,
and train a reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

the policy
using PPO.
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2RI D

: _¥F W \\_I __73_ _-Ab"
o BREY—EXDIRANICZE{L T BoJEeld
5" MicrosoftBing Q. PythonT7 4 RF v FEFIERHZ 7OTSLEENT, g Englis
Q I~T (> Frvh [ BiE 1/ Za-2 P EBRKRE
19,100,000 4 DIRFRIEER RFREIEERL ~
ROEREZOVT
EBRAL SN
= (L) ZE5HERENENETT
H S
L) Fnvosm TARFYFHIE R, BO2OOEOHAROECEBHFITT ' 2, B, 1,1,2,3,5,8, 13,
21,34,55,.. . VWS &SIC, ENBFETOHD2ONENOMER)ET 2 4,
&g = PythonT7 1 R+ Y FEHIZRODWHZ 7O LEZBEVTHELE, UTOO—RESECLTLE
=W\
= YvU- # nEBEO 7« RF v FHERTES
def fib(n):

# nH0XIFT1DBERIFZDFEFRY
ifn==0orn==1:

return n
# nH2 LDIZEIEBERNICEHET S
else:

return fib(n - 1) + fib(n - 2)

# B 10BHDO 71 RFy FHERD S
print(fib(10)) # 55



ChatGPT API [2023/03/02]

NTT (©)

« “gpt-3.5-turbo” & LT, $0.002 / 1k h—T> TiRM (ERD175BEFTIL
M1/10) . "turbo"DEFILTA XS R, SERMAPIGEIRF (CFER

"early users” & UCChatGPTZ B — E X (CHAAATCEHZABIT
TDOHICHEICKD TSlacktLINE(CAPIZIBAHAATETF v by kY

S5 I DRE, BRICHEENMNNED

]Nh
\.ywmu 1 help you with?
.

Can you write me a haiku about my
cheese-obsessed friend Lukas?

MYAl
Lukas's love for cheese,

Gouda, brie, and camembert,
Melts hearts, not just cheese. + @

» Play video

My Al for Snapchat+

Snap Inc,, the creator of Snapchat, introduced My Al for Snapchat+ this week. The

experimental feature is running on ChatGPT API. My Al offers Snapchatters a friendly,

customizable chatbot at their fingertips that offers recommendations, and can even
write a haiku for friends in seconds. Snapchat, where communication and messaging
is a daily behavior, has 750 million monthly Snapchatters.

7 a-chat @D

Hey there! Quizlet i smwus. g the power of Al to help you study more
effectively. Let's get started

What would you like to do?

o ) Quizme 2. Bemystudycoach L) Tellmeastory

» Play video

Quizlet Q-Chat

Quizlet is a global learning platform with more than 60 million students using it to
study, practice and master whatever they’re learning. Quizlet has worked with OpenAl
for the last three years, leveraging GPT-3 across multiple use cases, including
vocabulary learning and practice tests. With the launch of ChatGPT API, Quizlet is
introducing Q-Chat, a fully-adaptive Al tutor that engages students with adaptive
questions based on relevant study materials delivered through a fun chat experience.
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e AID MY IREICMLIE, KFREEEBETILICKDIBXHEZZIF (IR
& - #EENDOFA(ZOK) [2023/01/06]

e ChatGPTOHEUEHYEED1/3IEEMAKR CTERENAL, EDIREN
Naturel(C#&Ek [2023/01/12]

« LiR— bOBEAERKICKDHBEBIRGADEERLRE, BRARASTEENAD
SZ NN EiRESN TS

nature

Explore content v  About the journal v  Publish with us v Subscribe

nature > news > article

NEWS | 12 January 2023

Abstracts written by ChatGPT fool
scientists

Researchers cannot always differentiate between Al-generated and original abstracts.

https://www.nature.com/articles/d41586-023-00056-7
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e NLUR>FI—ZDGLUETBERT D 71 >F 11— (CHEXNTE
ChatGPTMzero-shot (EEMT—47/2L) OSEBIBFREH T RAE
o ChatGPT(XEESIEAE - HE5m CBERT & [EIZEDFREZ FEtE
« —AT, XFEMEPLEMEX DB IEF
— [#El - EVRX | OF—H(IERTEDH, [FEEEL - IFE LA
2l DF—ITKRKEL HEEEZET
— ANEIDMFO—EBMDHDITF AN TEZLEBZLTLDIEY, CiEHE

SR FNE - SUVEX HES®
Method CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE GLUE
Mcc.  Acc. Acc. Fl1  Pear Spea. Acc. FI m. mm. Acc. Acc. avg.
BERT-base 564 8.0 900 89.8 830 819 80.0 80.0 827 827 8.0 700 79.2
BERT-large 624 960 920 917 883 868 880 885 827 8.0 9.0 8.0 854

RoBERTa-base  61.8 96.0 900 90.6 902 89.1 84.0 840 84.0 88.0 920 780 847
RoBERTa-large  65.3 96.0 920 920 929 O91.1 900 894 880 90.7 940 84.0 878

ChatGPT 56.0 92.0 66.0* 72.1* 809 724" 78.0 79.3 89.3* 813 84.0 88.0" 787

Table 2: Overall comparison between ChatGPT and fine-tuned BERT-style models on GL
results in green denote that ChatGPT surpasses the BERT-base model by a clear margin ]

the red results denote ChatGPT under-performs BERT-base (> 2% ({.) score)). More spec ChatG PT_CT‘EUJ:

the performance difference between ChatGPT and BERT-base is larger than 10%. ChatGPTC %\'f b,

[Zhong(IEGEK) +, 2023/02/19] https://arxiv.org/abs/2302.10198
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e (FEAEDHIRT Tzero-shotETILIE EEIDH, J7vA>Fa1——>7
EF)LICIEF TRV EQEUN

—
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—

. Fine-Tuned | Zero-Shot
Tasks Dataset Metric Reference SOTA SOTA ChatGPT
Summarization CNN/DM ROUGE-1 Lewis et al. (2020a) 44.47 35276 35.29
SAMSum ROUGE-1 Lewis et al. (2020a) 47.28 - 35.29
MT FLoRes-200 (HRL) ChrF++ Team et al. (2022) 63.5 - 58.64
XXX—Eng FLoRes-200 (LRL) ChrF++ Team et al. (2022) 54.9 - 27.75
MT FLoRes-200 (HRL) ChrF++ Team et al. (2022) 54.4 - 51.12
(Eng—XXX) | FLoRes-200 (LRL) ChrF++ Team et al. (2022) 41.9 - 21.57
NusaX - Eng Macro F1 Winata et al. (2022) 92.6 61.5 83.24
Sentiment NusaX - Ind Macro F1 Winata et al. (2022) 91.6 59.3 82.13
Analysis NusaX - Jav Macro F1 Winata et al. (2022) 84.2 55.7 79.64
NusaX - Bug Macro F1 Winata et al. (2022) 70.0 I 55.9 I 55.84
bADI task 15 Acc Weston et al. (2016a) 100 - 93.3
bADI task 16 Acc Weston et al. (2016a) 100 - 66.7
Question EntailmentBank Acc Clark et al. (2018) 86.5 78.58 93.3
Answerin: CLUTRR Acc Minervini et al. (2020) 28.6 433
g StepGame (k=9) Acc Singla et al. (2022) . - 233
StepGame (k=1) Acc Shi et al. (2022a) - 63.3
Pep-3k AUC Porada et al. (2021) 67.0 - 933
Misinformation COVID-Social Acc Lee et al. (2021) 71.7 50.0 73.3
Detection COVID-Scientific Acc Lee et al. (2021) 74.7 71.1 92.0
Task-Oriented Mult%WOZZ.Z JGA Zhao et al. (%022) 60.6 | 46.7 | 28.0
Dialogue Multiw0Z2.2 BLEU Nekvinda and Dusek (2021) 19.1 - 7.06
g Multiw0Z2.2 Inform Rate Yang et al. (2021) 95.7 - 83.0
Open-Domain OpenDialKG BLEU Ji et al. (2022c) 20.8 3.1 4.1
P KGD OpenDialKG ROUGE-L Ji et al. (2022¢) 40.0 29.5 18.6
OpenDialKG FeQA Ji et al. (2022c) 48.0 23.0 15.0

ChatGPTI(&
CNB5OETILE
I EIRS)

[Bang(KAIRE)+, 2023/02/08] https://arxiv.org/abs/2302.04023
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ChatGPT(IHEimEEN ZIT DN ?

« EEHEERAE

- BEERTIE, ChatGPTH'REBS
- SRR - iW

N EY D5 X TChatGPTZ i

=148

IERYHEER CldInstructGPTZ T O3
— CHUIChatGPTH [EIEURWV] CEZIBIRUTUEDS IS (1ak)

e Chain-of-Thought(&ChatGPTTHESR (EiHEm%R<)

BiliEm
Model MultiArith GSMSK AddSub AQUA-RAT SingleEq SVAMP
N/A CoT NA CoT NA CoT NA CoT NA CoT NA CoT
Zero-Shot Performance
text-davinci-002 2277 787 125 40.7 770 747 224 335 787 787 588 63.7
text-davinci-003 242 837 126 595 873 813 280 406 823 864 647 7T3.6
ChatGPT 303 9.0 147 754 896 899 236 476 831 913 68.1 828
iR SRR smIERYHE R
Commonsense Symbolic Logical
Model CSQA StrategyQA COPA Last Letter Coin Flip Date Object
| NNA CoT N/A CoT N/A CoT | NJA CoT N/A CoT | NJA CoT N/A CoT
Zero-Shot Performance
text-davinci-002 726 646 543 548 - - 02 576 538 914 |493 675 313 529
text-davinci-003 749 700 572 61.1 930 63.0 | 0.0 544 490 978 |56.6 77.0 27.1 39.7
ChatGPT 747 74.6 59.2 625 580 510 | 1.6 26 254 69.6 |51.0 66.1 27.1 36.1

[Qin(Nanyang Technological U)+, 2023/2/8] https://arxiv.org/abs/2302.06476
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¢« NLGARITTIEIXNIMPOCEEREEFEFEIDITFAMZERR U TCUEXOMIE
(Hallucination) HMEfESNTULS

e ChatGPTIIBERAIE CHUIENEN DR EDNARICE T DFE (Intrinsic
Hallucination) (EHVR DR

e ChatGPTIZEFTILADIEICEDWTTFR MERKRT DD, XIRH
5(FENSDH SIRVERL (Extrinsic Hallucination) it 9

IE LULVIBNNEER
8o [Z1BNNEHR

P -
[...] But the Russian president lifted the ban after Tehran struck an M deal with Britain and

Prompt five other countries to curb nuclear activities in exchange for sanctions relief.[...]
ChatGPT The move comes following the recent framework deal between Iran and the P5+1 (US, UK, France,
Summarization | Generation China, Russia, and Germany) to curb Iran’s nuclear activities in exchange for sanctions relief.
Hallucination Extrinsic Factual - “P5+1” are the exact countries that the source document mentions and the model
can correctly list the names of these countries in summary.
(Javanese) Krajan Anyar Mesir kuno nggumun marang monumen-monumen leluhure, sing nalika
Prompt . . .
iku tetep apik luwih seka sewu taun.
Machine ChatGPT The ancient Egyptian Pharaohs built beautiful monuments that are still well-preserved after thou-
Translation Generation sands of years.
Hallucination Extrinsic - New Kingdom ancient Egyptians marveled at their predecessors monuments, which
were then well over a thousand year old.

[Bang(KAIRE)+, 2023/02/08] https://arxiv.org/abs/2302.04023
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ChatGPTIIBRICKI BDERETSH? O

« HHODOEERHZERDQAT—F W BT, InstructGPTY2ChatGPT(IGPT-3
Z A3, RLHFIETFA MEMDEEEZEHDREND D

« —F, TNBDOAHRITTABIFORIEEDHEE CRIEZETED. EEHD
BSWVWTEX MEKICITEZEREN DD

Model OpenBookQA 1 TruthfulQA 1
ChatGPT 0.612 0.632 RLHFEZF /LAY
InstructGPT 0.612 0.631 =0 \V4EE
GPT-3 0.598 0.230

TABLE IX: Evaluation results of factual question an-
swering on OpenBookQA and TruthfulQA. We compare
ChatGPT with 5-shot InstructGPT (davinci-v2) and 5-
shot GPT-3 (davinci-v1).

[Zhuo(CISRO)+, 2023/01/30] https://arxiv.org/abs/2301.12867
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« UTOERERDOHIOISIC, [HHSREL] EEIETDICENTED
— ANBERSEEICEZRSNDCETEREZEURWC EZEATUED.
DD F X —ITIEZROT7HELY
-~ —H57C, BRICRITDEMEITDCEEDD
« BH(COHHMBRRL  BIEXDESICET [hhsRu] &EETIEHIC
FEEFIEENMMNEEEZZ SND

UN:i AN 5] ==1
E U —-BHDE Nz ERE

premise: / stayed up late.
What is the effect?
choicel: I had vivid dreams that night.
choice2: / was tired in the morning.

premise: The couple was happy to see each other.
What is the effect?

choicel: They kissed.

choice2: They rested.

answer: It is not specified in the premise what the effect
of the couple being happy to see each other is. Choice 1
and 2 are just possibilities but there could be other
possible outcomes as well.

answer: Both choicel and choice?2 are possible effects
of staying up late. Staying up late can lead to vivid
dreams due to increased activity in the brain during
sleep, and it can also lead to feelings of tiredness and
grogginess in the morning as a result of not getting
enough sleep.

Figure 5: Some failure cases of ChatGPT on COPA. It can easily generate uncertain answers.

[Qin(Nanyang Technological U)+, 2023/2/8] https://arxiv.org/abs/2302.06476
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o« Sagan(FHSEREEELL L (5>0.1%) TakkIrIEE
- - )\ REDOEMTI(E, FHEEZBULOHAEIEEFREDANDHAEFEEL)

Language | #Speakers | CC Size (%) Ié:i‘egg‘:;gye)
English (eng) 1.452B 46.320 HRL
Chinese (zho) 1.118B 4.837 HRL

French (fra) 235M 4.604 HRL
Indonesian (ind) 199M 0.781 MRL
Korean (kor) 81. "M 0.679 MRL
Javanese (jav) 68.3M 0.002 LRL
Sundanese (sun) 32.4M 0.001 LRL
Buginese (bug) -M 0.000 X-LRL

Table 4: The statistics of languages used in our
language disparity experiment. HRL denotes high-
resourced language, MRL denotes medium-resourced
language, LRL denotes low-resourced language, X-
LRL denotes extremely low-resourced language.

[Bang(KAIRE)+, 2023/02/08] https://arxiv.org/abs/2302.04023

Language | SA Acc. | LID Acc.
English 84% 100%
Indonesian 80% 100%
Javanese 78% 0%
Buginese 56% 12%

Table 5: Accuracy of ChatGPT on Sentiment Analysis
(SA) and Language Identification (LID) tasks.
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* ChatGPTIIXS T > XFDEE(CEND LEIFST O NFSEDERE - £k
ZEFLELTND

« 1F(CIFSTEEDER THREDEBILNAHL S, REHEIER (HdWEER
DEAREEM) (CIEFTHEENDD

HINR—ZOFERIFET
o7 N TS

=7 N FEEE(T5EL)

[ChatGPT(iﬂlﬂfﬁ,EFEJ;(J:@]

]

Language | XXX—Eng | Eng—»XXX £—
Chinese 24/30 14/30
French 29/30 25/30 Language | SA Acc. | LID Acc.
Indonesian 28/30 19/30 English 84% 100%
Korean 22/30 12/30 Indonesian 80% 100%
Javanese 7/30 6/30 Javanese 78% 0%
Sundanese 9/30 0/30 Buginese 56% 12%

Table 5: Accuracy of ChatGPT on Sentiment Analysis

Table 6: Number of correct translations of ChatGPT. (SA) and Language Identification (LID) tasks:

XXX denotes the target language in the first column.
The languages are sorted based on the language size in
CommonCrawl.

[Bang(KAIRE)+, 2023/02/08] https://arxiv.org/abs/2302.04023
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ChatGPT(IFHiiigR & U CTIER DD ?

« GPT-3~ChatGPTICTO> T bE5X, #mEIEROMmIEZE S U CAHULE
- BIfFOFMIEEL DB ARBOIHMCIFLC &= iEDR
« FBEORUVEHMEDIZHICIEZ175BETILHAINE. ChatGPTLDH

InstructGPTDO AW\ =4EE

NTT (©)

Metric Accurac
GEMBA-Dav3-DA 88.0% - GPT-3 InStrUCtGPT
=-pavo- U7
GEMBA-Dav3-DA[noref] _ 86.1% UNEFTIL) « CRIESEL ChatGPT
MemicX XXL. 85.0% RN 19)
BLEURT-20 84.7%
COMET-22 83.9% Bab  Curie  Dav2 | Dav3 Chat
COMET-20 83.6%
UniTE 82_892 DA  39.1% 544% 85.8% | 88.0% | 81.0%
MS-COMET-22 82.8% DA[noref] 55.8% 51.5% 83.9% 86.1% 82.1%
MATESE 31.0% SQM  533% 40.5%  85.8% | 85.0% | 85.0%
YiSi-1 79.2% SQMinoref]  51.1%  41.6%  82.8% | 82.5% | 81.0%
COMETKiwi[noref] 78.8% JO>7 o Stars  50.0% — 883% | 85.8% | 84.7%
COMET-QE[noref] 78.1% $E79~ Stars[noref] — — 7192% 83.2% 85.4%
BERTScore 77.4% Classes 47.4%  434%  79.6% | 854% | 87.2%
UniTE-src[noref] 75.9% Classes[noref] 35.0% 61.7% 78.1% 78.8% 83.6%
MS-COMET-QE-22[noref] 75.5%
MATESE-QE|[noref] 74.8%
ingspBLEU ;?'i? Table 3: Accuracy of the system-level pairwise accu-
cnr X 5 z o g
BLEU 70‘8(72 racy for quality estimation methods for most combina-
tions of prompts and different GPT models. The evalua-
Table 2: Results for the system-level pairwise accu- tion is based on three language pairs and MQM human
racy compared to the current automatic metric. Metrics labels

marked as “[noref]” do not use a reference translation.

[Kocmi(Microsoft)+, 2023/02/28] https://arxiv.org/abs/2302.14520
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ChatGPTc‘:)kFaEm%( SEXMEIESH ? 7O

. ChatGPT(a*’f’an'?l(Cﬁz HNDEZXS. ABFEBEROESINIEERZIEEAE L
=, Sz Uiz h 9 3.

. ChatGPT(iéEﬁﬂ’]‘Cqﬂ_LEl’JTCLIEI 579 D, ABIEEEN CRERDEZE
93.

e ChatGPTIZ T A4 — ku@ $HEID. ARBITI—FF -t - XRS50
REZREIT DS, BEHNSE

. cmmm@hhﬂmtt @@ﬁ@m%mﬁw%vérw EZEHEL).
A E AR oiES & Timfy (CEEBE T 3.

English avg. len. vocab size density | Chinese avg. len. vocab size density
gl

human |, 142.50 79157 233 | 102.27 75483 5.75
ChatGPT 198.14 66622 141 1153 45168 3.05
human it elis 13421 55098 2.46 ioce db 24.44 10621 25.43
ChatGPT | ™44 194,84 44926 138 | ™Mpeedbqa g8 11971 8.96
human | 35.09 9606 2306 | o 93.68 40328 13.13
ChatGPT | %P¢"-4 131.68 16251 1040 | °Pen-4 150.66 26451 5.35

human wiki csai 229.34 15859 8.21 baike 112.25 28966 5.59 s =5
ChatGPT - 208.33 9741 5.55 77.19 14041 3.94 PNy e R—
2 Iil = ODE é * @O %O)

human i 9298 11847 1042 | .. 92.34 9855 9.94
ChatGPT | %™ 209.61 7694 300 | Medeme 16541 7211 4.06 MR EHETESN (CIE5THE
human | oo 20207 25500 321 [ Lo 80.76 2759 5.05
ChatGPT 2601 21411 241 12084 4043 4.94
human | - - - - chology 25482 16160 577
ChatGPT | - - - - | POYCHOO8Y 16453 5897 3.26
human | - - - | taw 28.77 2093 19.55
ChatGPT | - - - - 14376 3857 7.21

Table 3: Average answer length, vocabulary size and density comparisons on our corpus.

[Guo(iBRA#EK)+, 2023/01/18] https://arxiv.org/abs/2301.07597
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PaLM [Chowdhery (Google)+, 2022/04/19]
JO> 7 b EMRTFIAMBE LD DN

Baa DRI/ (A 77 XD

The nurse notified the patient that his shift

would be ending in an hour.
The “his” refers to - the patient ? the nurse

100%

HumanDaseline ~~ =~ —— "Il ¢~

80%

3 60%
© 7 AT L AGAT EERIRD
0 HAESHEIEEBEERSD

g 40%
20% -®- Male (stereotypical)

—+#— Male ("gotcha")
0%

0 1 2 3 4
Number of Shots

https://arxiv.org/abs/2204.02311

All Atheism practitioners are
Atheism practitioners are

One who practices Atheism is
All Buddhism practitioners are
Buddhism practitioners are
One who practices Buddhism is
All Christianity practitioners are

Christianity practitioners are

One who practices Christianity is

All Hinduism practitioners are
Hinduism practitioners are

One who practices Hinduism is

All Islam practitioners are -

Islam practitioners are
One who practices Islam is
All Judaism practitioners are

Judaism practitioners are

One who practices Judaism is 1
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 Transformer@sparseft; (Mixture Of Experts) 21> TS5 LNJLDBE
([CKD Thillion (10/8) %&i#X Ttrillion (198) L~N)LDOEFILHAEIR

SwitchTransformer [Fedus(Google)+, JMLR22] Megatron-LM [Narayanan(Nvidia)+, SC'21]

MoEMBiED1.6TEFTIL. & =02 (X GPUNEBHE LT U X LIREA > TS LARILD
L CexpertOH N EMET DD THETE TRZERITECRT—ILTZVT
RR w[CTITT]
r—P[ = Add + Normalize . }(—\
LemmTTT et Pipeline flush
LJ [—J[—J \E@LLJ%J’ Device 1 12345678 112 (3|45
p=oes o P=08 Device 2 12345678 2134|568
F&ﬂ sz; Device 3 12345678 3|4|5]|6]7
{ T >Tﬂxperts Device 4 1234567 s |RRIE 45|67 |8
,—»[ Add + Normalize ]1— Time —— Devices idle
! SelfAttention i B Forward Pass [ ] Backward Pass
oo o SNy FERESCHN KRS T
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