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Exploiting Asymmetry for Synthetic Training Data Generation: SynthiE
and the Case of Information Extraction

_——

Martin Josifoski, Marija Sakota, Maxime Peyrard, Robert West EPFL
{martin.josifoski, marija.sakota, maxime.peyrard, robert.west}@epfl.ch

Inverse task,
Input [c"'\‘[\‘iﬂ’for ,__L/ Structured outpul,

e.q., (subject, relation, object)

Task of interest, hard
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Exploiting Asymmetry for Synthetic Training Data Generation: SynthiE
and the Case of Information Extraction

Hik

- NHEESRAORNRENEHITRE, FLIXRDHERNS (BRKER

)

- {FRXKIER (GPT-3.5) HTSLA=c A~ FHERL, & prompti#tiT
zero-shota &R fitfew-samples, ATIFENAERRE

Filter subset of

Sample n (1.8M)

For each: generate a text (Y)

Wikidata Graph triplet sets (X)
"Armin" 1is a
Armin:Q4793505 . y film set in
Ry L ) :
b \acatil & or Piy @ FW'S!?O\ C roa t 1a a nd
(@) =Y O scresndriter:P38 - OpenAI prompting d] rec ted b
CroatiaiQ224OF1’1m:Qll424 code-davinci-002| 0 : y
: njen
Ognjen_Svili€ic:Q11796692 S g.l .]\, e
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Exploiting Asymmetry for Synthetic Training Data Generation: SynthiE
and the Case of Information Extraction

BR (HERKEL

- WHEEBLUESREBEL (FEHE)
* PSR T 3B RISRAIERER,

EAYERSS )

N

BATRIREEITN

Precision

Micro
Recall

Macro

FI | Recall

REBEL

29351777 56.05 1040 39.87 2762 | 24.20 =620

SynthIE-text  84.78 +5.30

SynthlE-code 57.40 +1028 70.38 783 65.08 £7.35
78.45 +320 82.97 +553

50.70 =9.10
72.14 +873

Table 2: SDG quality (human evaluation) results.

triplets

rebel text

text-davinei-003

code-davinci-002

(Umted States; contains ad-
ministrative territorial entity;
Wisconsin), (Wisconsin; lo-
cated in the administrative ter-
ritorial entity; United States)

This genus contains six species that
are distributed across the Eastern
continental United States as far west
as Oklahoma and Wisconsin.

The United States contains the ad-
ministrative territorial entity of Wis-
consin, which is located within the
United States.

Wisconsin is a state in the United
States.
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CODEIE: Large Code Generation Models are Better Few-Shot
Information Extractors

S T

......................................................

— §Steven Paul Jobs was | - ;:Lnduétria]: desi-éner;m."g
L) S | FreTtraif land CEO of Apple; |
. KHEE (decoderonly) BN | ) | &
iThe input text is "_.“.E Inferenc; {persar}: ]
BIEBRIATLE (S The SREIEISE o Llorgenizetion: )

ZK) I:Flfﬂj\;mu—lt_/l\to ken ﬁ'ﬁ{%,% (a) Performing NER with NL-LLMs

1 N

HIEN(ESS R ERSIA— ISR, T Pposme T,
FFEGAP MR | e RG]
l T
finput_text = v 1 777 fencicy lisc.append(.) |
jentity list = [] | [pference fenticy list.append(.) ;
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CODEIE: Large Code Generation Models are Better Few-Shot

Hi&

Information Extractors

* RpromptikiF ARIBERRMEIV (VR iFE. RER. TERHR

AIBEMGIT(ESS)

!EEI
"Steve became CEO of Apple in 199%3"

RE |

.. "work for"™ ____

"Steve": "person" "mpple": "organization™

: . . . Code Prompt ™.
idef relation extraction (input_ text): 3 "

""" extract the relations of named entities from the input text. """

input_text = "Steve became CEO of Apple in 199%8"
entity relation list = []
# extacted relations

--------------------------------------------------------------------------------------------------------------------------------------------------------------------------

entity relation_ list.append({"rel type": "work for", \ Prediction

"entl typs": "person", "entl text": "Steve", \
"ent2 typs": "organization", "ent2 text": "Apple"})

(b) Converting RE into code generation task




& A5 1 - $a h S 2 S Tl 85— X

R

A I:I
« JOIE T ap R SEANRABIFIR R AEUESS ERER (U JREEINES)
EGPT-3Ff1CodeX_EHyfew-shot{FEZISEEREIRFH
_— Prompt Entity Relation i
Type CoNLLO03 ACE04 ACEO5-E CoNLL04 ACEO5-R NYT SciERC
Full Data
Pre. SoTA - 93.21 86.84 84.74 73.60 65.60 92.70 35.60 76.04
UIE-large text 9299 86.89 85.78 75.00 66.06 - 36.53 -
Few Shot
#shot (#sample) 5(25) 2(16) 2(16) 5 (25) 2(14) 1(24) 2 (16)
T5-base text  33.6842917 72541200 90941574 145641387  0.004000 5.594968 0.004000 10.02
UIE-base text 70374054 44314161 39714091 45.6341 50 8.6941 41 - 5.6940.49 -
T5-large text 53.08-1_7.71 24.67+5_26 24.31+4_74 10-03+8.75 1.41+0_74 15-29+8.76 0.25-}-0.43 18.43
U lE-large text 70.62»_1;3_22 45.08;}_3_(53 43.03;};2_25 47.68;{_2_29 9-59_1;4.89 = 7.3012_()] =
GPT-3 text 68.84_U 29 45.51 +0.23 48.93 +0.49 39.67 +2.44 o | 3i 1.24 16-07;{;4.67 4.39&0_93 32.65
GPT-3 code 81 .00:1:1,49 53.44;;;1,44 52.98;};1,53 51 -33i1.34 12-33:h2.06 24 .81 +1.90 4-67:t0.67 40.08
Codex text 72.66-1-0.56 49.58-{-1.37 49.55+1,14 47.30-}-2.25 10.08-{72.06 24.63+6_74 5-40+2.65 37.03
Codex code 82.32i0.37 55.295:0.37 54.825:2.09 53.10:;:2.02 14.02:}:3'27 32.17:{: 1.46 7.74:t 1.54 42.78
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Generative Agents: Interactive Simulacra of Human Behavior
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' . Arriving at school

{Abigail]® Rey Xlaus,
I Join you for coffee?

anything new about the
upooning mayoral election?
[Tom] | Ko, not zeally. Do you
keow who is running?
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Generative Agents: Interactive Simulacra of Human Behavior
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Beginning workday
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Generative Agents: Interactive Simulacra of Human Behavior
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Generative Agents: Interactive Simulacra of Human Behavior

AMAEIFRFATIZ )
£983-% (John Lin) ENINTHFBRN—EEEET, thER
BAFIA, (E—EESRIE RSN L, 4
84k (John Lin) SHETFIEMR (KSD) FMILFLHEM
- BPagentB—BEEMHTE (Eddy Lin) F7E—i2, {HE—EXISREONSE. 4
AHGF T, S IERSMIORA; A8k (John Lin) IARMEEEAE XN

Fi-EE/R (Sam Moore) FiERFH-EE/R (Jennifer Moore)
e AR oI GR1E
RFATE N EAEE ELHF/LET; 984 (John Lin) INAFEE-EE/R (Sam

nE

SHITHRATHER (BpE— Moore) B— 1 ER. ERMIA; 48 (John Lin) RTHE
ANEH RIS R| SIRES HBEILABRESF (Yuriko Yamamoto) . £953-%k (John Lin)
~rAEh) INREROSREEIBHALZ=4) (Tamara Taylor) F0-=[J-B/R&EHR

(Carmen Ortiz), {BZBINARIEME(]; John Lin 1 Tom

Moreno 2 The Willows Market and Pharmacy fI[EZE;

John Lin #1 Tom Moreno 2%k, EX—EITISMER; £

gk (John Lin) WMEBE—FRRTHE—/ KB ESE
(Tom Moreno) FIZEF&-E&EiE (Jane Moreno)
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Generative Agents: Interactive Simulacra of Human Behavior
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Ghost in the Minecraft: Generally Capable Agents for Open-World
Enviroments via Large Language Models with Text-based Knowledge
and Memory

(=1h1y

- BHF— D FE, ATLERIAMRHITIRR. SRR, W&, S
RS

. 3@1’6?12 EI’J Exl: leEﬁJSZ” PRE (WBEKEEA. SRREESS) [ KA

)"J\ o
/4 RL-based method \
= ~ Q keyboard & mouse
goal }
7 observatlon
\_ RL Agent Environment /
/‘ Ghost In the Minecraft (GITM) \

action list keyboard & mouse

0 é/—\ ey
craft fsmelt LLM Interface
ﬁ N, Mk,

LLM
goal } Decomposer

feedback (_dig down |  pservation -

\ sub-goal tree LLM Planner structured actions Environment /
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Ghost in the Minecraft: Generally Capable Agents for Open-World
Enviroments via Large Language Models with Text-based Knowledge
. and Memory
Gk

. SEIRHIR: ARERIASEITIGISHIBET, MWL T Minecraftiy =21
B, ATiSHH—EATS MRS, Sexk-p R R A

. EFAKEEMH TR, EAA TR — s, SR SRS
=12

Ghost In the Minecraft (GITM)

( sonlt (e yboard & mowss
| um N e R
goal l Decomposer %iéj?;gww

‘ feedback observation

sub-goal tree LLM Planner structured actions Environment
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Ghost in the Minecraft: Generally Capable Agents for Open-World
Enviroments via Large Language Models with Text-based Knowledge
and Memory

BR

- REIRER T AR R EEYImAVE AR, ZRIRITSIAN30%

L T EZER TP TEF IR R —EEMES —reiPAr. KHE. 4588
i (BaftiRE) F

(a) Shelter with Farmland (b) Iron Golem (c) Redstone Circuit (d) Nether Portal
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Ghost in the Minecraft: Generally Capable Agents for Open-World
Enviroments via Large Language Models with Text-based Knowledge
and Memory
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Is Information Extraction Solved by ChatGPT? An Analysis of
Performance, Evaluation Criteria, Robustness and Errors

e
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Zero-Shot Information Extraction via Chatting with ChatGPT

e

Bk

- FRERTUHEN: (SSUBERETSIE)

- 1. RIBESMIERIARR, ERKERBHARAISR, SHEEF
- 2. RIBARESHLR, SHREHTZHRQA, BLENESE
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Zero-Shot Information Extraction via Chatting with ChatGPT

sentence: (A& EH BIL) £1990F A b7 Lkal & B A
CAA, BRRAXRMF, #E | BEHFLE

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

== [ > U > (Adh, HE
NER RE EE > (Person, Location)
~

I 5w 698 F #: “sentence"\n\ne & LA/ K F/FHEAT) £ .
AN FH, TREOS TR ERA/ X F/ FHAER? .

[..]n\nfe J : @

(Lwew i), F5%)

(Release-Time, Director)

The given sentence is: "sentext" \n\n given the list of entity/relation/event types:
[...] \n\nWhat entity/relation/event types might be included in this sentence? ...

s "~-:::> ( /v' S ‘ﬁ- ;"J—_}:_Bk)
(Product Behavior-Release)

fABSE 0T 8, BAKRRH XA,
A (BRAER, BH) B EHE
£ALweE R, bk dzs Ra

(AN B, 19905F)
(My Love Diary, 1990)

>® =

According to the given sentence, the type of twa entities
are (Film-TV-works, Date) and the relation between
them is Release-Time, please find the two entities.

[-iiéﬁt-t-kaim‘,éfu;#u&.ii? ] :b@ =

Where is My Love Diary refeased? ...

L 3
Beifing

relation: Latid ), subject: £ 49 & B B 42, subject_type: ¥} #L.4F &, object: <1990,
4L %>, object_type: < F 8, Hr 4>

relation: Release-Time, subject: My Love Diary, subject_type: Film-TV-works, object:
<1990, Beijing>, object_type: <Date, Location>

next

R AR T F R AH| s s (XERX, %3, 324D
e Y " (Wu Tiange, Su Jin, Sun Sihan)
Piease identify the entities of type
“Person’ in the given sentence...

At (AR, FHH, TR next

Person: (Wu Tionge, Su Jin, Sun Sihan)

iR H e o) T b LM E AR, = o (1990, £, &6y iF#i0)
Loy, Lakgal)d 8 LA R v (1990, NONE, My Love Diary)

Please identify the corresponding contents to the role of the orgument in
the given sentence as (time, release-party, released-film-and-television)...

next

Z iy k- ke {618 1990F, Emgd A, EmEA: KR A2

PBR: {time: 1980, release-porty: NONE, released-film-and-televison: My Love Diory)
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Zero-Shot Information Extraction via Chatting with ChatGPT

R
FENASEIMEARFIERSOTA, FILAFHChatGPT{X FHzero-shotFifELLE

BINFRGERIEXRER (7))

RE NER EE
DulE2.0 NYTI1-HRL MSRA ollnpp DuEE1.0 ACEO05
P R Fl1 P R Fl P R Fl1 P R P R Fl P R Fl
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 0.0
fs-10 165 01 02 00 00 00 600 309 406 249 1854 438 21 07 10 00 00 0.0
fs-20 414 04 08 34 27 05 634 448 525 248 1936 441 17 08 1.1 46 01 02
fs-50 4577 25 47 117 19 33 716 624 66.6 4194 1155 893 32 85 46 67 16 26
fs-100 508 7.2 120 348 6.2 106 3813 76,1 78.6 5026 2497 3289 87 120 10.1 80 49 6.0
full-shot 68.9 722 70.5 479 55.1 513 9633 9563 9598 94.18 94.61 9439 509 428 465 453 543 494

FCM S .. 432 294 350 - : ; - - -
MuliR - - - 328 306 317 - . - - . - - ..o

single 17.8 7.7 107 108 57 74 563 573 568 614 430 506 617 775 687 182 239 20.7
ChatlE 74.6 67.5 709 30.6 484 375 584 570 57.7 623 550 584 665 785 720 253 355 295
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BFHIRM~m(autoGPT, ¥, iE3HEBSF)

Tree of thought (https://arxiv.org/abs/2305.10601)
ZHAEESENERIEEAES (Stitchable Neural Networks)
EWE (B, EZES)



https://arxiv.org/abs/2305.10601

Mg (RiABER)

Did ChatGPT cheat on your test?
https://hitz-zentroa.github.io/Im-contamination/

RE NER EE
DulE2.0 NYTI1-HRL MSRA ollnpp DuEE1.0 ACEO05
P R Fl P R Fl P R F1 P R P R Fl P R Fl

Model Train split Dev split Test split Guidelines
ChatGPT CoNLLO3

ChatGP1 ACEOS Susaatious Suegiiediins [ Snticions | —
ChatGPT OntoNotes =4 B3

ChatGP1 SQuAD m

ChatGPT MNLI [ /A ]

ChatGP1 QuAl Surpnaun 3

ChatGPT Natural Questions [ 1/a ]

ChatGPT BoolQ m

ChatGPT GSMBK [ Chwan |

ChatGPT ToTTo ——

IR AT S E T
LA

NG HBIChatGPTRIRT £ R EUEE TR
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CURSE OF RECURSION:
TRAINING ON GENERATED DATA MAKES MODELS FORGET

-

- Eig PEREUEN D MARREIEEHEERN, BEEMEEDHAZRIER TME
SRR GZ e SEIRE IR

Real Data Model Generated Data

Datal —;‘ wodel 0 |- Datal ._> s Datel! ={ model »

/ f ™ 0

Data = Da‘ta1 R e RS Datan

At Sample

o) O - =

Time,l}ne, 0..n
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CURSE OF RECURSION:
TRAINING ON GENERATED DATA MAKES MODELS FORGET

- SREEETHXE: FEFEIPHRERETERENRD T, REEERD
IBEEFRIREENST, BREHESERERAHEIH
- MASSEREEHERINIIZIER (FXREFS)

Example of text outputs of an OPT-125m model affected by Model Collapse— models degrade over generations,

where each new generation is trained on data produced by the previous generation.

Input: some started before 1360 — was typically accomplished by a master mason and a small team of
itinerant masons, supplemented by local parish labourers, according to Poyntz Wright. But other
authors reject this model, suggesting instead that leading architects designed the parish church towers
based on early examples of Perpendicular

Outputs:

Gen 0: Revival architecture such as St. John’s Cathedral in London. The earliest surviving example of
Perpendicular Revival architecture is found in the 18th @-@ century Church of Our Lady of Guernsey,
which dates from the late 19th century. There are two types of perpendicular churches : those

Gen 9: architecture. In addition to being home to some of the world’s largest populations of black @-@ tailed
jackrabbits, white @-@ tailed jackrabbits, blue @-@ tailed jackrabbits, red @-@ tailed jackrabbits,
yellow @-
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CURSE OF RECURSION:
TRAINING ON GENERATED DATA MAKES MODELS FORGET

Probable events are over-estimated
Improl:able events are under-estimoted

Finite Som«plmg / \ Approx-mocte P’t‘tmg

.':. Da‘ta . model "

~
.

<

Probable events poison r‘eali‘ty

Tails shrink over time

PEEEMUREUEN, HEES T 2 /IME=RATYER D
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Exploring the MIT Mathematics and EECS Curriculum Using Large
Language Models

Model MIT Test ReClor Validation
StableVicuna-13B 0.48 0.42
LLaMA-30B 0.35 0.15
LLLLaMA-30B Fine-Tune MIT 0.47 0.46
[LLLaMA-65B 0.39 0.65
GPT-4 0.90 0.87
GPT-4 + Few-Shot (FS) 0.93 N/A
GPT-4 + FS + CoT 0.95 N/A
GPT-4 + FS + CoT + Self-critique 0.97 N/A
GPT-4 + FS + CoT + Self-critique + Experts 1 N/A

TeeIER, (BRLRMMTGIREPFEEnE:

R TARRINEIRAE, ESaEIESRAM

Promptifitfg: XJFEFEIRA T 2 promptERIERIEFREVG A
Mh: GPT-48 81 LA
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- BES (FENLPESS) BMUABEAES, BIEENLPES—NLPES
»  {ENLPESFZZUBEMMSIEAEERIFIZZ . (instruct, S A—ED)
- SRMESHIRRE. KERCIZRERE

promptigit (https://github.com/datawhalechina/prompt-engineering-for-
developers)
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+ zero-shotfURIAEIRE, MNFKEHFRIIZERIIAIEE, FIRerEidaEaitEn
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- SRR ESFERRE (ERHE. BMARKERGIFS)
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