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STAR: Improving Low-Resource Information Extraction by
Structure-to-Text Data Generation with Large Language Models
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Figure 1: The STAR inverse data generation strategy using event extraction task as an example. We [irst generate target structures
from valid trigger and argument candidates. Then we prompt the LLM with task instructions from different task granularities to
generate the initial passage Xy containing the event information in the given target structure Y. Finally, we create self-reflection
questions to prompt LLM to identify quality issues automatically and refine the passage with template-based hindsight feedback.
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| k=0 5 10| k=0 5 10| k=0 5 10| k=0 5 10
#
| Trigger Iden. | Trigger Clas. |  ArgumentIden. |  Argument Clas.
Inference-only Methods
LiM Formulation |
1 E&IO (Text2Event) | 0.00  9.23 1130 | 0.00 212 347 | 0.00 0.87 1.03 | 0.00 031 044
2 E&10 (DEGREE) 0.00 1439 1752 000 317 6.21 0.00 1.02 247 | 0.00 092 198
3 GPTLAS E&I10 (DICE) 0.00 15.13 1694 | 0.00 411 7.09| 000 0.71 1.65| 0.00 033 097
4 o Task Inst.? 18.31 1831 18.31 837 837 B.37 — o
5 Inst.+Examples 2944 4724 5971 | 21.56 4057 5329 — —
6 Code4Struct — e 1233 1834 2374 | 972 1485 19.10
7 GPT-4 Inst.+Examples 34.31 5255 6212 | 27.35 46.57 56.46 - o
8 Code4Struct - — 17.51 2450 27.62 | 11.89 24.28 2548
Supervised Models (N = 50 except line 9 & 14)
EE Model Data Creation |
9 None (N =10) 0.00 5724 6055 | 0.00 5238 5484 | 000 2906 3645| 0.00 2585 3356
10 Weak Sup. 2048 4923 51.66 | 23.61 4502 4523 | 16.19 2435 2684 | 1047 19.14 2294
11 OnelE STAR (GPT1-3.5) 4261 63.08 o64.12 | 36.65 56.61 57.29 | 3032 3976 4340 | 2436 36.17 40.93
12 STAR (GPT-4) 4542 64.63 66.77 | 39.15 58.84 60.76 | 32.23 42.76 46.22 | 27.47 39.53 43.25
13 Human™ 65.62 65.62 6562 | 60.10 60.10 60.10 | 4476 44.76 44.76 | 41.60 41.60 41.60
14 None (N =10) 0.00 55.62 5765 | 0.00 5069 5249 | 0.00 31.77 4229 | 0.00 30.19 40.08
15 Weak Sup. 2751 4648 49.70 | 22.23 41.65 4355 | 18.14 3253 3333 | 1345 2738 30.01
16 DEGREE STAR (GPT-3.5) 4374 61.39 63.57 | 38.90 5641 59.10 | 3232 4873 53.06 | 2821 46.55 50.97
17 STAR (GPT-4) 46.69 64.47 65.17 | 41.75 59.92 61.42 | 3585 51.92 54.56 | 32.09 50.74 52.99
18 Human™ 6349 6349 6349 | 58.86 5886 58.86 | 5247 5247 5247 | 50.09 50.09 50.09
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Figure 2: Event extraction performance (F1, %) when the EE models are trained on NV augmented training data on top of 10
data points (k = 10) for each event type. We observe that performance gain brought by STAR-generated data is magnified as
the data augmentation scales up with a larger NV, and data generated by STAR i1s even more effective than human-curated ones.
We use GPT-3.5 version STAR for this set of experiments.



# REModel Data Gen (V=3 10 40

I GPT-35 — | 2791 2791 27.91
2 Weak Sup. 28.02 28.32
3 SURE STAR (GPT-3.5) | 27.61 30.50 33.02
4 Human' 3011 35.62
5 Weak Sup. 3093 30.29
6 GenPT STAR (GPT-3.5) | 33.38 34.55 37.01
7 Human' 36.74 37.61

Table 3: Relation extraction performance (%) when the RE
models are trained on N augmented training data on top of
10 seed data instances (kK = 10) for each relation type. We
use STAR with GPT-3.5.



Empirical Study of Zero-Shot NER with ChatGPT
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majority voting )



Input text Could Tony Blair be in hne for a gold medal?
Guald label: { Tomy Blair': Person’}
Label set: [Person'. 'Orgamzation’, Location’, Facility’, Weapon', Vehicle', 'Geo-Polifical Entity']

f a) Vanilla Y 4 Basic Decomposed-QA el e

@ ®) posed-Q ( Answer 1: {Tony Blair Person} )
Given entfity label set: {label set} |

Given entity label set: {label set} Based on the given entity label set, please Snsstves o L ore) e,

Based on the given enfity label set, please recognize the named entities in the given l Answer 3: {Tony Blair’: Person’} J

recogmnize the named entities in the grven text. e —

text. Text {input text}

Text {imput text} Question: What are the named entities

Answer: {ChatGPT response} labeled as Person’ in fhe tent?

(f) Two-stage majority voting:
I Stage one: “Tomy Blair'
\._ J @uestmns of each label) .. J Stage two: { Tony Blair- Person’}

Anzwer: {ChatGPT responze}

(¢) Syntactic Prompting ) [ (d) Tool Angmentation E @} Tool Augmentation + Syntactic P]'nmpti.ng“
Given entity label set: {label set} Grven enfity label set- {label set} Grven enfity label set: {label set}
Bazed on the given enfity label set, please Given the tzxt and the corresponding !
recogmze the named entifies in the grven Part-of-Speech tags. please recognize the please recognize the named entities in thE gIven text

the iext and the corres, ¥

text. named enfities in the given text. Text: {imput mxt}

Text {input text} Text: {input text} VB
Part-af-Spesch tags: CouldMD TomNN

Question: What are the named entities Blawr/NN be/VB in'IN ime NN forIN a DT

labeled as Perzon’ in the text? gold NN medal/ NN ?/PU Quuestion: What are the named entities labeled as Person’ in

Answer: First, let'’s perform Parf-af-
Speech tagging. Then, we recognize named | | Question: What are the named entitiez

gp by step from the taxt

entities based on the Part-of-Speech tags. lzkeled az Person’ in the text? based on the given Part-of ‘r.-ce h tags. {ChatGPT
{ChatGPT response} Amnswer: {ChatGPT response} Tesponse}
&Illﬁﬁiﬂllﬁ of each label) .. J ¢m= of each label) ... y @uambns of each label) .. )

Figure 1: Examples of proposed methods for zero-shot NER with ChatGPT. (a) Vanilla zero-shot method. (b)
Basic decomposed-QA. where the NER task is broken down into simpler subproblems. (¢) Decomposed-QA
with syntactic prompting. Tcxis in green are the pmp(md syntactic reasoning hint . (d) Decomposed-QA with
tool augmentation. Toxis i orangc the content of syntactic information. (e) Decomposed-QA with tool
augmentation and syntactic pmmplmg (t} sC wn‘h two-qtnge majﬂrltw voting, where stage one votes for the
mentions and stage two votes for types. We use part-of-speech tags as an example syntactic information in this
figure. The detailed prompts are shown in Appendix H.



Syntactic prompling

PR SCAPREERS: PHUSEREOE S, LA, HA, AR \n T E T E AT ERIR S, i
AES T CARF AR 22 5 - syntactic reasoning hint (front) \n3CAR: A7 E PRES MBI Ij?‘_E,JJ” r;‘]\n
R SCARAPERE S A RS L'ajlinnTJS(:-NJ,-ﬁit{%ﬁtﬁ% LS s s
oM e EEHN AR, VFREI RS (1. \nE % {syntactic reasoning hint (back)}

[l SCARFRRREE T LA By s ke L;JHQH—FJS(}NH_‘C%‘LH—' AT AR
Z2V - MEEAEN MR, RENFES#E: (|- \nEE: {synlactic reasoning hint (back)}

Bl AR UL SRR SR W 3 LU FISONRS SR E R | Ema i
LR Y R AN SE, WOREM RS ). \nE % {synlactic reasoning hint
(back)}

[ SCAHRRSE o R BOIE SR B SE R LY BT LU FISONRS VRS 2. [
B SRR Y e INRIA I RN, RRME RESSIK: ). \nE & ({syntaclic reasoning
hint (back)}

Synlactic reasoning hint (front)

Word segmentation P55, VRROZFIT A« HEG, IRROZET iR B 2 ik

Noun phrases 5, URBLZIRN AR o HEE, VRROZEET A im0 an 47 S0
POS tagging EAE, WRROZHET IR - 86, VRROZET PRI RPN 27 S0

Constituency parsing 1155, TREOZFITRCAIERENT - 647, RROZET RS 45 5048 -

Dependency parsing  Fi45C, PRBOZBFITRACAIERENT - BT, ARRLZETHAART U i 27 S04 -

Syntactic reasoning hint (back)

Word segmentation  F5E, iRIATHT A HEG, RAOTET o iRas R an 4 S .

Noun phrases A, AT A . HEG, RA1ET AR g ek -

POS tagging T, TR T IR . B, TR0 TR AR U i 4 e .
Constituency parsing 74, "LJ_{HI T RS ITERRYT - B, IRATIET R WA i 45 50 4 -
Dependency parsing  ¥5%, iLEAIBITIRAAAIERENT - HaG, FRATE T RGP0 i 48 50 4 -

Table 16: Syntactic prompting on Ontonotes 4.



Tool augmentation + syntactic prompling

W SCBRZE A PHUSEUG SR, HL Z B, b4, A% \n{task instruction (involving

syntactic tool)} {syntactic reasoning hint (front)}\n 3 A%: A7 [E (R ES W B 001 H 7E 505 57 \n{syntactic

information from tool}

[nl@ AR NS RS R IR 3 L,LQI'['FJS()N*#F’CET,\ R R SRR
Foe MERAMRSE, WRREITFEAE: (1 \nFE: {.synldclu. reasoning hint (back)}

(q ueslions of each label) ...

{ Task instruction (involving syntactic tool) }

Word segmentation B CARHIRT R ES R, W T SR SRR AR Py
[EEN. T
POS lagging B3 08 ORAIN LR R, BT SR R I SR Y
(TEA RN
Constituency parsing B 58 SCAFNNT RLAIR MRS, U5 2T SRR 25 B4R AR i
k.
Dependency parsing B 58 AT RLAMAAARS, U 2T phm 2 80 AR i
k.
{Syntactic information from tool }
Word segmentation gyl PHREDR, AR, WS, CTIE R, R, CRET \n
POS lagging PPERRIE: AE/NR (RES/NN /NN 5 H/NN 7E/P JUNR 5
EIVVin
Constituency parsing FESMBE: (TOP\n (IP\n (NP (NP (NR H[H)) (NP (NN FRES) (NN P = P Tt 4 S
W W2F) (NN FiE))\n (VP (PP (P 75) (NP (NR 30)) (VP (VV 1 Word segmentation AT AR R MR E R, M OCAR— R 47 5
FMM\n POS tagging HHET A3 RATAMERRIE, WK SRR 7 S0 -
Dependency parsing AR (CFRED, W, Tan’ ], PERES, CTWIH”, oo, RS, Conslituency parsing WETE BRI, MOCE— BB HRES 2 50 -

A, wl, PG, EE, 'nsuby), U4, R0, prep’ b U0, “pe o ency parsing T4 AR, M A5 R 0 2, S PF -

7E’, *poby’], UIEET, "JEE, root’ ]1\n

{syntactic reasoning hint (back)}

{syntactic reasoning hint (front)}

Word scgmenlaliun i}ij—:&;]:‘{, Em}}w % MX?‘:_JﬁJf‘*EJE i i ?I aﬁ\‘ﬁg . Word segmenla[ion -l'j..‘B(.'ﬂ J%i: ﬁlﬁ }]ﬁf % }}l\ }{_71:_"':&]{}‘:}-9;& |J g ,? J\'ﬁﬁ N
POS tagging AT REMIAERRE, W CE—S SR i 4 54 - POS tagging URABT AR RAEIRE, WK BRI 5 -
Constituency parsing R THE RO, MOCR— 5 SR 23 S - Constituency parsing BN TR AR, SR — 5D B i 7 S«
Dependency parsing WHETLRRRAR, MR — BRI (4 5 - Dependency parsing LRAE TR ORI, MOOR—P PR tin 750k -
{syntactic reasoning hint (back) } Table 17: Tool augmentation w. / wo. syntactic prompting on Ontonotes 4. If using syntactic prompting, fill in

Word segmentation 1,]_&_1[ —Fgﬁﬁﬁ’]{r}w}g% M;{j{—-ﬂﬁiﬁﬁgﬁ I} (’“QT ;\ﬁg 4 {syntactic reasoning hint}; If not, discard {syntactic reasoning hint}.
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Method PPF PPN Weibo MSRA  Onto.4 ACE0S ACEM
Vanilla 2785 2043 30.09 45.51 33.74 28.12 20,09
Decomposed-QA 36.57  30.14 3404 45.60 3745 34.37 22,19
Word segmentation  38.16 3035 3272 47.52 3747 - -
Noun phrases 3746 3002 3393 46.05 35.31 33.22 20.99
Front  POS tag 3089 3060 32.68 40.87 36.82 34.31 21.74
Constituency tree 3621 2988 3185 46.02 36.52 33.22 20,86
G Dependency tree 3633 2982 3349 45.61 35.90 34.21 21.04
Word segmentation 3489 2587 3243 48.74 37.48 - -
Noun phrases 3259 2432 28.71] 46.84 38.27 29.36 21.74
Back POS tag 36.18  20.11  33.51 44.40) 36.82 28.84 23.58
Constituency tree 3571 2393 3046 45.84 39.00 21.37 15.81
Dependency tree 305 2102 27.61 44.87 38.52 25.57 21.04
Word segmentation  39.77  33.81 3630 533.67 39.20 - -
Tool POS tag 3811 3097 3514 51.99 37.61 34.33 2241

Constituency tree 3651 3025 0 3200 48.32 35.40 32.96 22.15
Dependency tree 3950 32,12 36.16 48.82 38.05 33.38 22.37
SOTA (fully-supervised) 6854 7041 7277 96.72 R4.47 B.90) 90.30

Table 1: Overall performance. We report the F1 values. Vanilla for vanilla zero-shot method without any techniques:
Syn. for syntactic prompting; Tool. for tool augmentation. We use the same abbreviations in the rest of this paper
when necessary. Syntactic augmentation is all conducted under the decomposed-QA setting. Numbers in bold are
the best results in the corresponding categories; Numbers underlined are the best results among all methods 1n the
zero-shot scenario. The proposed decomposed-QA and syntactic augmentation achieve significant improvements
for zero-shot NER on both Chinese and English datasets and on both domain-specific and general-domain scenarios.



Self-Consistency with Two-Stage Majority Voting
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é Method PrPF PPN Onto. 4 ACE05
—H

Vanilla 27.85 2043 3516(1.57) 2945 (0.69)
+ 8C 28.85 2072 3579(1.36) 29.37(1.35)
Decomposed-QA - 36.57  30.14 3879 (1.66) 35.57 (0.83)
+SC question-level 3346 3215 3057 (1500 3198 (0.30)
i sample-level 2698 3192 39.05(0.76)  34.38 (0.85)
Word segmentation 3816 3038 37.67(1.22) -
Noun phrases 3746 3002 38.83(1.24) 34.63(0.78)
Front POS tag 36.89 3060 3794 (1.49)  34.28 (0.45)

Constituency tree 36.21 2988 3843 (0.84) 3447 (0.77)
Dependency tree 3633 2982 306.85(L16) 3577 (0.45)

Syn.
Word segmentation  34.89 2587 3916 (1.52) -
Noun phrases 3259 2432 39.52 ((L82)  29.78(0.64)
Back  POS tag 3618  26.11  37.00(2.41)  29.72(2.06)
on_conj 3571 2393 40.53(2.54) 22.23 (0.40)

Dependency tree 31.05 2102 3906 (2.88)  26.65(0.78)
Word segmentation  38.64  32.32  39.23(1.13) =
Noun phrases 3816 3201 4034 (1.30) 32.35(L.18)
Front  POS tag 38.06 3175 38.91(L.91)  33.02(L11)
Constituency tree 37.24  31.60 3899 (1.52) 32.00(0.42)
Dependency tree 37.65 3130 37.17(221) 34.59(0.14)

Word segmentation 3843 30.81  40.23 (2.539) -

Noun phrases 3873 2919 39.99(2.24) 34.92(0.72)
Back  POS tag 3848 3077 4027 (1.37) 34.40(1.93)

Constituency tree 38.02 0 3131 3984 (1.90)  33.95(0.90)

Dependency tree 3724 31.20 40.05(1.94)  34.42(0.37)

Word segmentation  39.77  33.81  40.78 (2.58) -

POS tag 38.11 3097 38.15(2.82) 3535(0.34)

Syn. + 5C

et Constituency tree 3651 3025  38.54(3.19)  34.54 (2.26)
Dependency tree  39.50 3212 3813 (3.04) 3434 (0.52)
Word segmentation  39.63 3397 41.84 (2.63) -
-] i 3 i
el POS tag 3792 3172 3896 (421)  33.42(0.64)

Constituency tree 3659 2835 4040 (398) 34060 (0.21)

Dependency tree 40.86 3359 3HE2(2.601) 30.69 (0.97)

Word segmentation  39.67 3297 4L09(3.19) -

POS tag 3885  31.82  39.69(398)  36.78 (1.36)
Front Constituency tree 36.02 3065 3944 (2.92) 33.51 (3.04)

Dependency tree 3716 32060 3883329 34048 (0.78)

Word segmentation  36.24 3146 39.68 (1.15) -

POS tag 3471 2651 36.62(1.05) 3570(1.17)
Back  Constituency tree 3376 2953 3967(1.55) 29.64 (2.95)

Dependency tree 3318 2773 3685(043) 29.19(2.17)

Word segmentation  40.31 3485 42,46 (2.20) 2

POS tag 3821 3089 4086 (248) 33.19(L.3%
Front Constituency tree 3576 2900  41.36(3.58) 33.42(2.35)

Dependency tree 3997 3323 4049 (349 3029 (0.71)

Word segmentation  40.83  30.78 4140 (2.81) =
POS tag 38.00  30.64  3B5B(2.77) 30.28 (2.21)
Back  Constituency tree 3626 2636 4053 (3.38) 2998 (1.64)
Dependency tree 4197 3273 40.19(2.13) 2987 (0.17)
SOTA (fully-supervised) 68.54  70.41 84.47 90.90

Tool. + Syn.

Tool. + Syn. + 5C

Table 2: Performance of SC and combinations of reasoning techniques. We report the F1 values. Numbers in
parentheses are the standard deviations Numbhere in hald are the hest results in the corresponding categories;
Numbers underlined are the best resuli  « ¢ 22 « @ i v~ (scenario. SC with two-stage majority

voting and combinations of reasoning technigues brings further improvements.
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Dataset Method ()-shot J-shot S-shot 10-shot
Vanilla 3506 (1.57)y  3R.67(3.57) 44.51(5.78) 5245(4.13)

Eibiiiig d Standard CoT - 3434 (6.61) 4113 (631  41.90(2.43)
Tool. w. word segmentation (Ours)  40.78 (2.58) 4248(3.34) 4716 (542) 5440 (2.68)
Syn. w. word segmentation (Ours) 3794 (1L.49) 4389 (3.67)  S0.70 (7.26) 56.71 (3.70)
Vamlla 27.85 3581 (294) 3744 (3.88) 41.13(4.89)

Pivici PlantFlat Standard CoT - 30.63 (645 3395359 38.02(1.03)
Tool. w. word segmentation (Ours) 32.41 343(1.91) 41.12(4.35 4205474
Syn. w. word segmentation (Ours) 28.009 FT.84 (25 3972(2.79) 4252(3.7D)

Table 4: Results under few-shot setting, where the number of shots is the number of texts. We randomly sample
three sets of demonstrations and take the averages. Results for Ontonotes 4 are averaged over three sets of randomly
sampled 300 samples from the test set. We report Il values. Numbers in parentheses are the standard deviations.
Numbers in bold are the best results. Our methods also achieve significant improvements in few-shot scenarios.

Dataset ACEDNS BCSCDR

Muodel GPT-3.5 iPT-3 Llama? GPT-35 GPT-3 Llama2?
WVanilla 2945 14.03 9.7 61.28 29.49 26.12
Decomposed-QA 35.57 23.88 15.53 65.45 3873 28.30
ayn. w. dependency tree 26065 27.93 16.98 .69 41.62 3446
Tool. w. dependency tree 34.34 Z1.59 17.31 62.719 43.69 3994
Tool. 4+ 5yn. w. dependency tree 29.19 1838 26.99 3728 1635 39.57

Table 5: Performance on GPT-3 (text-davinci-003) and Llama2 13B chat model. Results are averaged over three
sets of randomly sampled 300 samples from the test set. We report the Fl values. Our proposed strategies show
consistent improvements on various LLMs.



