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Introduction — Why Current Evaluation Metrics for Generative Relation Extraction is Inadequate?

Extraction (GRE) ~
/ Closed GRE I. Text “Peter Munk , founder and chairman of Barrick Gold in Toronto , has warned that an exodus of head offices to other countries will cause , among
9 ) I \(/B\Ii;]/e’? ReItE:;[ionSI: E_memtl))etr of, av;/r?rd wgn, }[/vorftlocaz:go[;r; ...,b§p<7tuse) other things , lower levels of charitable donations and fewer opportunities for skilled workers .” E | S . O O GRE . h
enti?y 2;;6:;;%;?& :evr\]/?eennce?e SHbIeet Sy and e oniee II. Ground Truth [Peter Munk, place lived, Toronto], [Barrick Gold, advisors, Peter Munk], [Barrick Gold, location, Toronto], [Barrick Gold, company, Peter Munk], va uate emi- pen and pen Wlt
Text D I Sentence: "Marie Curie won her first Nobel Prize in Physics for her [Barrick Gold, founders, Peter Munk], [Peter Munk, company, Barrick Gold], [Barrick Gold, place lived, Toronto] Hard-Matching PreCiSioaneca"/F1
e I \Q'SLTG%?: ﬁg'ﬁ: %Bﬁg with her husband, Plerre. lll. Predefined (administrative_divisions, advisors, capital, children, company, contains, country, county_seat, ethnicity, featured_film_locations, founders,
bag/ Object: Pierre Relation Types: geographic_distribution, location, locations, majorshareholders, nationality, neighborhood_of, place_founded, place_lived, place_of birth,
G document) I Identified Relation: spouse place_of_burial, place_of_death, religion) CDR NYT10m
J \ % IV. Predefined
1 I 4 Semi- open GRE A Entit';T;p:gse: (business, company, country, deceasedperson, ethnicity, event, film, location, neighborhood, people, person, region, time, us_county) C S O GT C S O GT
I List the relation of the types (member of, award won, work location, ..., 5 #tri 10.1 6.8 16.1 10.1 1.4 2.9 5.8 1.4
spouse) among the enity types (PERSON, WORK_FIELD, AWARD) L IE N Semi-open GRE ot 1 (ext o) LIS #ok 66 40 83 58 46 20 7.0 45
S . , . . Input: |, lll, and entity pairs in . Inout: I. lll. and IV. nput. '
Pro m t Sentence: "Marie Curie won her first Nobel Prize in Physics for her nput Input. 1, 11, P 588 1.1 0.4 29 3 52 0.0
work on radioactivity with her husband, Pierre." Output: _ . . y - . . . -
p Relations: [[Marie Curie, spouse, Pierre], [Marie Curie, award won, Output: Output: [Peter Munk, four.lder of, Barrlc!( Gold] (FS, CS) R 58.7 |08 0.7 - 26.6 |12.7 0.0 -
Nobel Prize], [Marie Curie, work on, Physics]] [Peter Munk, place founded, Toronto] [Peter Munk, advisors, Barrick Gold] (CS) [Peter Munk, chairman of, Barrick Gold] (FS, CS) F1 588 107 05 ) 2775 |65 0.0 3
@ l GRE \ \ J [Barrick Gold, founders, Peter Munk] (FS, CS) [Peter Munk, founders, Barrick Gold] (FS, CS) {Ea:”C:AGOLd’bloca;e_d 'r_‘lz Tor(:n]t(z}:glz)s, CS) ) i : i i i
([ ) Barrick Gold, location, Toronto] (FS, CS [Barrick Gold, location, Toronto] (FS, CS) eter Munk, based In, s _ - ici -
\ _ - Opgn GRE_ _ - {BZ;;:gk Ggld, fzﬁic'g:s, Sg?gr?\%énk] (FS), CS) [Peter Munk, warning, exodus] [Peter Munk, Warn,_eﬁects_of exodus of head offices] (FS) (P PI’GCISIO", R: Reca")
T \ VC\I—/‘ilJz/h?rr]\ ﬁ]:etg’ﬁnce, identify and list the relationships between entities [Barrick Gold, founders, Peter Munk] (FS. CS) [head offices, location, other countries], [ehxoiuzlofdheacilofﬂc;e(j,:,sv\)/lll cause, lower levels of
Triples ' Peter Munk, founder of, Barrick Gold] (FS, CS [exodus, cause, lower levels of charitable donations charitable donations _ 3 K : : F A
° \ ;Eil(tgwczlfl\jlarie Curie won her first Nobel Prize in Physics for her {B:rfi;k (l;r;m, ?;:atgn? TO"aOr:tcf:J] (F?S, ]C(S) ) and fewer opportunities for skilled workers] (S, GS) [exodus of head offices, will cause, fewer opportunities for Traditional metrics are insufficient to
71l J work on radioactivity with her husband, Pierre.” skilled workers] (FS) evaluate the perfOrmance Of (Seml')o pen
T2 ) \ Rela_tlons: [[Marie Curi_e, won, Nobel P_rize in. Physics], [Marie Evaluation: Evaluation: Evaluation: . . .
T3 ) \ g;?fé]f”[‘;{;‘gi‘j,;’:;i;;‘;j‘;3‘;2;;*5,1;{,“";‘;"‘;,,‘;;2%;}’;‘;‘;‘L“;‘iﬂ‘;re], Tranditional: P: 71.4, R: 28.6, F1: 40.8 Tranditional[ P: 16.7, R: 14.2, F1: 15.4 | Tranditional]P: 0, R: 0, F1: 0 | Generative Relation Extraction (GRE)
TAl ) [Marie Curie, was awarded for, work on radioactivity], [Marie GREScores: GREScores: GREScores:
\ Curie, is married to, Pierre], [Pierre, is husband of, Marie Curie]] TS: 3.6, US: 66.7, FS: 85.7, GS: 100, CS: 57.1 TS: 22.1, Us: 100.0, FS: 50.0, GS: 85.6, CS:714 TS: 449, US: 80.0, FS: 100.0, GS: 100.0, CS: 57 .1
Three types of Generative The outcomes of using Precision/Recall/F1 to evaluate closed, semi-open, and open GRE There is a need for an automated multi-
Relation Extraction methods. The most informative/human-preferred results are scored extremely low. dimensional evaluation framework for GRE.
GenRES Framework for Multi-Dimensional Evaluation of Generative Relation Extraction
Generative Relation Topical Similarity Score (TS) Factualness Score (FS)
Extraction (GRE : TP -
traction (GRE) LDA(D) LDA(TA) Topical Similarity Score (TS) — How much content of the source text is covered by the
S D KL-Divergence relationships extracted (by comparing triples® to the source text)”
Text D g A —K. LDA(D)i-log( LDA(D); )
(sentence/ t(D,T5) =e LDA(TS')q
bag/ )
G document) J Latent Topics Latent Topics - : B L 1L Uniqueness Score (US) — “How many unique relationships are extracted (by comparing similarity
: within the extracted triples)”
1 Uniqueness Score (US) @ @ @ @ ples) 1 no .
To, T M M 3 M u(Tp) = o ZZ (CosSim(v;, vj) < @)
2 — , .
éiven a text, extr‘apolate\ T1( ) T1( ] 1=1 j#1
lationshi T : . ,
possible from it and 2 72 ) ® Factualness Score (FS) — “How factual the extracted triples are, referring to the source text
provide a list of updates. TSE : 73l ] 3 1
4 ~ —_—— 1
T—— Cossimva,vs) ~1 ™ u(Tp,) = u(Tp,) T1, T2, T4 supported wmp f(D,Tp) = - f(D,Tp) 7o) D _ [ is supported by D]
T€TD
Text: $TEXT$ . “ . . . . . ”
 Fetations: Y Granularity Score (GS) Completeness Score (CS) Granularity Score (GS) — “How atomic the extracted triples are (by asking LLM to split each triple)
] : / 1
Gold Standard Triples 7 —n
GRE T1( ) P[ ) = . . D 733 -_— e T
@ 1 1 =» N =3 Triples 7p soft match /(when available) 9(7p) 7D Z
. T3 ) T1( / : : .
Triples /1 ¥ — | ) _ 72l ' Completeness Score (GS) — "How many ground truth relations are predicted (by computing soft
T4l ) = » nr, = 2 T2l }\*Té[ ) . ”
1l ) I T3 ) e : matching recall)
T2( J @ split (through prompting) T4l / ‘f[ ] , - |{7" € Té|§|7‘ € Tp, Slm(T, 7") > ¢}|
T3 ) 5 (Tp,Tp) = |75
D
9(Tp) = 1 = 0.546 T, T3, Ty recalled mmp c(75,Tp) = =
u , u u u u u u u
Benchmarking LLMs’ Capabilities of Generative Relation Extraction Using GenRES
TACRED Wiki80 NYT10m Wiki20m CDR DocRED
#ri #tok TS US FS GS CS #ri #o0k TS US FS GS CS #ri #ok TS US FS GS CS #wri #ok TS US FS GS CS #ri #ok TS US FS GS CS #mri #0ok TS US FS GS CS
Ground Truth 1.4 46 158 927 87.0 949 100 1.0 58 59 100 90.1 844 100 Ground truth 1.4 45 87 693 841 93.1 100 2.0 63 44 212 887 851 100 Ground Truth 10.1 58 9.6 334 935 98.1 100 124 6.0 84 640 944 819 100
Vicuna-7B 26 8.7 404 850 756 589 362 24 79 413 76.8 81.0 61.7 36.6 Vicuna-7B 31 7.8 420 864 80.0 60.2 389 3.0 7.5 483 67.8 50.0 68.6 37.3 Vicuna-7B 6.8 84 578 869 847 446 307 74 99 231 819 934 46.8 28.3
Vicuna-33B 43 73 443 755 71.0 692 472 38 72 473 62.1 799 73.8 46.8 Vicuna-33B 47 7.2 478 80.1 751 652 465 41 7.0 498 564 844 754 46.1 Vicuna-33B 6.4 105 73.0 89.2 97.3 384 320 10.8 9.8 347 828 97.2 49.6 369
LLaMA LLaMA-2-7B 28 6.3 36.7 853 669 712 378 24 58 258 69.8 604 769 314 LLaMA LLaMA-2-7B 31 6.0 354 822 789 69.2 384 3.1 63 379 73.8 734 756 36.0 LLaMA LLaMA-2-7B 56 6.7 48.6 920 62.0 449 257 27 32 128 933 340 60.6 12.1
LLaMA-2-70B 41 64 408 793 745 768 564 37 6.6 415 648 824 769 49.4 LLaMA-2-70B 50 69 454 83.0 817 71.8 524 41 69 452 62.0 87.1 784 50.2 LLaMA-2-70B 10.8 8.1 748 87.6 96.6 57.8 510 138 8.7 392 826 97.3 60.9 39.2
WizardLM-70B 21 29 233 90.7 28.0 721 9.8 2.1 32 256 849 36.6 744 214 WizardLM-70B 44 42 305 889 439 689 276 3.6 56 43.1 678 67.3 750 409 WizardLM-70B 102 78 654 941 764 462 326 58 3.6 243 949 379 56.7 12.8
text-davinci-003 44 7.1 56.1 798 84.0 728 586 40 6.8 592 653 892 749 519 text-davinci-003 49 7.1 50.6 814 858 693 526 3.7 82 51.8 569 91.3 733 435 text-davinci-003 12.7 83 76.77 872 96.8 554 443 153 85 40.1 842 976 59.8 46.2
GPT-3.5-Turbo-Inst. 5.0 7.0 58.6 80.5 81.6 726 58.6 44 69 602 69.3 88.7 754 54.8 GPT-3.5-Turbo-Inst. 5.8 7.0 542 830 84.0 719 534 48 7.7 540 603 90.1 78.9 43.8 GPT-3.5-Turbo-Inst. 16.1 83 77.6 89.6 96.8 542 47.8 17.8 89 47.8 856 98.1 562 44.7
GPT GPT-3.5-Turbo 39 6.8 527 81.1 764 675 39.7 34 63 509 69.5 756 68.9 36.0 GPT GPT-3.5-Turbo 41 62 433 823 682 628 298 3.6 7.7 482 61.8 80.2 72.7 325 GPT  GPT-3.5-Turbo 11.2 114 81.7 89.2 98.2 40.3 302 150 99 504 84.0 985 49.1 36.5
GPT-4 43 7.5 591 804 876 69.1 57.8 40 7.1 654 662 923 742 47.8 GPT-4 51 74 562 818 89.0 682 52.6 3.8 81 59.0 562 93.2 772 40.0 GPT-4 143 93 81.7 91.0 979 49.1 463 17.8 87 48.6 828 98.6 59.6 473
GPT-4-Turbo 44 78 585 82.6 886 732 634 40 7.6 619 694 928 745 47.1 GPT-4-Turbo 53 7.8 58.1 842 89.6 69.1 53.7 42 76 564 62.0 924 81.2 52.7 GPT-4-Turbo 18.6 85 821 919 968 53.1 488 215 87 500 874 976 63.1 49.3
Mistral-7B-Inst. 47 7.1 439 786 71.0 655 412 3.6 78 446 678 839 67.7 385 Mistral-7B-Inst. 57 74 40.6 77.6 754 629 365 40 69 433 57.0 83.6 699 40.1 Mistral-7B-Inst. 142 9.1 69.0 749 935 51.1 40.0 11.3 9.6 302 764 941 552 275
others Zephyr-7B-Beta 54 76 364 786 658 720 449 45 78 432 68.1 718 742 42.6 th Zephyr-7B-Beta 78 7.2 36.5 808 649 738 470 52 6.8 403 655 755 79.0 459 others Zephyr-7B-Beta 259 8.8 49.1 79.5 70.1 57.7 293 186 86 279 794 947 64.7 37.1
Galactica-30B 85 89 334 439 575 64.1 309 5.6 7.2 350 479 63.1 73.3 384 OtErS  Galactica-30B 83 87 29.7 484 524 60.6 37.0 6.0 84 353 494 652 66.8 38.6 Galactica-30B 02 03 41 11 09 444 00 00 00 86 00 00 00 00
OpenChat-3.5 43 7.1 50.7 80.8 804 721 600 40 70 538 69.7 88.7 749 50.6 OpenChat-3.5 52 7.2 54.0 84.7 843 69.7 553 43 7.0 57,5 61.8 90.5 76.0 47.7 OpenChat-3.5 8.6 12.6 78.7 919 974 382 318 154 89 39.7 82.1 98.1 61.7 434
Sentence-Level Performance Bag-Level Performance Document-Level Performance
(1) LLaMA-2-70Bb, GPT-4-Turbo, and OpenChat- (2) High Completeness Score (CS) can indicate (3) A greater number of tokens per triple does not inherently  (4) GPT-4-Turbo
Observations 3-5 notably lead in performance. Small LLM high Factualness Score (FS). This means human  resultin a lower Granularity Score (GS). This suggests that  outperforms human labels

OpenChat-3.5 (7B) achieves comparable or even
better performance than large LLMs.

annotations are still valuable to evaluate GRE with the GS metric can encourage models to identify more atomic  on factualness.

our s

oft matching recall.

Robustness of GenRES on Evaluating Generative Relation Extraction
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Topical Similarity Uniqueness Factualness Granularity Completeness

GRE performance of five LLMs on Wiki20m, each with 5 runs with random seeds.

This indicates the robustness of GenRES across different LLMs and metrics.

relationships rather than merely focusing on brevity.

Alignment with Human Evaluation

GenRES GenRES GenRES GenRES GenRES
0.2 0.4 0.6 0.8 0.00 0.25 050 0.75 1.00 0.90 0.91 0.92 0.93 0.65 0.70 0.75 0.80 0.2 0.4 0.6 0.8 1.0
GPT-4-Turbo -
hat - . .
OpenCha GenRES GenRES
Human Human
LLaMA-2-70B - . .
GenRES GenRES GenRES
Ground Truth 1 Human T Human T T Human
600 800 1000 1200 900 950 1000 1050 1100 800 900 1000 1100 1200 950 975 1000 1025 1050 500 750 1000 1250
Elo Ratings (Human Eval) Elo Ratings (Human Eval) Elo Ratings (Human Eval) Elo Ratings (Human Eval) Elo Ratings (Human Eval)
(a) Topical Similarity (b) Uniqueness (c) Factualness (d) Granularity (e) Completeness

Human Preference Evaluation vs GenRES Evaluation on 100 Wiki20m samples.

In most cases, GenRES aligns human evaluation well on generative relation extraction.

Thanks for your interest! Email pj20@illinois.edu if you have further questions!
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