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Sentence-level relation extraction

Single sentence input

Single entity mention

Single entity pair

Single label output

Document-’evel re’ation extraction An example from a sentence-level RE dataset (TACRED)

Multiple sentence inputs

Multiple entity mentions

Multiple entity pairs

Multiple label outputs

Challenges:
Inadequate in effectively
distinguishing relations
Lack of sufficient learning

for long-tailed relations

Vulnerable to annotation
errors or missing
annotations
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Input sentence:

General Director Placido Domingo will return to sing and conduct

on the Washington stage .

J

. . . . . . A
Given entity pair: <Placido Domingo, Washington stage>

_ Output relation: “org:top_members/employees” )

including the Los Angeles County Museum of Art ,, (

Gput document:

(1) The culture of Los Angeles;; is rich with arts and ethnically diverse.

M

useum ofContemporaryArtM (MOCA,

Norton Simon Museum@ .

(3) In the 1920s and 1930s ....

(2) The greater Los Angeles;; metro area has several notable art museums

LACMA,1) , the J. Paul Getty

Museum 5, on the Santa Monica,,; mountains overlooking the Pacifics;, the

and the

\.

/G'

Iven entity pair:
<. Paul Getty Museum, Los Angeles>

Output relations:

“located in the administrative territorial entity”,

“headquarters location”.
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An example from a document-level RE dataset (DocRED)

Supervised Contrastive Learning (PEMSCL)

a. Boost the discriminability of both probabilistic scores and internal embeddings

b. Adapt supervised contrastive learning for long-tailed relations

o A novel model based on Pairwise moving-threshold loss, Entropy Minimization, and

c. Improve model robustness by a novel negative label sampling strategy

\_ 0 Vdlidate the effectiveness of our model in various settings
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QO Negative Label Sampling Strategy

Annotation error problem:

* Some entity pairs labeled as NA class should have at least one relation label [Tan et al, EMNLP22).

—> The negative relations of NA examples may be wrong!

modified as: o Z Z — log P;Z —|— Z Hy, (7

(h,t)EBA TEN | TEN;L .

1%t loss function with negative label sampling :

cr =o' N o+
i (h,t)eBp
Improve robustness

Our PEMCL with negative label sampling:

£NA _ LliTA

+(ALo

(J We randomly sample a small set of negative relations for NA-labeled entity pairs. For B, L, is

Improve discriminability

Experiments and Analysis

Benchmarks:

* DocRED [yacetal,acr191 & Re-DocRED [man etal,

EMNLP22] (both |R| = 96).

Two new data regimes
- OOG-DocRE / OGG-DocRE:

* Our PEMSCL outperforms previous strong baselines on the original < Our negative label sampling strategy is effective and robust in the noisy settings
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Method

= QOur PEMSCL model

l.  Pairwise moving-threshold loss with Entropy Minimization
ll. Supervised Contrastive Learning for multi-labels and long-tailed relations
lll. Negative label sampling strategy

Small difference

* Problem definition: @ ;--------------

: -------------------- : : Big difference
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* For each entity pair, (ep, €t)nt=1,.,sp | h=t> the model predicts a subset of pre-defined

relations R = {7‘,(}|:RI

* If an entity pair does not express any relation, it is labeled as NA

" Pairwise moving-threshold loss with entropy minimization

[ Split the predefined relation set into two mutually exclusive sets for (h,t): R =7, UN,;
* Positive relations (i.e., the labels): Py,

* Negative relations: IV}, ;

(d Compare each r to the threshold class (NA), define their pairwise probabilities:

—lC = — PT (1) = exp(fr)
Prel€ =16 = NA) = P = 0 + exp(hy)
Pre(C = NAIC = {r,NAY) = K[, (1) = 1= PLy(r) = — (;X)pf;"x)p B
r U

- Our pairwise moving-threshold loss: [ The definition of information entropy:

bepty==tog (T Pra) TL (0= PLa(r))  Hulr) = ~Pho(r) log Pho(r) — B (r) og B, ()

’I"Eph 1t TENh ,t . . . . . .
 The regularlzatlon of entropy minimization:
:—Zlong ZlogP,?t
rEPh,t TENh’t ,C}el?’ﬂ,z Z Hht ‘|_ — Z Hht
’T’EP t TGN t

— Z log(l —|—e><;p(f,,7 — f”“))_’fr > f?? h, h,

rePy B % 15t Loss function:

’ For positive relations

+ 2 log(L+exp(fy — o)) —=fn > fr = > o+ ot

reNp ¢ For negative relations (h,t)eB

= Supervised contrastive learning for multi-labels & long-tailed relations

 “Pull” the embeddings of similar examples together, and “push” dissimilar examples apart:

exp(an, - xl/T) Ty pul
lﬁgd 10g{|8ht] Z > exp /T)l} push

Lht* Ld
PESh qeB dt(ht)
J Handling long-tailed relations = for entity pairs with empty positive examples in a batch:

th = log Z exp(xp ¢ - ©q/T)| Push
deB,d£(h,t)
s 2M | oss function: + Final loss function:
Z H{|Sh t|750}£scl —I_]LHSh t|_0}[’ E — El )\EQ
\ (h,t)eBp /

DocRED dataset and its cleaned version, the Re-DocRED dataset. _ 65.0-
Orig-Dev Gold-Dev Gold-Test G et
—F= =TT~
DocRED Dey DocRED Test IegnFy F IenFy Fy IenFy B " -
Model Ign F F Ign F Fy On OOG-DocRE Regime 0007 -+ ATLOP [0-Dev]

ATLOP (Zhou et al., 2021) 60.94 6295 4699 47.14 4752 47.65 - ATLOP [G-Dev]

- Orriginal labels for the train set NCRL (Zhou and Lee, 2022)
- Original labels / Gold labels for the dev set  ppmscL (Ours)

- Gold labels for the test set

o ATLOP [G-Test]

NCRL (Zhou and Lee, 2022) 61.42 6352 49.06 49.21 4841 48.53

Dataset Train Dev

#Doc / #Example #Doc / #Example

DocRED 3,053/ 1,198,650 1,000 / 396,790
Re-DocRED  3,053/1,193,092 500/ 193,232

Our new data regimes

OOG-DocRE 3,053/ 1,198,650 500°/ 195,682
OGG-DocRE 3,053 /1,198,650 500/ 193,232

Implemented on DeBERTay urqe O / -+ PEMSCL [0-Dev]
ATLOP (Zhou et al., 2021) 62.16+0.15 64.014+0.12 62.12  64.08 PEMSCL (Qurs) 6205 6419 5082 5099 3092 SLI0 9 Py < PEMSCL [GTest]
ATLOP + BCE (Zhou and Lee, 2022)  61.92+£0.13 63.96+£0.15 61.83 63.92 PEMSCL' (Ours) 46.07 49.51  62.05 6339 6276 64.03 -~ / i/
62.9840.18 64.794£0.13 63.03  64.96 On OGG-DocRE Regime S
ATLOP (Zhou et al., 2021) - - 48.23 48.54 48.50 48.77 50.0 !
63.25+0.09  65.15+0.10  63.40 65.41 NCRL (Zhou and Lee, 2022) - - 4992 50.08 50.10 50.25 !
lon F I lon F I PEMSCLT (Ours) - - 6240 63.72 6247 63.73 00 s o e s "
gt 1 g 1 | | Sémpling Ratio | |
Test Implememed on ROBERTCILarge N * The |Oglt dlfference between o - . Label 1: (Lincoln Center for the Performing Arts, U.S., Country)
#Doc / #Example JEREX (Eberts and Ulges, 2021) 69.12 70.33 68.97 70.25 the relat|on and the th reshold Fi.she:-a isvs:]yav:;rzr i\z:i’; ura:o’:\feaoulfstzndi: very PEMSCL's logits
ATLOP + BCE* (Zhou and Lee, 2022)  75.8640.13  75.254+0.11 7591  75.36 lnss | PEMSCL i h o [svumentaiss oach year . ’
1,000 / 392,158 ATLOP (Zhou et al., 2021) 76.88 77.63 76.94 77.73 class In our IS Muc 2. The Career Grants are a part of the Avery Fisher 5 e P
500/ 198,670 DocuNet (Zhang etal., 2021) 77.53 78.16 77.27 77.92 Iager than that Of the ATLOP I;;Zij;P;ogr::l, along with the Avery Fisher Prize and —— —
KD-DocRE (Tan et al" 2022&) 77.92 78.65 77.63 78.35 3. Thley a\:‘ve ;dr.ninistered by the Lincoln Center for the -L;\bel-zn(Avén--Fls-r;ér-Arl-:l-st- Pro-r:a-lm-U"S- C(-Jl-_l;'ltl’) -----------
500/ 198.670  NCRL* (Zhou and Lee, 2022) 7841£021 79154020 7845 79.19 ° Our PEMSCL can correctly |7 T FE=mE ’ '
500 / 1985670 PEMSCL (OU.I'S) 79.02:|:0.20 79.89i0.17 79.01 79.86 PrEdiCt rEIa'tion tha’t the 5 Only U.S. citizens or permanent residents are eligible. 1431 fi0.3 9.3] 9.9
mo e ai S O i en i g Country NA Country NA
ATLOP model fails to identify.
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