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Challenge

1.Aside from the imbalance of positive and negative examples, the distribution of relation
types for the positive entity pairs is also highly imbalanced.

2. A large amount of training data is the training data of remote supervision, and there is a
lot of remote supervision, which limits the training of the model.
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Problem Formulation
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Figure 1: Model architecture of our DocRE system. We show the axial attention region for the entity
]}EliI [Eg, Eﬁ].
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Entity Representation
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Figure 1: Model architecture of our DocRE system. We show the axial attention region for the entity . .
pair (e, eg). Context-enhanced Entity Representation

H

50 = Z( Al o A) (3)

i=1 ) |
A, = Zﬁg(amj), where a,,; € REX!

o(5:0) — I—ITq(S:G) 4) i

zs = tanh(Wgh,_ + WEC(S’D)) (5)



. Chongging University ATAI

Advanced Technique of
Artificial Intelligence

of Technology

Input Document  Entity-pair Rn.z:prcsenminn Axial ,ﬁfttention Loss Functions

sescs ().  Represcmaionlcaming ) ) )
L EF B —

L el Entity Pair Representation
EmE & i

g EE = e, AFL

THEn BT

BEFESS ®

Han K g S 1 k

Be 28 aT] - e X z — .Z Z =5 z

igifzg | @ @ee st z S - el - Sl

586 8E3 < e, &=

il o208 o

R & Koo

szl | gy 5

3 HT —8 €,€,6,€6,6¢, 6 (s,0) . ‘?TW‘? ] b
(® Eniity Embedding | (@  Context Embedding ) (@  Axial Auention | (@ Related Emtity Pair |[ @ Student Logits | [ Teacher Logits | g 1 T (ZS qgi ZU ) + [/

Figure 1: Model architecture of our DocRE system. We show the axial attention region for the entity i=1 (6)

pajr (63., Eﬁ,).
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axial Attention-Enhanced Entity Pair Representation whers we denote ity gy = W0, key
gy — Wig'?', and value vy 5 = Wypg'™h,

which are all linear projections ot the entity pair
representation g at position (i, j). Wg € e
Wi € B4 and Wy € B are all learnable

(3 3 0) (S . 0) b weight matrices. The output of the axial attention
rw — ‘rh —I_ Softma'mp (q( S :D) k(s 1?) )U(S :'p) module is ri? = B The softmax, function de-
notes a softmax function that applies to all possible

pe 1.9% p = (i, ) positions. The formulation of this mech-

(7) anism resembles Wang et al. (2020). However, our

(S s G) . (S y O) 6 By k: motivation is different. as Wang et al. (2020) aim
Th, — g + Sﬂftmamp (q(S,O) (,’P , 0) )’U(pao) to use this mechanism to reduce the computational
complexity of semantic segmentation, whereas our
P €l...n motivation is to attend to the one-hop neighbors for

the two-hop relation triplets.
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Adaptive Focal Loss

Adaptive Thresholding Loss

1t50) — Wr(so) 4 p, (8)
. . 1{-?.19}
ATL introduced a special class 7H as the P(riles,eo) = {f:;p( ) TN
adaptive threshold value for each example. exp(lr;””) + exp(lry’)
Pr . positive class subset o
P(TTH|EH$ Eﬂ} = EIP{EFTH} {s,0) (10)
N7. : negative class subset v enpugray €xp(ln;”)
L,
Lre= Y (1=P(r:))"log(P(ri))+log(P(rr)) (11)
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Knowledge Distillation

By == Msg(ﬂ;*”}? géfv”}) (12) L=Lkp+ LRE (13)
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Dev Test

w/o Distant Supervision Ign_Fl1 Fl Ign_F1  Fl
Two-stage-B-b 56.67 58.83 56.47 58.69
T ATLOP-B-b 59.22+40.15 61.09+£0.16 5931 61.30
S[aFISIICS fociery D) SIRE-B-b 59.82 61.60 60.18 62.05
# distant docs 101,873 = DocuNet-B-b 59.86+0.13 61.83£0.19 5993  61.86
# training docs 3,053 6,231 Ours-B-b 60.080.11 62.03+0.18 60.04 62.08
# dev docs 1.000 1.500 Coref-Rb-1 5735 50.43 579  60.25
# test docs 1.000 1.500 SSAN-Rb-1 59.40 61.42 60.25 62.08
: GAIN-B-1 60.87 63.09 60.31 62.76
# relations 97 27 ATLOP-Rb-1 61.3240.14 63.18+0.19 6139  63.40
Avg # entities per doc 19.5 10.8 DocuNet-Rb-I 62234012 64.1240.14 6239  64.55
Avg # mentions per entity 1.4 12 DocuNet-Rb-1* 61.56+0.14 63.58+0.17 61.79 63.73
Avg # relations per doc 12.5 7.4 Ours-Rb-1 62.16+0.10 64.19+0.16 62.57 64.28

with Distant Supervision Ign_F1 Fl1 Ign_F1 Fl
Table 1: Dataset statistics of the DocRED and HacRED ATLOP-NA-Rb-I* 63.41+£0.15 65.33£0.18 63.54  65.47
datasets. DocuNet-NA-Rb-I* 63.261+0.17 65.21+0.19 63.29 65.44
SSAN-NA-Rb-1 63.76 65.69 63.78 65.92
Ours-NA-B-b 62.18+0.12 64.17+0.16 61.77 64.12
Ours-KD-B-b 62.624+0.16 64.81+0.13 62.56 64.76
Ours-NA-Rb-1 63.384+0.11 65.64+0.17 63.63 65.71
Ours-KD-Rb-1 65.27+0.09 67.12+0.14 65.24 67.28

Table 2: Experimental results for the DocRED dataset. The reported metrics are F1 score and Ign_F1. We report the
average of five random runs for the development set and the best checkpoint is used for the leaderboard submission
for the test results. Results with * are obtained by our reproduction.
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P R Fl
GAIN~ 73.38 80.07 76.09
ATLOP® 7697 7829 77.63
Ours 78.53 78.96 78.75

Table 3: Experimental results on HacRED dev set. Re-
sults with * are implemented by us. All experiments
used XLM-R-base as the encoder.
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Frequent Long-tail Overall

Fl Fl Fl

ATLOP-Rb-I 7093 5001 63.12

Ours-Rb-1 7126 5197  64.19

w/o Axial 7086 5077  63.56 P R Infer-F1
wio-AFL w ATL 7094 5086  63.67 GAIN-B-b 3871 5945 4689
With Distant Supervision

ATLOP-NA-Rg-I 7326 5239 6533 Ours-Rb-1  42.15 61.56  50.04
Ours-KD-Rb-1 74.15 56.51 67.12 w/o Axial 40.26 60.60 48.37
w/o Axial 7352 5496  66.36

w/o AFL w ATL 7350 5473  66.23

Table 5: Ablation study for the Infer-F1 relation triples

Table 4: Experiment results for frequent and long-tail on the development set of DocRED.

type relations. Frequent types refer to the most popular
10 relation types, and long-tail relations refer to the rest
of the 86 relations.
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Distant Adaptation 1Ign_F1 FlI

NA 52.29 54.67
KD, 53.89 56.97
KDy/se 55.28 57.74
Continue-trained  Ign_F1 FI

NA 63.38 65.64
KDy, 64.42 66.24
KDyse 65.27 67.12

Table 6: Development set performance of different
knowledge adaptation methods for DocRED.
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Ground Truth
E reR NR
2 C: 8,273 (51.4%)
g .
T |rE R W 242 (1.5%) MR: 3,814 (23.7%)
E NR MS: 3,761 (23.4%) | 380,703

Table 7: Statistics of our error distribution. The final
evaluation score is evaluated on r € R triples, hence the
correct predictions of NR are ignored when calculating

the final scores.
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F R Fl
Binary Labels  68.51 68.78 68.64
Original Labels 67.10 67.13 67.12

Table 8: Performance breakdown on the DocRED dev
set.
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