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Motivation

Medical entity synonyms discovery
aims to accurately map the mention
to synonymous medical entity in
knowledge graphs

* Challenges

* different semantic spaces: oral vs.
professional

* some entities rarely appear in
existing mention-entity pairs

* Existing methods via matching of
syntactic strings or lexical embeddings
carhnot capture external knowledge
we

QA example:

b

EETA SRS

User query: Am I qualified for the new insurance policy as I suffer from skin

relaxation recently?

System reply: Unfortunately, based on the policy, you may fall into the
terms of Ehlers-Danlos, which may exclude your protection. Please contact

our agents for more details.
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F Surgical

s Diseases /
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‘ skin relaxation ‘

— \.
R SN
N -
.
4 -
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__ cured by _
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}__,_v\ Medicine
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Knowledge
Graph

> Concept
O Tnstance
— ——» InstanceOf

—-—-+ SubClassOf

—— Other relation

Candidate Entities
* Ehlers-Danlos

Empyrosis

Dermatitis
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PEETASIREE
Problem Definition: Medical entity synonyms discovery

* Inputs
* mention-to-entity pairs D = {(gi t:)}Y,
* e.g., (bow legs, knee varus), (high blood pressure, hypertension), ...
* Nis the number of annotated pairs
* a cross-domain knowledge graph KG = {C, |, R, S}
e C: Concept; I: Instance
* R:relation set; S: triple set

* Output

* determine a list of synonymous entities for the disease mention
e e.g., skin relaxation -> Ehlers-Danlos

11
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Our Proposal

Noise-Contrastive Estimation

Similarity Matching

1. Input representations o oom e e T
* Char embeddings (semantic information) Ley(q) Relf}f;;if;m 5 e/ Remi_f;;ﬁ;ﬁm
| lal U ; f !
= — : t)= — t)- : !
() lq] ; (), e() |t] ;E( 2 X Fusion Gate [* —i
| PN |
 Entity knowledge embedding | - ™ i
. . ) . ) Semantic I Knowledge :
Joint TransC-Transk learnmg f“r(r} Representation (a) €t Representation (b) i
2. Semantic space alignment ¥ |
e Shared weights in FC FC | Shareweights  FC FC |

3. Fusion of Entity’s Semantic and | | ‘ ‘

1 emantic : i Semantic Knowledge
Knowledge Representations ' elg)| Semante () Embe:k;mg | e
4. Similarity Matching: I i ~—
. . . . ! Y
noise-contrastive estimation q | Mention A : (e
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PEEZASRE
Properties: Adding External Knowledge

e Hybrid knowledge embedding il e R

s TransE |+ ~ ! - ‘E
* represent learning via joint TransC- i «" S
TransE learning e o Lt
L = Z feli,c) + Z fe(ei, cj) + Z fili, rij, J) i Knowledge
(i,re.c)ESe (cire.cjleSe (irij.j)EeS] '.\ Gl‘aph !
Y frelirieo)+ D fee(enree ). (7) e
(Lrje.c)eSte {c,-:rcf;;j:cj‘]ESCG ,'/ b
0 1
* Fusion gate to adaptively |
incorporate knowledge with 4
. o T T b
learned semantic features L L
| a b [a;:b:a-b;a @ b]
e{ = es(t) + ef: @g{es(t},ei) R -

13
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Knowledge Graph (KG) and Dataset

. Knowledge All Insurance Occupation Medicine Cross

* A heterogeneous KG with Graph Domain
entities collected from three e T
Categorles insurance prOdUCtS’ # Relations 1,120,792 2,827 2,580 1,098,280 17,105
#R_type 20 2 2 13 4

occu patlon’ d nd mEd Icine # Mention-entity pairs in Train/Dev/Test 45,500/5,896/5,743

# Regular cases/# Difficult cases 5,303/440

14



Results

Methods hits@3 hits@5 | hits@10
All Regular Difficult All Regular Difficult All Regular Difficult

JACCARD [26] 52.28%  56.61% 0.00% | 58.03%  62.83% 0.00% | 63.76%  69.04% 0.00%
Word2Vec [4] 47.00%  50.88% 0.00% | 52.28%  56.59% 2.30% | 58.31%  63.10% 4.60%
CNN [24] 51.76%  55.69% 4.33% | 57.75%  61.98% 6.38% | 65.13%  69.72% 9.34%
BERT [6] 54.60%  58.87% 2.96% | 6041%  65.02% 4.78% | 66.50%  71.39% 7.52%
DNorm [17] 56.23%  59.78% 12.76% | 63.79%  67.58% 17.77% | 71.89%  75.64% 26.42%
SurfCon [36] 58.29%  62.02% 12.98% | 66.27%  70.11% 19.59% | 75.20%  79.03% 28.93%
MedSynNet 66.84% 70.81% 1891% | 73.09% 77.13% 24.37% | 79.41%  83.35% 31.89%
—Knowledge Embedding | 64.91%  69.07% 14.58% | 71.56%  75.77%  20.73% | 79.12%  83.14% 30.52%
—TransC (TransE only) 65.80% 69.92% 15.95% | 71.44% 75.79% 18.91% | 78.94% 83.18% 27.80%
—Direct Addition 63.51%  67.19%  19.13% | 70.85%  74.47%  27.10% | 78.13%  81.77% 34.17%
—Ernie Fusion 61.98%  65.85% 15.26% | 68.63%  72.54% 21.41% | 76.28%  80.29% 27.79%

 MedSynNet beats all baselines

* Knowledge embedding plays a significant role in improving performance

15
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Summary

EE T A SRS

* MedSynNet to tackle the task of medical entity synonyms discovery in
* resolving OOV by newly learned character embeddings and map them into

the same space
* learning knowledge information by TransC-TransE model

* designing a fusion gate to adaptively include knowledge information into the

semantic features

* The first health insurance benchmark consists of

* a large-scale Chinese health insurance related knowledge graph in multiple

domains
* a dataset of annotated mention-to-entity pairs of diseases
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Motivation
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Qur Proposal PEESZASIRE

« BXRBRFRIERIE R (Monte Carlo Tree Search, MCTS){E A 5R14 5 > R Y

RRIEMINNER, Z55Dueling Network3R 3 2 48 X 15 5l 52 S #470L1L

NG
/

|"

AL O \x sk o
@

\ y Monte Carlo Tree Search

UCTp(s,a) = %((55‘:)) +c-A(s,a)- \/2 In N(s)

[
- |

\

4

» Advantage function: branch exploration priority

» Rollout evaluation (Simulation): state value function as
depth-wise summary »



Reinforcement Learning Architecture FE¥=AGRE

BT ER:
* 1B1d Dueling NetworkZ5 Y 3 1A SRS ARERFKIU S L F R BAVR S HE R £
- BEREFIUGHANBEREIR SEMEHE

o M B SE R R SR ER
BT AT B AR SR IERR, F BB ARSI ER BT
B R, A& MERNITERIBEITITS, P IR AXHE R

* )

|
Training Stage I Testing Stage
e-greedy l
Value Func | | Value Func Model
I
. Q(s, a) e_Dec:s:on.-tlme
Model Dipet Action | Planning
I a* = aIgtrzna.xQ(s, a)
| v
: R?al s TR | Action
Supervised | Experiences | Interaction with I
Learning Env |
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Experimental Setup and Results PEFEZASIRE

Task Description
» Movie-ticket booking, 280 user goals, 11 intents, 16 slots
» Agenda-based user simulator

» Evaluation metrics: success rate, cumulative rewards, dialogue

turns : : :
Agent Episodes 100 Episodes200 Episodes300
Success Return Turns Success Return Turns Success Return  Turns
DON? 2867 -17.35 25.51 6733 3248 18.64 7667 46.87 12.27
DDQ{ﬁ}] 6056 2035  26.65 128 36.76 19.55 1372 39.97 18.99
DDQ(5)? L6200 2542 1996 7733 4545 16.69 7467 4322  14.76
DDQ(5)" 6456 2848 21.83  .6394 2096 17.28 6344 28.34 18.92
DDQ(10)" 6624 28.18 24.62 7664 4246 21.01 1840 45.11 19.94
DDQ(10)? 6800 3442 16,36  .6000 2420  17.60 3733 -2.11 15.81
DDQ(10)* 6254 2571 22,59  .6759 31.99 1961 7209 39.24  17.92
DDQ(20)? 3333 -13.88 2076 4467 539 1841 3800 -1.75 16.69
DDQ(20)? 7076 4573 16.15 8182 5133 1615 .7968 4837 15.65
Switch-DDQ?  .5200 1548 15.84 8533 56.63 13.53 1800 4849 12.21
DDU 4675 14.15 24.01 611 3389 1741 8562 43.07 15.69

MCTS-DDU 7312 46.63 1977 909 5726 1279 9314 55.87 1213

s AR E X IEREESH, XNELEARIRNSOTAT R, A EEE 7TESK
TR M86%Z93% I B K M BEIR T,
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DeepFM 0.344 0.341

DAKUN(De 0.332 0.332
epFM+XC
AER)

DAKUN(%1 0.328 0.328
IR RR)

PEEZA SR

LossiY{E

MZERP IR LER

1. BN X AR EIE XA AIDAKUNAEZE AE X B Al

0.342 0.719 0.718 0.718 *,%EETE}I'Z.S%(Z@XTTE)AUUEO
0.332 0.741 0.742 0.741
2 FERRE XAIE XA EREM F #— P F R
FNREE, H—FRF~ 1% HE)BAUCHE.,
0.328 0.750 0.748 0.749
LIS XL R &

0 5.11-5.17 HREt AT, 5. 18H R ITIN,
BARDZANHAE, BADPFZALEHRK

S 3]3 % 750.001, epoch A5
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