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Objective

" How position-wise embedding (unsupervised) could help the downstream
WSD task.

* How information from descriptive linguistic knowledge graphs (WordNet) can

be incorporated into neural network architectures to solve and improve the
linguistic WSD task.

Back in the day, we had an entire bank of computers devoted to this problem.
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Contributions & Highlights

" Propose a semi-supervised neural system named Position-wise
Orthogonal Knowledge-Enhanced Disambiguator (PoKED), supporting
attention-driven, long-range dependency modeling.

" |ncorporate position-wise encoding into an orthogonal framework and
applies a knowledge-based attentive neural model to solve the WSD
problem.

" Propose to use the semantic relations in the WordNet, by extracting
semantic level inter-word connections from each document-sentence pair
in the WSD dataset.

= PoKED achieves better performance than state-of-the-art knowledge-
based WSD systems on standard benchmarks.



Human Semantic Knowledge

Document: This document is a summary of the Furopean Public As-
sessment Report (EPAR). It explains how the Committee for Medicinal

is Products for Human Use (CHMP) assessed the studies performed, to
. reach their recommendations on how to use the medicine. If you need
essential to WSD. more information about your medical condition or your treatment, read

the Package Leafiet (also part of the EPAR) or contact your doctor or
pharmacist. If you want more information on the basis of the CHMP
recommendation, read the Scientific Discussion (also part of the EPAR).

Document is a

Sentence: This document is a summary of the European Public As-

of InformatIOn, or sessment Report (EPAR).
in fO rmation is a Answer:  <noun.communication>[10] S: (n) document.01 (docu-
ment%1:10:00::), written document.01 (written_document%1:10:00::),
of document. papers.01 (papers%1:10:00::) (writing that provides information (espe-

ctally information of an official nature))
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PoNet (Unsupervised Language Model)

Back in the day, we had an entire bank of computers devoted to this problem.
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Position-wise Encoding

S ={wy,--- ,wn} :Asequence of N words from vocabulary V

WORD  1-OFK ANY SEQUENCE Position-wise Encoding

wo 1000000 We 0,0,0,0,0,0,1

w; 0100000 We, Wa 0,0,0,0,1,0,a

w, 0010000 W, Wi, W 0,0,0,0,a, 1, a?

ws 0001000 W, Wy, We, Wo 1,0,0,0,a2,a,a®

Wy 0000100 We, W) Ws, Wo, Ws a,0,0,0,a3,1+ a2, a*

ws 0000010 We, W) Ws, Wo, We, Wy @?,0,0,0,1+ a* a+ a*,a®
wg 0000001




Position-wise Encoding

= Generate augmented encoding codes by concatenating two codes using
two different forgetting factors.

= Represent both short-term and long-term dependencies.
= Maintain the sensitivity to both nearby and faraway context.

Back in the day, we had an entire bank of computers devoted to this problem.
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Orthogonal Framework

= Introduce a linear orthogonal
projection to reduce the
dimensionality of the raw high-
dimension data and then uses a
finite mixture distribution to
model the extracted features.

= Each hidden layer can be viewed
as an orthogonal model being
composed of the feature
extraction stage and data
modeling stage.
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[Zhang et al,, 2016 Wei et al., 2020]




Context Embeddings

Backin the day, we had an entire bank of computers devoted to this problem.
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KED (Supervised Knowledge-based Attentive Model
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Data Enrichment with WordNet
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Data Enrichment with WordNet

Algorithm Extract semantic level inter-word connections from each document-sentence pair

procedure EXTRACT(D,S)
Input: Given a document D and a relevant sentence S.
Output: Return the extraction results on D and S

for each document word d; in D do

Za; + {7 € {1, ..,n\{i} : (®a, UPa,) N Pa, # 0} > Obtain the extraction results Z,
for each sentence word s; in S do -
Zs. + i€ {1,...,n}\{i} : (®s, U®s,) NP, # 0} > Obtain the extraction results Z,
®,, : directly-involved synsets ®,, :indirectly-involved synsets

keratin.n.01 ‘ feather.n.01 - bird.n.01 - parrot.n.01

[substance holonym } [ part holonym } [ hyponym }




KED (Supervised Knowledge-based Attentive Model)
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Experiments and Results

Model S2  S3 SE07 SE13 SEI5|ALL N VA R
. MFS 647 654 539 629  66.6 | 641 681 495 741  80.6
S Babelfy 67.0 635 516 664 703 | 655 686 499 732 79.8
£ ppras 68.8 661 530 688 703 | 673 - - . -
£ WSD-TM 69.0 669 556 653 69.6 | 669 697 512 760 809
2 WSDG 689 655 545 670 728 | 672 704 513 757 80.6
 POKED, (ours) 68.8 674 546 652 705 | 670 70.1 508 755 79.7 :
. PoKEDg (ours) 69.5 67.0 558 673 728 | 674 705 514 762 808
PoKED., (ours) 69.8 67.1 560 615 727 | 677 708 516 762 80.6
IMS 70.9 693 613 653  69.5 | 689 705 558 756 82.9
IMS,.2, 722 704 626 659 715 | 70.1 719 566 759 847
s Yuanisiu 73.8 718 635 695 726 | 715 - - . -
2 Raganatomsry 720 69.1 648 669 715 | 699 715 575 750 838
GAS 722705 - 672 726 | - . - . -
fastSense 73.5 735 624 662 132 | - . - . -
GLU-LW 755 734 685 710 762 | - . - . -
GlossBERT 765 734 692 751 795 | - . - . -




Experiments and Results

Ablation Study on Knowledge-Enhancement

Model S2 S3 SEKEO07 SE13 SEKEI1S5

PoKED,, 68.8 674 546 652 705
- w/o knowledge-enhancement 64.3 63.5 502 614  65.1

Performance Drop (%) V-45 V-39 V-44 V-38 V-54



Experiments and Results

Effectiveness of General Knowledge Extraction

#average S2  #average S3  #average SEO07 #average SE13 #average SEIS5
0.51 67.1 0.47 65.6 0.30 52.7 0.29 63.2 0.36 67.1
0.92 67.7 0.84 66.2 0.51 534 0.41 63.6 0.68 68.4

1.47 68.1 1.32 66.5 1.93 53.9 0.93 64.1 2.03 69.6

L
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#average: average number of inter-word connections per word.
Bold font: best performance.



Experiments and Results
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