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Introduction

* CRIM - Hybrid Approach

» Combination of two approaches

‘ unsupervised + supervised

= Unsupervised : Pattern-based approach
= Supervised : Projection learning approach

» Dataset — SemEval2018 (general, medical, music)

= 2 query types, concept and named entity
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Method

* CRIM - Hybrid Approach

» Unsupervised — Pattern-based hypernym discovery

= Pattern-based approach is known to suffer from low recall.
® Propose algorithm for increasing recall.

@D input query q, Create empty set Q.

@ Find co-hyponym(q’) by using patterns.

enumeration patterns

Y
”X]JXZ and X3” /’\
=  X;,X,, X5 are co-hyponym. X4 X, X3
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Method

* CRIM - Hybrid Approach

» Unsupervised — Pattern-based hypernym discovery

3 Insert ¢’ to Q and record frequency.

@ Score each co-hyponym q' € Q, and rank top-n. (in this paper n = 5)

Score = frequency(q') - similarity(q,q")

Top-n (if n=3)
Embedding Scorel
_» embedding of q Score?
_v embedding of ¢’ Score3
Score4 Discard

= Similarity is cosine similarity of embeddings of g and q’.
= Discard rest of ranking words q’ from Q.
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Method

* CRIM - Hybrid Approach

» Unsupervised — Pattern-based hypernym discovery

® Add query q to Q. Create empty set of hypernyms H,.

® Foreach q' € Q, search hypernym of q’ from corpus and add to H,.

q/ € Q Hearst’s patterns
“Y such as X”
corpus “Y other tan X”

*  Find hypernym by using Hearst’s Patterns.
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Method

* CRIM - Hybrid Approach

» Unsupervised — Pattern-based hypernym discovery
@ Score each candidate ¢ € H g4, and rank.

Score = frequency(c) - similarity(c,q)

Embedding
embedding of g output

embedding of ¢ ‘ sorted [scorel,score2,score3 ..]

= Similarity is cosine similarity of embeddings of ¢ and q.
= Qutput hypernym candidates according to score.

CAU Machine Intelligence LAB



Method

* CRIM - Hybrid Approach

» Supervised — Learning projections for hypernym discovery

query q —>
Decision function likelihood
candidate hypernym h —

=  Apply decision function to all candidate hypernyms.
* Input embeddings of q and h.

e  Model

Embedding
_» embedding of q

— eq, €n
_y embedding of h

" Forinput term q and h, search embedding e, e}, € R*1
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Method

* CRIM - Hybrid Approach

» Supervised — Learning projections for hypernym discovery

*  Model
_ —_ T
Zk ~— N
N d .

T d Ju—

Pi = (¢l . eq)T,i € {1, ,k}

= 3-D projection matrix ¢p; € R**4 for i € {1, ..., k}, producing matrix P € Rk*¢
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Method

* CRIM - Hybrid Approach

» Supervised — Learning projections for hypernym discovery

*  Model
d P X en. )1 =] s |)1
N —_
d k
N

k
s=P-e,,s € R1

= Pis k projections of e, calculate similarity of P and ep,.

CAU Machine Intelligence LAB 9/21



Method

* CRIM - Hybrid Approach

» Supervised — Learning projections for hypernym discovery

*  Model
y=0W:-s+b)

= For s, affine transformation and sigmoid activation.
= Logistic regression, likelihood of hypernym.

query q —T1—>
get embeddings projection and similarity logistic regression

al likelihood for all
' {[ | @} ] @> =l A—_j | candidate hypernym
T h L= {llr er l3 }
1 |
candidate hypernym select top-ranked ones
h - {hl, hz, h3 }
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Method

* CRIM - Hybrid Approach

» Supervised — Learning projections for hypernym discovery
* Training
= Train the model using negative sampling.

= For each pair of (query, hypernym), generate m of negative samples.
= Loss for binary cross-entropy.

= Minimize loss by using Adam optimizer.

H(g,h,t) =t Xlog(y) + (1 —t)log(1l—y)

g, h, t indicate query, candidate hypernym, target(1 for positive, O for negative) respectively
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Method

* CRIM - Hybrid Approach

» Combination each approach

= Take top-100 candidates according to each(pattern-based, learning projection).
= Normalize scores and sum, rerank the candidates new score
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Result

e Result of CRIM

Test set 1A Test set 2A Test set 2B

MAP MRR P@l | MAP MRR P@l | MAP MRR P@]
Hybrid run 1 19.78 36.10 29.67 | 34.05 54.64 4920 | 4097 60.93 48.20
Hybrid run 2 19.54 3594 29.67 | 31.54 46.19 41.40 | 40.88 60.18 47.60
Supervised run 1 19.09 3453 2833 | 30.63 44.18 40.00 | 38.24 5345 38.20
Supervised run 2 19.11 3499 2880 | 28.51 37.63 3440 | 3995 57.34 43.00
Unsupervised 736 1544 1073 | 21.74 47.85 38.60 | 15.86 3498 28.60
BaselineSUP 10,60 23.83 19.73 | 18.84 41.07 3540 | 1299 39.36 33.20
BaselineMFH 877 21.39 19.80 | 2893 35,80 32.60 | 33.32 5148 36.20
Hybrid cross-eval N/A  N/A  N/A | 27.18 4951 43.20 | 21.02 37.55 29.20
Supervised cross-eval N/A N/A  N/A | 22890 3830 30.60 | 16.80 29.28 19.20
BaselineSUP cross-eval | N/A  N/A  N/A | 11.66 23.83 17.20| 631 1654 9.60

= Run 1 used data augmentation.
= MAP(Mean Average Precision), MRR(Mean reciprocal rank), P@1(Precision at rank1)
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Others

* Hybrid SVD & NN

General Medical Music
Model Variant MAP MRR P@5|MAP MRR P@5| MAP MRR P@5
Count Hearst Patterns 4.60 1170 410 |14.99 43.18 13.70| 7.65 26.14 6.76
SVD Hearst Patterns 6.19 1512  5.65 |15.80 47.01 14.53| 8.89 29.63 8.05
Hypernyms of Nearest Neighbor| 9.85 2456  8.76 [29.57 48.18 34.10|38.65 72.77 38.45
Hybrid of Raw Count & NN 1482 3261 13.80]3529 6359 3873[2822 61.26 30.67
Hybrid of SVD & NN 1597 34.07 15.00)37.85 64.47 40.1954.62 77.24 355.08
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Use Combination of two approaches(Pattern-based, Distributional).
Use extended Hearst-pattern(47) and for increasing recall, SVD to co-occurrence matrix of Hearst Pattern.
Single nearest neighbor approach, use cosine-similarity of vector representations.
Compare to CRIM, 2(Medical, Music) tasks are better than previous.




Others

SPON-Strict Partial Order Network

Loss Layer

ReL.U Layer

Bias Vector by

Weight Vector w,

Input vector ¥

f@) =%+gX)

d
Y(x,y) = ) max(0, e+ f@; - )

X

scalar hyper-parameter

=  Comprising of non-negative activations and residual connections.

= Use negative sampling for training.
= Augmented SPON is allow OOV input.
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Others

e  SPONS-Strict Partial Order Network

English Spanish Ttalian STAP ﬁ'ﬂz Sas

MAP | MRR | P@5 | MAP | MRR | P@5 || MAP | MRR | P@5 CRIM T 2097 T 60031 4131

CRIM 19.78 T 36.10 | 19.03 — — — — — — “SPON | 54.70 | 71.20 | 56.30
NLP HZ | 937 | 17.29 | 9.19 || 20.04 | 2827 | 20.39 || 11.37 | 19.10 | 11.23 dical

300-sparsans | 8.95 | 19.44 | 8.63 | 17.94 | 37.56 | 17.06 || 12.08 | 25.14 | I1.73 MAP | MRR | P@5

SPON | 20.20 | 36.95 | 10.40 || 32.64 | 5048 | 32.76 || 17.88 | 29.80 | 1795 O aran {08 | 2817

= Compare to CRIM, except 1 task(Medical), other tasks are better than previous.
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Others

* Recurrent Mapping Model

= X € R¥*1 4, € RI*d

Mapping = B , t = AlX

e ) i h, € R [t jeyel

g

hipr = Wyhy, Wy e R4 hy =t

N | hiy1 =hiy1 +

Assume hypernym terms may come from different concept levels.
Comprising with recurrent structure and residual connections.

Wy is learnable projection matrix, and shared during each Mapping unit.

o)
L/
D
Mapping |
Unit

CAU Machine Intelligence LAB 17/21



Others

* Recurrent Mapping Model

----------

<
Unit | ; r=16xp(hy - y)

L
Mapping H= a - hl
Unit ;
N | =1
Sy = H - y

=  Weight vector can get by calculating h; and candidate hypernym.
= Attention weight of level is viewed as prob of lying in level.

o)
L/
D
Mapping | L
Unit
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Others

* Recurrent Mapping Model

1A 2A 2B
Model MAP MRR P@5 | MAP MRR P@5 | MAP MRR P@5
MFH 877 21.39 7.8l 28.93 3580 3420 | 3332 5148 35.76
VvIE 10.60 23.83 991 18.84 41.07 20.71 | 1299 3936 12.41
Sparsans | 8.95 19.44  8.63 1794 3756 17.06 | 12.08 25.14 11.73
NLP-HZ | 9.37 1729  9.19 | 20.04 28.27 20.39 | 11.37 19.19 11.23
Hybrid | 15.97 34.07 15.00 | 37.85 64.47 40.19 | 54.62 77.24 55.08
CRIM 19.78  36.10 19.03 | 34.05 5464 36.77 | 40.97 6093 41.31
SPON 20.20  36.95 19.40 | 33.50 50.60 35.10 | 54.70  71.20 _56.30
27.12  39.07 23.41 | 38.56 (5489 37.17 ||63.86 | 74.75 | 61.61
+0.12 +£0.42 +£0.22 | =0.34 4+0.63 +0.33 | £0.06 £0.52 +£0.25

RMM

= Compare to others, except 3 metrics(Medical-MRR, P@5 and Music-MRR) ,others are better than previous.
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