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Taxonomy Completion via Triplet Matching Network
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Automatically constructing taxonomy finds many applications in e- S 5 ;er - Primal and Audlary Seorers >
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: : | L
discovering both the hypernym and hyponym for a query. (______t<_Pl@???@ﬁ_'ﬁfﬁfﬁﬁlf??ture’Z_—_________X__ ~N . o |
We propose Triplet Matching Network (TMN), to find the appropriate - - ™M s [T
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Experiments on four real-world large-scale datasets show that TMN | | S I : :
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achieves the best performance on both taxonomy completion task
and the previous taxonomy expansion task, outperforming existing SELF-SUPERVISION & LEARNING
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pisting Comomnts | Temating Efect Algorithm 1: Self-supervised learning of TMN
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one model f(- . D
Output: Learned model parameters O. construct a positive pair
2 1 Randomly initialize ©O; ) .
= SsD . : 2 while £(©) in Eq. (13) not converge do ( Ny, N ) using one of its
N JAN I\ e ) 3 Enurlnerate nodes in 7° and sample B nodes without parents and one of
Que Candidate Position Label replacement; :
s ” — ” 4 D = {} # current batch of training instances; children.
mart Phone < Electronic Device, CPU > Positive .
— _ _ 5 for each sampled node n, do Negative samples from
Smart Phone < Electronic Device, HDD > Partially-correct Negative 6 Select one of its parents n,, and one of its children ) ]
Smart Phone < Desktop, CPU> Partially-correct Negative n. to construct positive triple (n,, (n,,n:)) valid candidates and
Smart Phone < Desktop, Keyboard> Negative Generate N negative triples {(n,, (n;, Tllc>>|lli ¥ label them acco rding to
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EXPERIMENT RESULTS

In this work, we seek to learn a model s: NX(NXN) — R with
parameter @ that can measure the relatedness of a query concept n,

and a candidate position, i.e., a pair of concepts t = (n,,n.), in (Dataset Ablation Stud 3
existing taxonomy 70 . A straightforward instantiation of s is as y
follows: Dataset N €] |D| Method MAG-Psychology
MR MRR Recall@10 Prec@10
S (qu; ny,, nc) — f( X, [ X, xc]) — f( X, xt) MAG-CS 24,754 42,329 6
. ) | MAG-Psychology 23,187 30,041 6  TMNw/oCG | 265729 0.385  0.298 0.061
ope . WordNet-Verb 13,936 13,408 13 TMNw/os1&s, | 258.382  0.458 0.368 0.075
AUX' I Iary Lea rnlng WordNet-Noun 83.073 76812 20 TMN w/o s 269.058 0.471 0.382 0.123
"We devel o] T both n ‘ i TMNw/o s, | 229.306 0474  0.381 0.078
We deve op Mmu tlp € auXxiliary Scorers to ca ptu re poth coarse- an TMN w/o s3 342.021 0.326 0213 0.043
fine-grained relatedness in one-to-pair matching, and one primal| | Overall Performance TMN 212.298 0471 0377 0.077
scorer that inputs the internal feature representations of all auxiliary Method | MAG-Psychology
. . | MR MRR Recall@1 Recall @5 Recall@10 Prec@1 Prec@5 Prec@10
scorers and outputs final matching scores. _ _ Closest-Position 5201.604 0.168 0.030 0.072 0.107 0.062 0.029 0.022
Single Layer Model 435.548 +4.057 0.350 +0.002 0.090 £+ 0.003 0.209 4+ 0.002 0.274 +£0.003 0.183 £+ 0.006 0.085 + 0.001 0.056 + 0.001
[1 . k] Xq Multiple Layer Model 297.644 + 8.097 0.413 +0.002 0.110 + 0.001 0.265 4+ 0.004 0.334 + 0.002 0.224 + 0.003 0.108 + 0.001 0.068 + 0.000
h ( X, X¢ ) = X4 W X + V -+ b Bilinear Model 2113.024 £9.231 0.032 +0.000 0.000 & 0.000 0.001 & 0.000 0.003 & 0.000 0.000 = 0.000 0.000 + 0.000 0.001 + 0.000
X ¢ Neural Tensor Network | 299.004 + 6.294  0.380 + 0.004 0.066 4+ 0.004 0.207 4+ 0.002 0.291 £+ 0.004 0.134 +0.008 0.084 + 0.001 0.059 + 0.001
TaxoExpan 728.725 £2.096 0.253 +£0.001 0.015 +0.001 0.092 4+ 0.001 0.163 £ 0.001 0.031 £ 0.001 0.038 £+ 0.000 0.033 + 0.000
- - ARBORIST 547.723 +20.165 0.344 +0.012 0.062 +0.009 0.185 £+ 0.011 0.256 +0.013 0.126 £ 0.018 0.076 & 0.004 0.052 + 0.003
T TMN 212.298 + 3.051 0.471 £ 0.001 0.141 + 0.001 0.305 4+ 0.004 0.377 £+ 0.002 0.287 + 0.001 0.124 + 0.001 0.077 + 0.000
Sprimal (Ng; Tp, Ne) = u, o([hy,..., h) |
Method | WordNet-Verb
. T | MR MRR Recall@1 Recall@5 Recall@10 Prec@1 Prec@5 Prec@10
51 (nq > Tp ) —Wo (hl (Xq » Xp )) Closest-Position 34778.772 0.144 0.011 0.045 0.075 0.020 0.016 0.013
T (h ageloies, | TUIOLUM oLt Mmiom bomioi omion spuiown cusiodn oossom
j— ultiple Layer odae . . . . . . . . . . . . . . . .
82 (nq ) nc) o u2 o ( 2 (Xq ? XC) ) Birl)inear}ll\/lodel 1863.915 + 5.685 0.175 £ 0.001 0.012 £0.001 0.054 £ 0.000 0.096 + 0.001 0.017 +£0.001 0.016 & 0.000 0.015 + 0.000
T (h N Tk | BSLIIAR S Lo b aimiote wmiiocy emow o teriomd
- 53 (nq > p nc) — Uszo ( 3 (Xq ) [Xp ’ XC] ) ) Y ARBORIST 1637.025 £ 4950  0.206 +0.011 0.016 +0.004 0.073 +0.011 0.116+0.011 0.024 +0.006 0.022 +0.003 0.018 % 0.002
° ° ° TMN | 1445.801 4+ 27.209  0.304 £ 0.005 0.072 +0.003 0.163 +0.005 0.215 4 0.001 0.108 & 0.005 0.049 £ 0.002  0.032 =+ 0.000
Channel-wise Gating Mechanism , :
p ~ | TMN can be easily reduced to taxonomy expansion. TaxoExpan and ARBORIST
Concepts under the same ancestor are semantically related to each | | ;e girectly trained on taxonomy expansion task while TMN is trained on
other, which makes it challenging for model to learn the true _completion task. TMN outperforms the others in both dataset with a large margin. |

taxonomic relations based on concept embeddings, especially in
bottom-level of a taxonomy.
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CONCLUSION & FUTURE WORK

We study taxonomy completion without manually labeled supervised data. We |

= gp © X, propose a novel TMN framework to solve the one-to-pair matching problem in
g. = 0(Walx,, X,, X)) taxonomy completion, which can be applied on other applications where one-to-
. air matching problem exists.
k — o, OX, J P gp

Interesting future work includes leveraging current method to cleaning the existing
taxonomy, and incorporating feedback from downstream to generate more diverse
(auxiliary) supervision signals for taxonomy completion.
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