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Figure 6: The number of negative samples affects the inner
product between vectors and the mean vector. Results are
indistinguishable across 10 initializations for each value.
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o iFH: Link Prediction, Entity Classification
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Type Model Score Function o(h,r,t)
TransE (Bordes et al., 2013) —||lh+r —t,
Additive TransR (Lin et al., 2015) — ||M,h+r — M. t||,
STransE (Nguyen et al., 2016) | — || h+r — M7t||,
DistMult (Yang et al., 2014) r'(hot)
Multiplicative HolE (Nickel et al., 2016) r' (hxt)
ComplEx (Trouillon et al., 2016) Re(rT (h®t))

cf. KNEET S TNDIBOHIAHE FDIAB[MTE17]

http://www.kecl.ntt.co.jp/icl/lire/members/hayashi/files/stairs-hayashil7.pdf
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|»

ATM®D 53 8% (vector spread): vs(v) = |V|Z
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2
(ATM(V V)—Conicity (V))

t Conicity = 0.99

Conicity = 0.69
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Figure 4: Conicity (left) and Average Vector Length (right) vs Number of negative samples for entity
vectors learned using various KG embedding methods. In each bar group, first three models are additive,
while the last three are multiplicative. Main findings from these plots are summarized in Section 6.2
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Figure 5: Conicity (left) and Average Vector Length (right) vs Number of Dimensions for entity vectors
learned using various KG embedding methods. In each bar group, first three models are additive, while
the last three are multiplicative. Main findings from these plots are summarized in Section 6.3.
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* In Figure 6 (right), for all multiplicative models except HolE,
a higher average entity vector length translates to better
performance, while the number of negative samples is kept fixed
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Figure 3: Relationship between Performance (HITS@10) on a link prediction task vs Conicity (left) and
Avg. Vector Length (right) on FB15k dataset. For each point, N represents the number of negative
samples used. Models with same number of negative samples are connected by line segment. This
demonstrates that model performance has negative correlation with Conicity while positive correlation
with average vector length for fixed number of negatives. Main findings are summarized in Section 3.



