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Figure 4: Comparison between our neighborhood sampling strategy and random sampling on S-DBP15K.
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Figure 5: Visualization of attention weights in the
neighborhood matching module for the example of
Paramount Pictures. The green and blue words are two
pairs of equivalent neighbors.

strategies, we compare our NMN with a variant
that uses random sampling strategy on S-DBP15K
datasets. Figure 4 illustrates the Hits@1 of
NMN using our designed graph sampling method
(Sec. 3.3) and a random-sampling-based variant
when sampling different number of neighbors. Our
NMN consistently delivers better results compared
to the variant, showing that our sampling strategy
can effectively select more informative neighbors.

Impact of neighborhood sampling size. From
Figure 4, for S-DBP15KZH � EN , both models
reach a performance plateau with a sampling size
of 3, and using a bigger sampling size would lead to
performance degradation. For S-DBP15KJA � EN
and S-DBP15KF R � EN , we observe that our NMN
performs similarly when sampling different num-
ber of neighbors. From Table 1, we can see
that S-DBP15KZH � EN is more sparse than S-
DBP15KJA � EN and S-DBP15KF R � EN . All
models deliver much lower performance on S-
DBP15KZH � EN . Therefore, the neighbor quality
of this dataset might be poor, and a larger sampling
size will introduce more noise. On the other hand,
the neighbors in JA-EN and FR-EN datasets might
be more informative. Thus, NMN is not sensitive
to the sampling size on these two datasets.

How does the neighborhood matching module
work? In an attempt to understand how our
neighborhood matching strategy helps alignment,
we visualize the attention weights in the neighbor-
hood matching module. Considering an equivalent

entity pair in DBP15KZH � EN , both of which indi-
cate an American film studio Paramount Pictures.
From Figure 5, we can see that the five neighbors
sampled by our sampling module for each central
entity are very informative ones for aligning the
two central entities, such as the famous movies re-
leased by Paramount Pictures, the parent company
and subsidiary of Paramount Pictures. This demon-
strates the effectiveness of our sampling strategy
again. Among the sampled neighbors, there are
also two pairs of common neighbors (indicate Sav-
ing Private Ryan and Viacom). We observe that
for each pair of equivalent neighbors, one neigh-
bor can be particularly attended by its counterpart
(the corresponding square has a darker color). This
example clearly demonstrates that our neighbor-
hood matching module can accurately estimate the
neighborhood similarity by accurately detecting the
similar neighbors.

6 Conclusion

We have presented NMN, a novel embedded-based
framework for entity alignment. NMN tackles
the ubiquitous neighborhood heterogeneity in KGs.
We achieve this by using a new sampling-based
approach to choose the most informative neigh-
bors for each entity. As a departure from prior
works, NMN simultaneously estimates the similar-
ity of two entities, by considering both topological
structure and neighborhood similarity. We perform
extensive experiments on real-world datasets and
compare NMN against 12 recent embedded-based
methods. Experimental results show that NMN
achieves the best and more robust performance,
consistently outperforming competitive methods
across datasets and evaluation metrics.
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