




233

experiments. We use Softmax as probability func-
tion, and negative sampling and SGD for efficient
optimization (Mikolov et al., 2013a).

6 Experiments
In this section, we describe some qualitative
analysis with nearest neighbors and quantita-
tive experiments with the tasks of word trans-
lation, entity relatedness and cross-lingual en-
tity linking to verify the quality of cross-
lingual word embeddings, entity embeddings
and the joint inference among them, respec-
tively. The codes of our proposed model
can be found in https://github.com/
TaoMiner/MultiLingualEmbedding.

6.1 Experiment Settings

Word Entity
vocab (m) token (b) vocab (m) token (b)

En 1.99 1.90 3.94 0.41
Zh 0.55 0.17 0.58 0.06
Es 0.70 0.48 0.70 0.04
Ja 0.46 0.45 0.88 0.08
It 0.67 0.40 1.09 0.12
Tr 0.33 0.05 0.22 0.01

Table 1: Multi-lingual KB Statistics.

We choose Wikipedia, the April 2017 dump, as
multi-lingual KB and six popular languages for
evaluation. The preprocessing consists of follow-
ing steps: converting texts into lower cases, filter-
ing out symbols and low frequency words and en-
tities (less than 5), and tokenizing Chinese corpus
using Jieba4 and Japanese corpus using mecab5.
The statistics is listed in Table 1. For brevity, we
adopt two-letter abbreviations: ‘En’, ‘Zh’, ‘Es’,
‘Ja’, ‘It’ and ‘Tr’ for English, Chinese, Span-
ish, Japanese, Italian and Turkish, respectively.
The token sub-column denotes the total number of
word/entity in the entire training corpus, and we
use ‘m’ to denote million and ‘b’ for billion.
For cross-lingual settings, we choose five lan-

guage pairs to compare with state-of-the-art meth-
ods, whose statistics is listed in Table 2.
We trained our method using the suggested

parameters in Skip-gram model (Mikolov et al.,
2013c) and evaluate the embeddings shared by all
tasks for fairly comparison. We set training epoch
as 2 to ensure convergence, which costs nearly 20

4https://github.com/fxsjy/jieba
5http://taku910.github.io/mecab/

Cross-lingual Comparable Bilingual EN
Links (m) Sentences(m) E(m) R(b)

Es-En 0.82 4.66 4.64 0.58
Zh-En 0.51 2.02 4.52 0.57
Ja-Zh 0.26 1.04 1.46 0.19
It-En 0.74 3.83 5.03 0.68
Tr-En 0.15 0.75 4.16 0.44

Table 2: Cross-lingual Data Statistics.

hours on the server with 64 core CPU and 188GB
memory. The embedding dimension is set to 200
and context window size is 5. For each positive
example, we sample 5 negative examples.

6.2 Qualitative Analysis

Translation words (Chinese)
篮球 (+),篮球队 (basketball team),湖人 (lakers),男子
篮球 (men’s basketball),湖人队 (the lakers),国王队 (the
Kings),美式足球 (American football),中锋 (center)
Nearest entities (Chinese)
NBA,篮球 (Basketball) ,控球后卫 (Point guard), NBA
选秀 (draft), 香港男子甲一组男子篮球联赛 (Hong
Kong men’s top basketball league), 橄榄球 (American
football),东方篮球队 (Eastern basketball team)
Nearest words
nba, wnba, player, twyman, professional, pick, 76ers
Nearest entities
Professional sports, Varsity letter, Sports agent, All-
America, Final four, All-star, College basketball

Table 3: Cross-lingual nearest words and entities of En-
glish word basketball.

Wemanually checked nearest neighbors to have
a straightforward impression of the quality of our
embeddings. The nearest neighbors of English
word basketball is listed in Table 3.
As Table 3 shows, we find the correct translation

ranked at top 1 (marked by +), and the listed words
as well as English nearest words are all basketball
related, indicating a higher quality of our cross-
lingual word embeddings. Interestingly, we found
that although all nearest entities are sports related,
e.g., NBA or Professional sports, there is an ob-
vious culture divergence between Chinese entities
and English entities, such asHongKong basketball
league v.s. All-America.

6.3 Word Translation
Following (Zhang et al., 2017b), we test our cross-
lingual word embeddings on benchmark dataset
including over 2,000 bilingual word pairs on av-
erage. The ground truth is obtained from Open

https://github.com/TaoMiner/MultiLingualEmbedding
https://github.com/TaoMiner/MultiLingualEmbedding
https://github.com/fxsjy/jieba
http://taku910.github.io/mecab/
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Es-En It-En Ja-Zh Tr-En Zh-En
large small large small large small large small large small

TM - 48.61 - 37.95 - 26.67 - 11.15 4.79 21.79
IA - 60.41 - 46.52 - 36.35 - 17.11 7.08 32.29
Bilbowa 53 65.96 - - - - - - - -
BWESG 48.88 66.38 36.84 51.29 30.93 37.80 21.36 35.59 20.57 29.17
Adversarial - 71.97 - 58.60 - 43.02 - 17.18 7.92 43.31
Ours-noatt 68.34 77.1 62.22 65.90 37.00 42.30 57.47 60.51 35.90 42.80
Ours 70.41 78.50 63.07 67.85 41.30 46.70 54.40 59.31 35.66 44.67

Table 4: Word Translation.

Multilingual WordNet6 or Google translation. We
compare all methods using the same vocabulary,
and analyze the vocabulary size’s impact by set-
ting a nearly 5k small scale and 50k large scale.
We choose several state-of-the-art methods as

baseline, using different level of parallel data: (1)
TM (Mikolov et al., 2013b), IA (Zhang et al.,
2016) are pioneers and popular transformation
based methods using bilingual lexicon. (2) Bil-
bowa (Gouws et al., 2015) is typical work using
parallel sentences and performs quite well. (3)
BWESG (Vulic and Moens, 2016) is similar to
our method and achieves best performance in the
literature of using comparable data. (4) Adver-
sarial model (Zhang et al., 2017b) is the state-of-
the-arts without parallel data. Besides, we re-
move attention from our method to investigate the
impacts from attention mechanisms, marked with
Ours-noatt.
For fair comparison, we report the results in

original paper (Zhang et al., 2017b) except Bil-
bowa and BWESG, which didn’t report their re-
sults on the same benchmark datasets. So, we care-
fully implement them using released codes on the
same training corpus as ours with suggested pa-
rameters. Nevertheless, we do not have perfor-
mance reports of Zh-En, It-En, Tr-En and Ja-Zh
with Bilbowa due to the lack of parallel data used
in the original paper. As shown in Table 4, we can
see:

• Our proposed method significantly outper-
forms all the baseline methods with average
gains of 21% and 9.1% on large and small
vocabulary. This proves the high quality of
our generated cross-lingual data and the ef-
fectiveness of our joint framework.

• The pair of languages have similar culture
achieves better performance (Es-En, It-En,
Tr-En, Ja-Zh) than that have different cultural
origins, e.g., Zh-En.

6http://compling.hss.ntu.edu.sg/omw

• Languages with richer corpus have better
translations because adequate training data
helps to capture more accurate cross-lingual
semantics (Es-En, It-En, Tr-En v.s. Ja-Zh).

• Our method has less performance reduction
between small and large vocabulary than
methods based on parallel word pairs, be-
cause we adopt a consistent objective func-
tion which aligns cross-lingual semantics,
and simultaneously keeps their own mono-
lingual semantics.

• Attention mechanisms further improve the
performance, mainly because they help to
select the most informative words and sen-
tences, filtering out unrelated data.

6.4 Entity Relatedness
With respect to our entity embeddings, we have
conducted experiments to evaluate English entity
relatedness following (Ganea and Hofmann, 2017;
Hoffart et al., 2011), in which the dataset con-
tains 3,314 entities, and each entity has 91 candi-
date entities labeled with 1 or 0, indicating whether
they are semantically related. Given an entity, we
rank candidate entities according to their similarity
based on our embeddings, and evaluate the rank-
ing quality through two standard metrics: normal-
ized discounted cumulative gain (NDCG) (Järvelin
andKekäläinen, 2002) andmean average precision
(MAP) (Manning et al., 2008).
To give a comprehensive fair comparison, we

choose several widely used and state-of-the-art
methods as our baselines, and compare with the
results in the original papers: (1) WLM (Milne
and Witten, 2008), the popular semantic similar-
ity measurement based on Wikipedia anchor links.
(2) ALIGN (Yamada et al., 2016) andMPME (Cao
et al., 2017), state-of-the-arts that jointly learn
word and entity embeddings using mono-lingual
EN. (3) Deep Joint (DJ) model (Ganea and Hof-
mann, 2017), deep neural model that achieves the

http://compling.hss.ntu.edu.sg/omw
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best performance of entity relatedness.
NDCG MAP

@1 @5 @10
WLM .54 .52 .55 .48
ALIGN (d=500) .59 .56 .59 .52
MPME .61 .61 .65 .58
DJ (d=300) .63 .61 .64 .58
Ours (Zh-En) .62 .62 .66 .59
Ours (Es-En) .61 .61 .65 .59
Ours (Tr-En) .62 .62 .65 .59
Ours (It-En) .61 .61 .65 .58
Ours-e (Es-En) .62 .62 .67 .61
Ours-e (Es-En,epoch=5) .64 .64 .68 .62

Table 5: Entity Relatedness.

Table 5 shows the results of baseline methods as
well as our methods based on different languages.
We also test the cases of our method without train-
ing cross-lingual words, marked as Ours-e. We can
see our method outperforms all baseline methods
by introducing cross-lingual information, and all
bilingual ENs lead to similar results. Strangely,
ALIGN and DJ with more embedding dimensions
seemly fails to capture overall relatedness (per-
formance reduction from top@1 to top@5). The
best performance of Ours-e implies that training
cross-lingual word slightly harms the performance
of entity embeddings. We can introduce additional
sense embeddings in future (Cao et al., 2017).
Although favorable improvements has been

achieved by using our English entity embeddings,
it shall be fewer than that of other languages, be-
cause resources of English are already quite rich,
and even richer than many other languages, thus
contributions from other languages will be less sig-
nificant than vice versa. Due to the limitation of
the publication, we neglect to report experiment
results on the vice versa direction.

6.5 Cross-lingual Entity Linking
Entity linking, the task of identifing the language-
specific reference entity for mentions in texts,
raises the key challenges of comparing the rel-
evance between entities and contextual words
around the mentions (Cao et al., 2015; Nguyen
et al., 2016). Recently, the surge of cross-lingual
analysis pushes the entity linking task on cross-
lingual settings (Ji et al., 2015). Therefore, we
comprehensively measure our joint inference abil-
ity among words and entities using the tri-lingual
EL benchmark dataset KBP2015, which consists
of 944 documents and 38,831 mentions, and di-
vides them into 444 and 500 documents for train-
ing and evaluation. Note that the main purpose of

it is not to beat other EL models but to evaluate the
quality of our embeddings, so we adopt a simple
classifier GBRT (Gradient Boost Regression Tree)
basedmethod as in (Cao et al., 2017; Yamada et al.,
2016), replace with our cross-lingual embeddings,
and filter out mentions that are out of our vocabu-
lary.

English Spanish Chinese
Top system 73.7 80.4 83.1
Second system 66.2 71.5 78.1
Ours 73.9 79.1 81.3

Table 6: Tri-lingual Entity Linking.

Table 6 shows the top 1 linking accuracy (%).
We can see our method performs much better than
the second ranked system, and is competitive with
the top ranked system. Considering that the sys-
tems utilize additional translation tools (Ji et al.,
2015), we conclude that our embeddings are high
qualified for joint inference among entities and
words in different languages.

7 Conclusions

In this paper, we propose a novel method to jointly
learn cross-lingual word and entity representa-
tions that enables effective inference among cross-
lingual knowledge bases and texts. Instead of par-
allel data, we use distant supervision over multi-
lingual KB to generate high quality comparable
data as cross-lingual supervision signals for two
types of regularizer. We introduce attention mech-
anism to further improve the training quality. A
series of experiments on several tasks verify the
effectiveness of our methods as well as the quality
of cross-lingual word and entity embeddings.
In the future, we will enrich semantics of low-

resourced languages by cross-lingual linking to
rich-resourced languages, and extend more cross-
lingual words and entities to multi-lingual settings.
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