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Abstract

We present a zero-shot classification approach to document classification in any language into topics which can be
described by English keywords. This is done by embedding both labels and documents into a shared semantic space
that allows one to compute meaningful semantic similarity between a document and a potential label. The embedding
space can be created by either mapping into a Wikipedia-based semantic representation or learning cross-lingual
embeddings. Consequently, performance could suffer when Wikipedia in the target language is small or the target
language monolingual corpus is too small to train an adequate embedding space. Thus, for low-resource languages, we
further use a word-level dictionary to convert documents into a high-resource language, and then perform classification
based on the high-resource language. This approach can be applied to thousands of languages, which can be contrasted
with machine translation, which is a supervision-heavy approach and can be done for about 100 languages. We also
develop a ranking algorithm that makes use of language similarity metrics to automatically select a good pivot or
bridging high-resource language, and show that this significantly improves classification of low-resource language
documents, performing comparably to the best bridge possible.

Keywords: Multilingual text classification, Cross-lingual text classification, Zero-shot text classification, Semantic
Supervision

1. Introduction

With the increasing growth of online textual information on the Web, there is an important need to determine the
topics of the vast amount of documents that we have around. Many applications, including news classification [1, 2],
search result organization [3], online advertising [4], etc., have placed text categorization as a key problem. Compared
to English text classification problem, classifying languages other than English can be very challenging, since there
are relatively less annotation for other languages. There have been several ways to handle text classification other
than English. For example, cross-lingual document classification was proposed as a way to use training data in one
language to classify the documents in another language [5, 6]. This is useful when a source language’s annotation is
available and the cost of acquiring labeled data in the target language can be reduced. However, when the topic space
is changed, new annotation would be required for either source or target language.

The current research has not paid enough attention to the fact that the labels or the short descriptions of the
categories as texts themselves we want to assign to documents are meaningful. Given a collection of text documents
and a set of categories, we show that it is possible to assign category labels to documents without requiring any
labeled training data. Instead, understanding the labels can be used to accurately perform this categorization. This
enables an on-the-fly classification procedure which requires only the names of labels which convey the semantics
of the categories, eliminating the need of supervision in terms of labeled documents. This classification procedure
is essentially a zero-shot classification. It is different from existing zero-shot learning [7, 8, 9, 10] and one-shot
learning [11, 12], in that one-shot learning requires one example for training, while in zero-shot learning, the test data
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is different from the training data (e.g., a new label space). Thus, we call our approach as cross-lingual zero-shot
classification (CLZSC).

In particular, we embed both labels in English and documents in another language into a semantic space that
allows one to compute meaningful semantic similarity between a document and a potential label. We used two types
of embeddings to achieve this goal. First, we use cross-lingual explicit semantic analysis (CLESA) [13, 14] to
map both English labels and document in another language into the same space represented by Wikipedia concepts.
CLESA aligns Wikipedia pages with the same title across languages using language links. By working in this aligned
space, CLESA embeds texts in two languages into the same semantic space. Second, we use cross-lingual word
embeddings [15, 16]. By averaging all words showing in labels and documents using cross-lingual word embedding,
we can simply compare the similarity based on the embedding vectors. We compared two approaches and show
that CLESA is better when both the documents are clean and the label descriptions are adequate, while cross-lingual
embeddings are better when the documents are noisy and the label descriptions are short. Both representation suffers
when there is enough resources to compute the shared semantic space across languages. This limits the application of
our approach to more languages in the world.

We demonstrate this low-resource problem using CLESA, since in our experiments, CLESA outperformed cross-
lingual embedding on the multilingual text classification dataset we have for 88 languages. CLESA relies on mapping
the English labels or short category description into a Wikipedia-based semantic representation, and on the use of
the target language Wikipedia. Consequently, performance could suffer when Wikipedia in the target language is
small. We tackle the challenge for languages with little or no presence in Wikipedia, which we refer to by small-
Wikipedia languages (SWLs). One can think of multiple ways to facilitate classifying documents in SWLs into
English categories. The simplest way is to translate the SWL documents to English or a language with large Wikipedia
presence (large-Wikipedia language, LWL), and then apply English zero-shot classification or cross-lingual zero-shot
classification for the LWL. Unfortunately, this requires full document translation which, in turn, requires large amounts
of parallel data in the two languages to train a machine translation system. This is unlikely to be available anytime
soon. The available resources for training standalone machine translation tools are relatively very sparse. For example,
Europarl1 covers 21 languages; Google Translate2 covers 103 languages.

Thus, we will first show that bi-lingual dictionaries (also known as “word-level translations”) can be used to
support reliable document classification via zero-shot classification. This approach scales to many more languages:
PanDictionary [17] or later Panlex3 has word mappings for thousands of languages. Second, we show how to choose
the best LWL to serve as the bridge language between a given SWL and English. For example, for Hausa, a SWL, it
turns out that if we can find a proper LWL, such as Arabic, then we can use the Arabic-English Wikipedia to perform
CLZSC. Since Arabic is more similar to Hausa compared to English to Hausa, mapping of words from Hausa to Arabic
can be better than English. While the idea of using a bridge (pivot) language is not new [18], in this paper we: (1)
Systematically evaluate CLZSC using 88 languages, including 39 SWLs and 49 LWLs, and show that this approach
successfully supports good classification of a large proportion of SWLs we tested. (2) We propose an automatic way
to rank LWLs based on their ability to support good categorization of SWL documents. Specifically, we show how
to use RankSVM [19, 20] to learn from the language features to identify which LWLs should be effective as a bridge
to a given SWL. Experiments show that this learning based method is significantly better than the use of handcrafted
language similarities to rank the LWLs, and that, in many cases, it selects the best possible bridge.

The contributions of this paper can be highlighted as follows.

• We proposed a cross-lingual zero-shot classification framework which does not require labeled data. The clas-
sification can classify a document in another language into categories that can be represented as English label
names or descriptions.

• We show how well our classification framework can be achieved for both English and many other languages
using benchmark datasets. Our framework can achieve classification performance equal to supervised classifi-
cation with hundreds of annotated documents per category.

1http://www.statmt.org/europarl/
2https://translate.google.com
3https://panlex.org/
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• For the languages with small Wikipedia presence, we also proposed a bridged cross-lingual classification frame-
work, using a third language which is related to both English and target language, to enrich the resources to have
a better representation. We use a created multilingual dataset based on 20-newsgroups and Google Translate to
test the performance. We also show that by using a multilingual dictionary such as Panlex, we can generalize
our framework to thousands of languages.

This paper is an extension of the previously published IJCAI’16 paper [21] and an unpublished paper at arxiv [22].
Code for this paper is available at http://cogcomp.org/page/software_view/DatalessHC.

2. Zero-shot Classification Framework

We first introduce the general framework of the zero-shot classification framework and then show two different
representations of labels and documents. Our classification scheme consists of two steps: the first is an initial on-the-
fly zero-shot classification and the second performs bootstrapping.

2.1. On-the-fly Zero-shot Classification

We perform a nearest neighbor search of labels for a document in an appropriately selected semantic space [23, 24].
Let φ(d) be the representation of document d in a semantic space (to be defined later) and let {φ(l(1)), . . . , φ(l(L))} be
the representations of the L labels in the same space. Then we can evaluate the similarity using an appropriate metric
f (φ(d), φ(l(i))), (e.g., cosine similarity between two sparse vectors) and select label(s) that maximizes the similarity:

l∗ = arg max
i

f (φ(d), φ(l(i))). (1)

The core problem in zero-shot classification is to find a semantic space that enables good representations of doc-
uments and labels. Traditional text classification makes use of a bag-of-words (BOW) representation of documents.
However, when comparing labels and documents in zero-shot classification, the brevity of labels makes this simple
minded representation and the resulting similarity measure unreliable. For example, a document talking about “sports”
does not necessarily contain the word “sports.” Consequently, other more expressive distributional representations
have been applied, e.g., Brown cluster [25, 26], neural network embedding [27, 28, 29, 30], topic modeling [31],
ESA [32], and their combinations [33]. Among different representations, it has been shown that ESA gives the best
and most robust results for zero-shot classification for English documents [24]. ESA uses Wikipedia as external world
knowledge to generate a set of titles for a given fragment of text [32]. Each word in a text is represented as a weighted
vector of the Wikipedia titles in which it is mentioned. This can be computed using an inverted index for each word
in Wikipedia. The text fragment representation is then the sum of the IDF (inverse document frequency) weighted
vectors that correspond to the words in the text fragment.

2.2. Bootstrapping

We also use a bootstrapping procedure for the zero-shot classification. This is a natural step to follow since it is
free (no labeled data is needed) and it provides generic semantic representations to best fit the specific data collection.
The bootstrapping step makes use of unlabeled data (the given document collection or additional unlabeled data if so
desired), and it labels the most confident documents in each iteration, starting with the labels given in the on-the-fly
zero-shot classification. Then, it trains a new classifier to improve its accuracy and incorporate more labeled data. The
procedure is as follows:

Step 1: Initialize N0 documents for each label, using confident on-the-fly zero-shot classifications.
Step 2: For each iteration, train a classifier based on BOW representation to label N more documents for each

label.4

Step 3: Continue until no unlabeled documents remain.

4Our experiments show that bootstrapping with BOW features is the best choice among the different semantic representations.
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2.3. Cross-lingual Document Representation

Choosing the right semantic representation φ(x) is crucial to performance for any down-stream task. In this section,
we propose two possible representations.

2.3.1. Cross-lingual ESA (CLESA)
We first show how we can easily extend our framework to handle cross-lingual classification tasks by representing

concepts in different languages in the same semantic space. In order to support cross-lingual zero-shot classifica-
tion, we implemented a version of CLESA [13, 14] that is used for zero-shot classification scheme by exploiting the
shared semantic space between two languages. CLESA is a generalization of explicit semantic analysis (ESA) for
English [32], introduced in the context of Information Retrieval [13, 14] and used also for Twitter message classi-
fication [34]. To build connections between languages, we extract cross-language links from Wikipedia dumps of
X languages. Each such link identifies a pair of corresponding titles in two different languages. For example, a
Wikipedia page titled “Basketball” has a corresponding Italian page “Pallacanestro,” a Spanish page “Baloncesto,”
etc. Note that though the titles need not be direct translations, they define the same semantic concept.

Using these cross-language links, we can intersect the Wikipedia title space of any two languages and use the set
of shared Wikipedia titles as the shared semantic space for texts in both languages. Formally, assume that we have
Wikipedia dumps for languages A and B. Traditional ESA uses the sparse vector φA(wA) = (φA

C1A
(wA), . . . , φA

CNA
(wA))T ∈

RNA to represent a word wA where NA is the number of titles in the language A Wikipedia, and φA
CiA

(wA) is the
weight indicating how important word wA is in the Wikipedia page titled Ci in language A. Similarly, φB(wB) =

(φB
C1A

(wB), . . . , φB
CNB

(wB))T ∈ RNB for language B. To compare text similarities between languages A and B, a natural
way is to consider first the intersection of the two title sets:

{C1, . . . ,CN} = {C1A , . . . ,CNA }
⋂
{C1B , . . . ,CNB}. (2)

Thus, we unify the vector representations in A and B as follows:

φ(wA) .= (φA
C1

(wA), . . . , φA
CN

(wA))T ∈ RN ,

φ(wB) .= (φB
C1

(wB), . . . , φB
CN

(wB))T ∈ RN .
(3)

Now, suppose we have a document dA in language A as a vector (wA1 , . . . ,wAMA
)T ∈ RMA , where MA is the vocabulary

size of language A. Denote pAi as the weight of word wAi in the document. For example, the weight could be TF-IDF,
where TF represents the term frequency of word wAi in dA, and IDF, the inverse document frequency in Wikipedia.
Then we can define the vector representation for dA as:

φ(dA) =
1

MA

∑
i

pAiφ(wAi ). (4)

Similarly, for a label l(i)B in language B, we have the vector representation:

φ(l(i)B ) =
1

MB

∑
j

p(i)
B j
φ(w(i)

B j
), (5)

where l(i)B = (w(i)
B1
, . . . ,w(i)

BMB
)T ∈ RMB is a highly sparse vector, MB is the vocabulary size of language B and p(i)

B j

represents the weight of word j in the label description l(i)B . Now we can use the cosine similarity between φ(dA) and
φ(l(i)B ) as in traditional ESA in order to choose the best label:

l∗ = arg max
i

cos(φ(dA), φ(l(i)B )). (6)
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2.3.2. Cross-lingual Embeddings
We also use cross-lingual word embedding to support cross-lingual zero-shot classification. Motivated by the

simplicity and success of neural network based word embedding [29, 30], multilingual [35] or cross-lingual [6, 36,
37, 38, 39, 40] representation learning are also investigated. Similar to cross-lingual classification, traditional rep-
resentation learning approaches need either parallel corpora [6, 37], some labeled data in the target domain [36], or
words being (partially) aligned in a dictionary [41]. More recent studies have also shown that we can first train two
sets of monolingual embeddings in different languages and then align them either using a seed parallel lexicon [15]
or without employing any cross-lingual annotated data [16]. Given that cross-lingual word embeddings can be in a
same embedding space, we also follow previous approach [24] by using a weighted average of all word embeddings
in a document to represent the document as a vector in the same space. Specifically, we follow the scheme used for
ESA to generate the document semantic representation using a TF-IDF weighted combination of word vectors in the
documents. Formally, we use the following representation for a document:

ψ(dA) =
1

MA

∑
i

pAiψ(wAi ) (7)

and a label:
ψ(l(i)B ) =

1
MB

∑
j

p(i)
B j
ψ(w(i)

B j
), (8)

where the definitions for MA, MB, pAi , pBi , wAi , w(i)
B j

, dA, and l(i)B are all the same as CLESA for languages A and B.
The only difference is that ψ(·) is a dense vector representation as word embedding.

2.4. Bridging for Small Wikipedias

There are more than 7,000 known spoken languages, and 3,000 of them have writing systems.5 Among them, only
hundreds of them have Wikipedia. On the other hand, we have dictionaries for many more languages. Thus, we can
use the dictionaries or lexicons to further extend the use of cross-lingual zero-shot classification. A natural question is
that, given an SWL document, which bi-lingual dictionary should we use to facilitate good classification into English
categories? Mapping to English may not be the best. For example, among the 169 languages in Wiktionary6 we
can download, there are more than 800 language pairs with more than 1,000 language links, but only 59 of them are
associated with English. This analysis indicates that in order to facilitate classifying an SWL document into an English
ontology, we may need to go through a bridge language, an LWL for which bi-lingual dictionaries are available.

When using different languages as a bridge language, we find some related languages in Latin writing system,
such as Spanish, Catalan, Indonesian, and Bulgarian, are ranked high for bridging Hausa and Uzbek. Some of the top
bridging LWLs are in the same family with the target languages. For example, Arabic, Hebrew, and Hausa are in the
Afro-Asiatic family. Moreover, region of the native speakers is also reflected. Persian speakers in Iran live relatively
near to Uzbek speakers in Uzbekistan. However, writing system, language family, and region are not the only factors
that affects the ranking. Besides other linguistic factors, we also presume that either the size of Wikipedia or the less
ambiguity of translation may help them result in relatively good accuracy. Then the remaining question is how to
automatically select a good bridging LWL for the SWL document classification.

2.4.1. Ranking based on Heuristics
To automatically rank the bridging LWLs for SWLs, we first use the World Atlas of Language Structures (WALS)7

data as language features. The version we downloaded has 2,679 languages with 198 features including phonological,
grammatical, and lexical properties. We removed latitude and longitude features thus resulting in 196 features. Given

5http://www.alphadictionary.com
6https://www.wiktionary.org/
7http://wals.info/
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the above analysis, we found four features that are very useful compared to the others, which are genus, family, macro
area, and country code. From these, we manually developed a similarity value for a pair of languages as follows:

S l(L1, L2) = 50 · Igenus(L1, L2)
+50 · I f amily(L1, L2)
+50 · Imacro area(L1, L2)
+50 · Icountry code(L1, L2)
+
∑

i∈{others} Ii(L1, L2),

(9)

where Ii(L1, L2) = 1 means that two languages L1 and L2 share the same feature i. If one of the most important
features is identified, we add a large value into the similarity value. We set the weight to be 50 with the heuristics that
the number can be comparable to the number of 196 features.

We also want to incorporate the size of the Wikipedias since it correlated well with the performance of CLZSC.
Therefore, we rank the languages with the size of Wikipedias:

S w(L) = #Wikipedia Title in L. (10)

If Wikipedia size is the only factor, we will always use English as the bridging language. Besides the Wikipedia size,
we also use the language links to rank the bridging languages:

S ll(L1, L2) = #Language links from L1 to L2. (11)

To combine the two ranking factors, since the scales of two similarity/size values are different, we first convert
each similarity/size value to the rank value. A larger score denotes a more highly ranked language. We use Wl and
Ww as the weights for each similarity. For example, German is ranked as second by S w, and there are 49 candidate
languages, then Ww(German) = (49−1)/49 = 0.980. Then we use the harmonic mean of two weights as the combined
rank value:

S h(L1, L2) =
2Wl(L1, L2)Ww(L2)

Wl(L1, L2) + Ww(L2)
, (12)

where we treat L1 as the SWL and L2 as the bridging LWL. We use the higher value of S h to select better bridging
LWLs.

2.4.2. Learning to Select the Best Bridging Language
The above approaches for ranking the bridging LWLs are handcrafted similarities. We also tried to use machine

learning to learn from the features and generalize to other languages. Suppose we have a language pair Li and L j. We
can construct a feature vector xi j based on the WALS data, where the rth feature is:

x(r)
i j = Ir(Li, L j), (13)

where the indicator function denotes both languages sharing the same WALS feature value.
If we consider Li as the SWL, and there are two candidates LWLs L j and Lk, we can compare L j and Lk based on

their feature vectors by projecting them to a real value: wT xi j and wT xik. Thus, if we have a lot of such pairs, we can
build a support vector machine to learn the projection vector w:

1
2
‖w‖2 + C

∑
i∈{S WL}, j,k∈{LWL}

`(wT xi j − wT xik) (14)

where ` is the loss function `(t) = max(0, 1 − t) [20] and C is the penalty parameter. Then given the learnt w, for any
pair of LWLs L j and Lk, we can evaluate which one is better to be used to bridge the SWL Li based on wT xi j −wT xik.

3. Experiments

In this section, we present our experiments on cross-lingual document classification with either large Wikipedia
and small presence of Wikipedia data. Our experiments are designed to study the effectiveness of zero-shot classi-
fication in comparison to “standard” supervised classification algorithms, and to study the contribution of different
semantic representations to the success of the zero-shot classification scheme.
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Table 1: Statistics of 179 Wikipedia corpora. “Filtered” corresponds to the numbers of pages after filtering with 100 words and 5 links. This is the
data used for monolingual ESA. “L ∩ English” corresponds to the CLESA data.

# Languages
# Titles Original Filtered L ∩ English

n ≥ 106 17 2 0
106 > n ≥ 105 50 27 14
105 > n ≥ 104 45 44 48
104 > n ≥ 103 39 41 41
103 > n ≥ 102 21 25 31
102 > n ≥ 10 7 31 24
10 > n ≥ 0 0 9 21

3.1. The Importance of Representations
In this section, we first show how we build CLESA representations in many languages. We also present and

compare an alternative way to do cross-lingual zero-shot classification: translating labels into each target language
and then applying monolingual zero-shot classification in the target language. We note that this alternative shares
some advantages with our proposed CLESA based method: it does not require heavy resources in the target languages
(only the label space is to be translated) as do the other methods we mentioned earlier. However, when we compare
this naive method with our proposed approach on a multilingual classification dataset, it turns out that our CLESA
representation is the better choice for many language pairs while also being cheaper in terms of acquiring resources
(no translation is needed). Note that we do not compare with another naive approach which translates both documents
and labels to English and performs English ESA. This is because: (1) In practice, translation of documents is more
costly than translation of labels and requires significantly more resources (label translation can be done once by an
expert); (2) There is no large collection of documents in different languages labeled in the same label space to facilitate
a fair comparison.

3.1.1. Building CLESA Representations
We first downloaded the complete Wikipedia corpus (version available on August 5th, 2015) that is available in

180 languages including English.8 The pages were tokenized and cleaned using the 38 available Lucene9 language-
dependent tokenizers10 and with a whitespace based tokenizer for other languages. We filtered out pages with fewer
than 100 words or 5 language links. This way, most of the redirection and disambiguation pages were removed and
some of the short pages were also removed.

We fixed the English label space. Suppose that the target documents are in a foreign language L; in order to
map the documents and labels to a common semantic space, we compute the intersection of the Wikipedia title pages
linked between English and L. That is, for each language L we only keep those Wikipedia pages that are linked to the
English Wikipedia. This results in further reducing the size of the collection available in each language.

Table 1 shows statistics about numbers of titles in the original 179 languages excluding English, after filtering
and after intersection with English. There are 62 languages with more than 10,000 Wikipedia titles that are linked to
the English Wikipedia. For these 62 language we therefore have a title space that covers a wide range of topics. In
Figure 1(a) we show the ratio of remaining titles in each language after filtering short and non-linked pages (thresh-
old=5). This indicates that larger Wikipedias also tend to have longer and higher quality content. In Figure 1(b), the
ratio after intersecting with the English Wikipedia shows that larger-size Wikipedias have a more stable fraction of
titles that are linked to the English Wikipedia, relative to smaller-size Wikipedias.

3.1.2. Monolingual ESA vs. CLESA
For cross-lingual document classification, a natural idea is to translate the documents and perform monolingual

ESA. However, translation can be very costly and is not scalable to a large amount of documents. Another option is

8https://dumps.wikimedia.org/
9https://lucene.apache.org/

10Stop words are embedded.
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(a) The ratio after filtering out Wikipedia pages with less than 100
words and 5 links.

(b) Intersection ratio of Wikipedia language links.

Figure 1: The effects of preprocessing of Wikipedia. Each cross in the figures represents a language. (For English Wikipedia, originally we had
around 15-million titles. After filtering, we had about 3 million titles.)

Table 2: Statistics of 87 Wikipedia corpora intersected with Google translation. “Filtered” corresponds to the numbers of pages after filtering
with 100 words and 5 links. This is the data used for monolingual ESA. “L ∩ English” corresponds to the CLESA data.

#Languages
# Titles Original Filtered L ∩ English

n ≥ 106 16 2 0
106 > n ≥ 105 43 25 14
105 > n ≥ 104 20 34 40
104 > n ≥ 103 5 19 22
103 > n ≥ 102 3 3 5
102 > n ≥ 10 0 4 5
10 > n ≥ 0 0 0 1

to keep the original set of Wikipedia titles in language L, and map the English label space to language L. This can be
achieved with a relatively small effort compared with translating the documents, since the label space is rather small
(i.e., no more than a few hundreds of words). Once we do that, we can generate an ESA representation in L, and run
a monolingual zero-shot classification in L.

In order to understand the difference and relative advantages of this method and the one we proposed and pre-
sented earlier in Section 3.1.1, we perform the following experiment. We first translate a set of English documents to
many languages, via Google Translate. (Note that we do this only to generate a new dataset on which we can perform
a fair comparison of algorithms). We then perform the experiment as described above: translating the labels, and de-
veloping a monolingual ESA representation in language L, which is then used for zero-shot classification in language
L. Specifically, we select 100 documents from the 20-newsgroups data set [42] which can be correctly classified using
the English ESA. Then we use Google Translate API11 to translate these documents into 88 languages.12 We also
filtered out Serbo-Croatian (sh) language since it has been deprecated and became a macrolanguage for Croatian (hr),
Serbian (sr), Bosnian (bs) and Montenegrin (sr). We show the statistics of these 87 languages in Table 2. We also
translate the 20 label descriptions to the 87 languages. We use the English label descriptions for the 20-newsgroups
as in [24].

To test whether Google Translate will hurt the document quality, we perform the following evaluation. For the 100
documents in each language translated by Google, we translated them back to English again using Google Translate.

11https://github.com/mouuff/Google-Translate-API
12Google translate only supports 88 out of the 179 languages that our CLESA method can deal with.
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(a) Zero-shot classification on documents translated back to
English. Mean: 0.893; Std: 0.019.

(b) CLZSC.

Figure 2: Correlation of Wikipedia page log-number and classification accuracy. Each cross represents a language. (a) ρ = 0.604,
p = 5.6 × 10−10. (b) ρ = 0.834, p = 1.1 × 10−23. (ρ: Pearson’s correlation coefficient. p: the significance value at level 0.05.)

Then we performed the English ESA based zero-shot classification [24]. A perfect translation should result in 100%
accuracy. As shown in Figure 2(a), The average classification accuracy is 0.893 ± 0.019, which seems good enough
for us to use the translated documents as our evaluation data. The correlation score between the logarithm number
of Wikipedia titles used in CLESA and the accuracy of translated English documents for 87 languages is ρ = 0.604
(p = 5.6 × 10−10). It seems that Google Translate’s performance is also correlated with the size of acquired resource.

Now we can compare two settings for performing zero-shot classification: using monolingual ESA and using
CLESA. We show the results of “top-1 label hit” and “top-3 labels hit” precisions in Table 3. Top-1 label means that
for each document, we select the best label to classify it. This is exact classification evaluation. While for Top-3
labels, we select the best three labels for each document and check whether they contain the correct label. Comparing
monolingual ESA and CLESA, the results in Table 3 show that even though the number of titles (Wikipedia pages)
used by CLESA is much smaller than monolingual ESA, CLESA produces, on average, more accurate classifications.
The language links used by CLESA help to disambiguate some Wikipedia titles. For example, some entities such as
“python” have multiple meanings, which are better disambiguated when considering multiple languages. Therefore,
the shared semantic space generated by CLESA provides a better representation than the single language title space.
We also show the correlation between number of Wikipedia titles used in CLESA and the accuracy of CLZSC for 87
languages in Figure 2(b). As shown in Figure 2(b), the correlation score between the logarithm number of Wikipedia
titles used in CLESA and the accuracy for 87 languages is ρ = 0.834 (p = 1.1 × 10−23). The classification result is
significantly correlated with the logarithm number of Wikipedia titles.

3.1.3. CLESA vs. Cross-lingual Embeddings
We use the pretrained embeddings provided by [15]13 to test cross-lingual zero-shot classification. It uses Fast-

Text [43]14 to train monolingual embeddings and then learn the mappings between languages to align the word em-
beddings to be in the same space. The dimension of FastText embedding is 300. We call this set of embeddings
as SVDAlign [15]. For the current version of SVDAlign, it contains 78 languages with cross-lingual embeddings, in
which 66 languages can be used for our 20-newsgroups classification data. Figure 3 shows the results. From the figure
we can see that, CLESA outperforms SVDAlign on most of the languages overlapped between two approaches. The
trends are also similar, which means better CLESA is correlated with embeddings for different languages.

13https://github.com/Babylonpartners/fastText_multilingual
14https://github.com/facebookresearch/fastText
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Table 3: Precision statistics of 20-newsgroups classification in 87 languages. The numbers in the four columns represent the number of languages
among the 87 for which the precision values fall within the ranges indicated on the left. Mono. stands for monolingual ESA. Cross. stands for
cross-lingual ESA.

Top-1 Precision Top-3 Precision
Mono. Cross. Mono. Cross.

1 ≥ p ≥ 0.9 2 20 5 28
0.9 > p ≥ 0.8 7 8 9 8
0.8 > p ≥ 0.7 10 7 16 8
0.7 > p ≥ 0.6 14 4 13 8
0.6 > p ≥ 0.5 8 9 8 5
0.5 > p ≥ 0.4 6 5 4 7
0.4 > p ≥ 0.3 10 9 10 6
0.3 > p ≥ 0.2 6 9 6 5
0.2 > p ≥ 0.1 7 8 5 4
0.1 > p ≥ 0 17 8 11 8

Figure 3: Comparison of CLESA (Mean: 0.599; Std: 0.248) and SVDAlign on FastText (Mean: 0.332; Std: 0.136) with matched 66 languages.
ρ = 0.703 and p = 4.7 × 10−11. (ρ: Pearson’s correlation coefficient. p: the significance value at level 0.05.)

3.1.4. Extension with BabelNet
There could be many further improvements of CLESA. One way is to enrich the Wikipedia with more links [44]

based on BabelNet [45], which contains not only Wikipedia knowledge but also rich semantic relationships provided
by WordNet [46]. Since there are a lot of missing links, adding more links can both enrich the potential in-language
disambiguation and language links between languages. As we have shown, there are still a lot of Wikipedias of small
sizes. Moreover, using sense disambiguation may further improve the accuracy of CLESA results using Wikipedia.
We also compare the semantically enriched Wikipedia (SEW) based multilingual representation based on Babel-
Net [47]. Since the vector representation is built based on BabelNet’s synset, we first do word expansion to replace
each word in a document with all its senses in BabelNet. In this case, we use the TF score of each synset to reweigh
different senses in the document. After that, for each document, we use the top 500-concept as a vector represen-
tation, for which we call SEW-Vectors. The result comparing SEW-Vectors and CLESA is shown in Figure 4(a).
From the result we can see that SEW-Vectors are better than CLESA on average, as it uses enriched Wikipedia as
resource to compute the representations. Interestingly, SEW-Vectors and CLESA are not correlated. This may be
because the enrichment of Wikipedia and aggregation of word sense may significantly change the property of ESA
representations. We also compare the semantically enriched Wikipedia based multilingual word embedding based on
Word2vec [48, 49]. We follow the same way of using BabelNet’s synsets and use the averaged synset embedding as
the document representation. The result is shown in Figure 4(b). The result is not as good as sparse vector represen-
tations. It may be because we haven’t conducted sense disambiguation as many other applications used [48, 50, 51].
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(a) Comparison of CLESA (Mean: 0.515; Std: 0.286) and
SEW-Vectors (Mean: 0.590; Std: 0.185).

(b) Comparison of CLESA (Mean: 0.515; Std: 0.286) and
SEW-Embeddings (Mean: 0.155; Std: 0.082).

Figure 4: Evaluation of BabelNet. (a) ρ = 0.184, p = 0.025. (b) ρ = −0.065, p = 2.0 × 10−18.(ρ: Pearson’s correlation coefficient.
p: the significance value at level 0.05.)

3.2. Cross-lingual Classification on Benchmark Datasets

Section 3.1 established that the use of a common semantic space is a better way to perform zero-shot classification,
and therefore we evaluate our proposed CLESA method in the standard document classification task.

3.2.1. Experimental Settings
We present benchmark results for cross-lingual zero-shot classification on two datasets, TED and RCV2.

TED Dataset. The TED dataset15 is a multi-label classification dataset containing 15 labels of topics which are
extracted from the most frequent keywords in the dataset. It is derived from a spoken language translation dataset16.
It contains 13 languages from the TED talk transcriptions and their translations. The data has been organized into
subsets according to each label where each subset contains about 1,200 documents (about 200 document for “true”
category for a label and 1,000 documents for “false” category).

RCV2 Dataset. RCV2 dataset is a multilingual extension of RCV1 [52]. We use the training set split by [52],
however we do not stem the documents. Same as RCV1 data, RCV2 is newswire stories from Reuters Ltd under the
Factiva news category taxonomies. There are different categorization methods in RCV2, e.g., topical or regional. For
the topical categories, it contains 103 categories including all nodes except for root in the hierarchy. The maximum
depth is four, and 82 nodes are leaves. Following cross-lingual document classification [6], we use the top level
categories for evaluation. There are four categories which are GCAT (government social), ECAT (economics), MCAT
(markets), and CCAT (corporate industrial). We aggregate all the subtree’s English descriptions for each category as
the category description. RCV2 data contains documents in 13 languages.

Since TED dataset is a multi-label classification dataset, we report averaged F1 over 15 labels, which results in
macro-F1 score. For RCV2 dataset, we have processed it to be a multi-class classification problem by removing
documents with multiple labels. However, different categories have different numbers of documents. Thus, here we
use both macro-F1 and micro-F1 scores to evaluate the results instead of just using the accuracy. Both macro-F1 and
micro-F1 scores have been widely used in text classification [53].

Before discussing the results, we first list the baselines and our comparison methodology. Our goal is to evaluate
the quality of classifying documents in Language L into an English label space. To understand the advantages and
shortcomings of our method, we compare the following approaches.

15http://www.clg.ox.ac.uk/tedcldc.html
16https://wit3.fbk.eu/
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Table 4: Statistics of parallel (TED and Europarl) and comparable (Wikipedia) corpora. “Lang” denotes the statistics for the foreign language
while “English” means the statistics in English in a parallel or a comparable corpus. “Tok.” denotes the number of tokens (in millions) in the
corpora and “Voc.” denotes the vocabulary size (in thousands).

TED Europarl
Lang EN Lang EN

Tok. Voc. Tok. Voc. Tok. Voc. Tok. Voc.

Arabic 2.29 73.8 2.95 43.9 – – – –
Danish – – – – 44.7 647 48.7 307
German 2.60 45.8 2.75 42.7 44.6 649 47.9 305
Spanish 2.87 42.5 3.06 44.7 51.6 423 49.2 309
French 3.13 40.8 3.08 44.4 52.5 418 50.3 312
Italian 2.81 45.7 3.09 44.9 48.0 455 49.7 309

Japanese – – – – – – – –
Dutch 2.58 38.9 2.82 43.0 50.7 524 49.5 309

Norwegian – – – – – – – –
Portuguese 2.85 39.8 3.02 44.5 50.0 443 49.3 310

Polish 2.20 68.3 2.88 43.5 12.8 339 15.3 149
Romanian 2.94 53.0 3.07 44.8 9.6 178 9.7 114
Russian 2.21 63.7 2.57 41.3 – – – –
Swedish – – – – 41.6 622 45.8 298
Turkish 1.90 71.9 2.63 41.7 – – – –
Chinese 0.68 13.2 2.99 44.2 – – – –

Wikipedia

Docs Lang EN
Tok. Voc. Tok. Voc.

Arabic 78K 39 1,000 120 1,910
Danish 64K 20 850 104 1,710
German 504K 236 5,060 403 5,040
Spanish 368K 172 2,980 344 4,350
French 456K 217 2,830 389 4,740
Italian 327K 158 2,490 307 3,920

Japanese 97K 145 1,580 142 2,170
Dutch 235K 73 1,990 237 3,310

Norwegian 124K 38 1,380 158 2,400
Portuguese 218K 84 1,610 245 3,260

Polish 246K 90 1,870 249 3,350
Romanian 53K 28 830 90 1,600
Russian 222K 121 2,490 231 3,460
Swedish 168K 47 1,690 205 2,910
Turkish 63K 26 910 106 1,740
Chinese 43K 97 600 85 1,520

CLESA and bootstrapping. We use the CLESA described in Section 2.3 for zero-shot classification for both
datasets. We also use bootstrapping described in Section 2.2 to further enhance the unsupervised learning results.

Supervised learning. To compare how good zero-shot classification classification can be, we implemented super-
vised baselines for both datasets. We use simple BOW representation of documents (tokenized with stop words
removed by Lucene), and use Liblinear [54] as the classifier. Particularly, we use the L2-regularized and L2-loss
linear support vector classification for all the experiments.

Cross-lingual word embedding. Another approach to perform cross-lingual zero-shot classification is to embed the
words in both languages into the same semantic space, and then compare documents and labels in different languages
in the same space. We first use the compositional vector model (CVM) [37] to generate our bi-lingual word embedding
in a shared semantic space. CVM needs parallel corpora to train embedding for both languages. Following [37], we
train the models based on TED and Europarl17 datasets. Europarl dataset is a popularly used parallel corpus for
machine translation [55]. It has 21 European languages that can be translated into English and vise versa. In this
experiment, we select the ten relevant languages to the cross-lingual zero-shot classification classification tasks.

The statistics of both TED and Europarl datasets is shown in Table 4. In the table, we also show our comparable
corpus provided by Wikipedia language links. From the table we can see that Europarl data is about an order of
magnitude larger than TED data. Wikipedia is even larger in terms of token numbers (except for Danish and Swedish).
But Wikipedia is nosier and the distribution of words is imbalanced, e.g., English tokens can be five times larger
compared to Danish and four times larger compared to Swedish. This means in general, English Wikipedia pages are
longer than other languages.

We trained the CVM model using the parallel corpora with the default setting as well as the settings indicated in
the paper [37] using their software18. The length of the word vector was set to 128, the number of iterations was set
to five, and the number of mini-batches was set to ten. We used the “additive” model with single mode (only using
pairwise languages) and used the “doctrain” model to train on TED data and the “dbltrain” model to train on Europarl
data.

17http://www.statmt.org/europarl/
18https://github.com/karlmoritz/CVM
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Table 5: Comparison on TED dataset (averaged macro-F1 scores over 15 labels). CLESA naive: merging training and test data,
selecting the top 200 highest similarity scores as positive, and evaluating the F1 score on test set. CLESA bootstrap: bootstrapping
over the naive method. CLESA tuned: tuning a threshold on the training set, and applying it on the test data. Word2vec (skipgram
modeled trained on Wikipedia with 128 dimensions) on English is 0.346 with tuned setting. “Average” excludes English.

Supervised CLESA Embedding (Tuned)
Full 10% 15% Naive Bootstrap Tuned TED Europarl SVDAlign MUSE

English 0.508 0.316 0.360 0.389 0.405 0.440 – – 0.373 0.377
Arabic 0.468 0.223 0.286 0.273 0.299 0.266 0.240 – 0.350 0.323

German 0.449 0.234 0.278 0.222 0.245 0.248 0.219 0.115 0.341 0.329
Spanish 0.525 0.303 0.331 0.289 0.301 0.293 0.245 0.163 0.366 0.352
French 0.547 0.353 0.324 0.205 0.228 0.206 0.253 0.157 0.392 0.375
Italian 0.535 0.294 0.315 0.191 0.197 0.226 0.289 0.177 0.383 0.365
Dutch 0.494 0.308 0.319 0.340 0.360 0.390 0.285 0.157 0.364 0.368
Polish 0.420 0.209 0.296 0.227 0.253 0.286 0.278 0.174 0.369 0.342
Pt-Br 0.502 0.271 0.296 0.307 0.331 0.287 0.250 0.171 –

Roman. 0.491 0.295 0.257 0.170 0.194 0.241 0.232 0.213 0.370 0.351
Russian 0.475 0.216 0.278 0.199 0.195 0.205 0.127 – 0.354 0.340
Turkish 0.426 0.176 0.252 0.333 0.354 0.395 0.248 – 0.329 0.339
Chinese 0.235 0.158 0.167 0.173 0.182 0.239 0.197 – 0.232
Average 0.468 0.258 0.289 0.255 0.273 0.286 0.238 0.166 0.350 0.348

We also use the pretrained embeddings provided by [15] (SVDAlign) and MUSE embeddings [16]19. MUSE
embeddings are also developed based on FastText [43]. Different from SVDAlign, MUSE does not require any
bilingual lexicon to train the cross-lingual embeddings. For the current version of MUSE, it contains 30 languages
with cross-lingual embeddings (while as mentioned SVDAlign released 78 languages).

3.2.2. TED Data Classification
The TED data has already been organized into subsets according to each label. Thus, we treat the problem as a

binary classification for each label. Since the data is imbalanced, we find that training a supervised binary classifier
and using the default threshold to determine which one is positive is not effective enough. Thus, we randomly split
the provided training set into 70% training and 30% validation sets. Then we use the training set to train a model and
use the validation set to tune the threshold. We average the results over ten trials to select the best threshold. Then we
train a new model using the full training data and apply the new model and the tuned threshold to the test set. Besides
using the full training set, we also use 10% and 15% of the full training set to do the same supervised procedure,
respectively. We report the averaged F1 scores over 10 trials for 15 labels with supervised learning in Table 5. The
fully supervised learning results are comparable with the best results shown in Table 4 in [37].

For zero-shot classification, since there is only one label for each binary classification problem, it is only possible
to use one similarity to select the most similar documents and label them as positive. Therefore, we perform a naive
zero-shot classification as follows. First, we merge the training and testing datasets, which contains around 1200
documents for each label and each language. Then we select the 200 highest similarities between each label and the
documents, and label them as positive. For bootstrapping, we initially label 50 positive and 500 negative examples
respectively, and train a classifier, and then iteratively label 5 positive and 50 negative more documents in each
bootstrapping step. We also combine the bootstrapping results with the top 200 positive documents labeled with pure
zero-shot classification to ensure good recall. In addition, we also use another setting to verify the cross-lingual ESA
similarity. We use the training set to tune a threshold for the similarities computed by cross-lingual ESA between both
labels and documents. Then we apply the threshold to the test set to classify the documents. We call this the “tuned
zero-shot classification classification.”

From Table 5 we can see that naive zero-shot classification with the top 200 documents performs worst among the
three settings, while bootstrapping is in the middle and tuned zero-shot classification performs the best. Compared

19https://github.com/facebookresearch/MUSE
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Table 6: Comparison on RCV1/RCV2 datasets (top level, four categories) on micro-F1. S.400: supervised learning with 400 training data.
S.800: supervised learning with 800 training data. CLESA: zero-shot classification with CLESA. Bootstrap: zero-shot classification with
CLESA+bootstrapping. E.(TED): word embedding using CVM trained on TED data, document embedding with average word embedding.
E.(Euro.): word embedding using CVM trained on Europarl data. “Average” excludes English. “w/o zh/ja” means average without consider-
ing Chinese and Japanese. Zero-shot classification with word2vec embedding [30] with 128 dimensions trained on English Wikipedia for RCV1 is
0.561.

micro-F1 Supervised CLESA Embedding
#Doc. S.400 S.800 CLESA Bootstrap E.(TED) E.(Euro) SVDAlign MUSE

RCV1 23,149 0.691 0.786 0.653 0.742 – – 0.615 0.619
Danish 11,185 0.589 0.630 0.317 0.364 – 0.352 0.456 0.485
German 116,212 0.424 0.492 0.613 0.724 0.396 0.305 0.629 0.621
Spanish 18,655 0.645 0.651 0.647 0.667 0.156 0.290 0.162 0.166

Sp.-latam 79,775 0.241 0.250 0.644 0.554 0.376 0.536 0.722 0.722
French 85,393 0.307 0.467 0.653 0.762 0.578 0.334 0.633 0.671
Italian 28,406 0.553 0.607 0.528 0.542 0.323 0.274 0.346 0.322

Japanese 65,499 0.548 0.595 0.324 0.534 – – 0.114 –
Dutch 1,794 0.140 0.160 0.387 0.395 0.125 0.205 0.754 0.717

Norwegian 9,409 0.510 0.564 0.252 0.329 – – 0.554 0.542
Portuguese 8,841 0.546 0.613 0.428 0.375 0.101 0.257 0.152 0.129

Russian 17,487 0.499 0.523 0.309 0.418 0.334 0.323 0.155 0.153
Swedish 15,732 0.454 0.518 0.466 0.618 – 0.330 0.497 0.491
Chinese 28,964 0.672 0.723 0.537 0.690 0.241 – 0.094 –
Average 0.471 0.523 0.470 0.536 0.292 0.320 0.405 (0.460 w/o zh/ja) 0.456

to supervised learning, zero-shot classification is comparable to supervised learning with 10% labeled data, and a
little worse than supervised learning with 15% labeled data. This result is consistent with the results shown in the
original monolingual zero-shot classification [23, 24]. It is amazing that for Chinese document classification, zero-
shot classification is even better than the fully supervised learning. This may be because that Chinese typically uses
fewer segmented words than English to represent the same meanings (0.68 million tokens in Chinese vs. 2.99 million
tokens in English in TED). Then when classification is conducted on BOW features, there are fewer overlapped words
among documents in Chinese, as compared to English and other languages.

We use the multilingual embeddings for the zero-shot classification setting. We only show the results based on the
tuned classification approach (tuning threshold based on training and applying the threshold for testing) in Table 5.
Since Europarl data cannot cover all the language pairs used in TED, we only report the ones that it can cover. From
the results we can see that even though the Europarl dataset is much larger than TED, the embedding results trained
based on TED data are much better than the embedding trained based on the Europarl dataset. The results based on
SVDAlign and MUSE are better than CVM embeddings and CLESA. This is because, for the comparison with CVM,
SVDAlign and MUSE are both based on larger training corpus and more advanced algorithms. For the comparison
with CLESA, since the TED data only use one label keyword to describe the categories, the dense embedding can
better compress the meanings of labels and compare with the texts. On the contrary, CLESA may be more difficult
to find a good representation based on single label description. As we can see for the 20-newsgroups data and RCV2
data, CLESA is still better than SVDAlign and MUSE since the labels to describe the categories are better used.

We also verified embedding results by testing English language with word2vec [29, 30] trained with Skipgram
model, vector length as 128, and window size as five on the whole English Wikipedia. The tuned zero-shot classifi-
cation result is 0.346, which is less than the English ESA (0.440) shown in Table 5. Similar results have also been
shown in previous monolingual zero-shot classification [24].

3.2.3. RCV2 Data Classification
We use the linear classifier trained on BOW as the baseline method. We train the classifiers with 400 and 800

randomly selected examples for each language respectively. We report the average over 10 trials for supervised
learning results. For zero-shot classification, we have four classes and we choose the best label for each document
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Table 7: Comparison on RCV1/RCV2 datasets (top level, four categories) on macro-F1. S.400: supervised learning with 400 training data.
S.800: supervised learning with 800 training data. CLESA: zero-shot classification with CLESA. Bootstrap: zero-shot classification with
CLESA+bootstrapping. E.(TED): word embedding using CVM trained on TED data, document embedding with average word embedding.
E.(Euro.): word embedding using CVM trained on Europarl data. “Average” excludes English. “w/o zh/ja” means average without consider-
ing Chinese and Japanese. Zero-shot classification with word2vec embedding [30] with 128 dimensions trained on English Wikipedia for RCV1 is
0.465.

macro-F1 Supervised CLESA Embedding
#Doc. S.400 S.800 CLESA Bootstrap E.(TED) E.(Euro) SVDAlign MUSE

RCV1 23,149 0.747 0.764 0.586 0.698 – – 0.474 0.465
Danish 11,185 0.454 0.480 0.322 0.389 – 0.271 0.344 0.380
German 116,212 0.388 0.472 0.564 0.685 0.276 0.263 0.414 0.434
Spanish 18,655 0.321 0.343 0.543 0.625 0.151 0.181 0.147 0.157

Sp.-latam 79,775 0.343 0.381 0.494 0.525 0.204 0.273 0.288 0.297
French 85,393 0.395 0.525 0.583 0.662 0.230 0.246 0.283 0.340
Italian 28,406 0.423 0.480 0.520 0.552 0.323 0.274 0.267 0.258

Japanese 65,499 0.410 0.448 0.321 0.517 – – 0.054 –
Dutch 1,794 0.212 0.227 0.316 0.344 0.125 0.205 0.350 0.329

Norwegian 9,409 0.407 0.427 0.229 0.309 – – 0.271 0.282
Portuguese 8,841 0.305 0.403 0.389 0.361 0.101 0.257 0.142 0.125

Russian 17,487 0.336 0.382 0.292 0.366 0.334 0.323 0.089 0.083
Swedish 15,732 0.389 0.429 0.444 0.580 – 0.330 0.327 0.329
Chinese 28,964 0.412 0.507 0.465 0.603 0.241 – 0.047 –
Average 0.369 0.423 0.422 0.501 0.221 0.262 0.233 (0.266 w/o zh/ja) 0.274

based on the highest similarity between a document and the label descriptions. Then for bootstrapping, we use the
standard procedure to initialize 100 documents for each class using pure similarity based zero-shot classification, and
then iteratively label 100 more documents for each class and stop after three iterations. From Tables 6 and 7 we can
see that zero-shot classification with bootstrapping is comparable to supervised learning using between 400 and 800
labeled documents.

For the zero-shot classification based on multilingual embedding, we can see that the embedding trained on TED
performs worse than embedding on Europarl. Compared to the TED classification results where TED embedding
is much better, now both TED embedding and Europarl embedding are applied to out-of-domain examples (RCV2
words). Thus, when changing the domain, the size of the training corpus matters. Again, SVDAlign and MUSE
are better than CVM for the same reason as explained for TED data. Cross-lingual ESA is better than cross-lingual
embeddings. This is reasonable, since for embedding, we average all the word vectors to represent a document and a
label. Thus some information may be lost.

In addition, the zero-shot classification with word2vec embedding [30] with 128 dimensions trained on English
Wikipedia for RCV1 is 0.561. This again verifies that embedding currently under-performs ESA for zero-shot classi-
fication.

3.3. Cross-lingual Document Classification with Small Wikipedia

In this section, we present the experimental results of document classification when there is no or small Wikipedia
presence. CLZSC can achieve relatively good performance when the number of Wikipedia titles is large. Since
the correlation between CLZSC results and Wikipedia sizes is significant, we split the 87 languages based on the
classification results. There are 39 languages with lower than 0.5 classification accuracy, while 48 with higher than
0.5 accuracy. In the following experiments, we call the 39 languages the SWLs and the 48 languages as well as
English (in total 49) the LWLs.

3.3.1. Example Languages: Hausa and Uzbek
We first select two typical SWLs, i.e., Hausa and Uzbek, as examples to demonstrate how to use bridging languages

to improve zero-shot classification. Hausa is a language under the Afro-Asiatic family and further under Chad. Uzbek
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Table 8: Comparison on Hausa and Uzbek languages data. “en” stands for English. “ar” stands for Arabic. “ha” stands for Hausa. “uz” stands for
Uzbek. “ACC.” stands for accuracy. “Pur.” stands for purity.

zero-shot classification lg=ha (acc.) lg=uz (acc.)

lg-en Wiki. 0.08 0.40
en Wiki. (lg-en dict.) 0.27 0.63
ar-en Wiki. (lg-en dict.) 0.43 0.71
ar-en Wiki. (lg-ar dict.) 0.75 0.79

clustering lg=ha (pur.) lg=uz (pur.)

K-means (en) 0.714±0.025 –
K-means (ar) 0.698±0.046 –
K-means (lg) 0.684±0.025 0.686±0.031

is a language under the Middle Turkic family. Both of the writing systems are related to Latin. The small number
of Wikipedia pages, and therefore small shared semantic space, for these two languages (62 for Hausa and 3,082 for
Uzbek after intersection with English Wikipedia), means that CLZSC will not be accurate. The results are summarized
in Table 8. Indeed, classification results are not satisfactory (0.08 for Hausa and 0.40 for Uzbek).

The basic idea of bridged CLZSC is that if we can leverage some word level translation from SWLs to another
language, we can use the other language to build ESA/CLESA and further perform zero-shot classification. Here
we tried to use both English (3 million titles) and Arabic (77,631 intersected titles) to bridge Hausa and Uzbek. To
compare dictionaries, we first used Google Translate to translate all the words (word by word) used in 20-newsgroups
documents in Hausa and Uzbek to English. Then the zero-shot classification result using English ESA is 0.27 and
0.63 for Hausa and Uzbek respectively.

To test the CLZSC using Arabic as a bridging language, we use Google Translate to translate Hausa/Uzbek words
into Arabic words. Then we map each document in Hausa/Uzbek to Arabic, and perform CLESA based on Arabic-
English Wikipedia. The result of zero-shot classification is 0.75 and 0.79 for Hausa and Uzbek respectively. We
presume that there are two potential reasons for Arabic being better than English. First, the Arabic-English intersected
space may be less ambiguous than the original English space. The language links used by CLESA reduce the size of
space of Wikipedia titles, but help to disambiguate the semantic meanings. Second, the word-to-word mappings for
Hausa/Uzbek-Arabic are better than those for Hausa/Uzbek-English because Hausa/Uzbek and Arabic are in the same
writing system. To test the two above hypotheses, we also map Hausa/Uzbek to English and use the English part in the
Arabic-English intersected Wikipedia to perform zero-shot classification. The results are 0.43 and 0.71 respectively,
less than using the Arabic part but greater than using Hausa/Uzbek-English mapping for English Wikipedia. We
summarize all the above results in Table 8.

We also compare CLZSC with the traditional unsupervised clustering algorithm, K-means, over the TF-IDF fea-
tures of documents (IDF was computed based each language’s 100 documents). Note that in zero-shot classification,
we only need label names to classify the documents, but K-means needs to know a set of documents in the target
language. When seeing more documents, CLZSC can also be further improved by bootstrapping. We performed ten
trials and average the results, using the purity metric20 to evaluate the accuracy of clustering. Purity is an average
accuracy of each cluster assigned to the max corresponding ground truth label. It can be regarded as an upper-bound
accuracy when we do not know the correspondence between the ground truth labels and the clustered labels. The
clustering results are comparable for English, Arabic, and Hausa, but not as good as bridged CLZSC. In addition,
from the results we can see that there is no clear clue about which language will have better clustering results.

3.3.2. Bridged Cross-lingual Zero-shot Classification
Given the fact that for both Hausa and Uzbek, Arabic outperforms English for bridged CLZSC, and the fact that

there are more local languages out of 7,000 languages in the world that cannot be translated to English but may be
able to be translated to local popular language, we want to evaluate which language can be the best language as a

20https://nlp.stanford.edu/IR-book/html/htmledition/evaluation-of-clustering-1.html
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Table 9: Bridging languages ranks for Hausa and Uzbek translated 20-newsgroups data.

Hausa Uzbek

Rk. Bridge Acc. Bridge Acc.

1 Arabic 0.75 Arabic 0.79
2 Hebrew 0.72 Korean 0.78
3 Korean 0.72 Hebrew 0.77
4 Bulgarian 0.67 Catalan 0.76
5 Persian 0.67 Bulgarian 0.76
6 Russian 0.67 Russian 0.71
7 Indonesian 0.65 Indonesian 0.70
8 Thai 0.65 Persian 0.70
9 Japanese 0.63 Spanish 0.70
10 Lithuanian 0.61 Japanese 0.70

(a) Bridged CLZSC with Google word translation. (b) Bridged CLZSC with Panlex word translation.

Figure 5: Comparison of original CLZSC and best bridged CLZSC on 39 SWLs.

bridge for the SWLs. In Table 9, we show the top ten bridging languages for the target languages Hausa and Uzbek.
All the translation of words are performed by Google Translate.21 The results show that Arabic is the best bridge for
both languages.

For all the 39 SWLs, we also checked the bridged results based on all the 49 LWLs, and we selected the best
bridging languages and report the classification results. We compare the original CLZSC results based on the SWL-
English Wikpedia with the best LWL bridged CLZSC in Figure 5. We show the results using Google Translate in
Figure 5(a). We also show the results using Panlex word translation in Figure 5(b). There are 8 out of 39 languages
bridged CLZSC being worse than the original CLZSC using Google Translate, while there are 17 languages worse
with Panlex translation. To further evaluate the quality of Panlex dictionaries, we traversed all the 6,134 distinctive
language codes in Panlex. We found there are 1,671 languages with at least one word in the selected 100 documents
in 20-newsgroups data that can be translated into English. The percentage of words that can be translated versus the
number of expressions shown in Panlex is shown in Figure 6. It turns out that only 12.39% out of 1,671 languages
has more than 10% words identified. This is why Panlex translation results are worse than Google Translate shown in
Figure 5.

3.3.3. Ranking based Results
Table 10 shows the ranking based results.

21Here we use Google Translate since it has consistent coverage across the evaluation data we used. Wiktionary (and other dictionaries) covers
1,000+ languages and makes our method a lot more scalable, but we have yet to systematically compare the quality of various dictionaries.
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Figure 6: Panlex word translation on 20-newsgroups data (1,671 languages to English).

Table 10: Comparison of different methods to select LWLs to bridge SWL CLZSC. The t-tests are performed between each ranking results with the
original CLZSC results. The t-test p-value between “RankSVM” and “Majority Voting” is 0.014. The dependent correlation tests are performed
with each value with the previous one(s), i.e., “Wikipedia size vs. Linguistic,” “Wikipedia language links vs. Linguistic,” “Combination vs.
Linguistic (Ling.),” “Combination vs. Wikipedia size (Wiki.),” and “RankSVM vs. Combination (Comb.).” All the p-values are at 0.05 level
(greater than 0.05 will reject the hypothesis).

method mean±std t-test p-value corr. w. best (google) dependent corr. p-value

Original 0.242±0.126 - -0.310 -
Majority Voting 0.438±0.236 2.061 × 10−4 0.974

Best Bridge (Panlex) 0.269±0.167 0.406 - -
Best Bridge (Google), upper bound 0.546±0.238 2.272 × 10−7 1.000 -

Linguistic 0.380±0.243 0.011 0.827 -
Wikipedia language links 0.275±0.186 0.389 0.805 0.734 (Ling.)
Wikipedia size 0.277±0.186 0.366 0.856 0.607 (Ling.)
Combination (wiki size) 0.353±0.221 0.013 0.773 0.402 (Ling.), 0.096 (Wiki.)
RankSVM 0.465±0.229 2.067 × 10−5 0.963 3.646 × 10−5 (Ling.)

“Original” row is the result for original CLZSC. We compute the mean and standard deviation for the 39 SWLs
as well as the correlation of CLZSC with the best bridged CLZSC. The correlation value is negative. According to
Figure 5(a), it seems the improvement over smaller original CLZSC accuracies is larger than the ones with larger
CLZSC accuracies.

“Majority Voting” row shows the results of using all the LWLs to vote for each zero-shot classification result. It
shows that “Majority Voting” is significantly better than original CLZSC, and highly correlated with “Best Bridge”
shown in next row.

“Best Bridge (Google)” row shows the results of bridged CLZSC results with the best bridge LWLs. This is the
upper-bound of all the other ranking based methods. We can also see from Figure 5(a) that the result is significantly
better. Although the variance of the results is large, the t-test result still shows significance. “Best Bridge (Panlex)”
shows no significant improvement over original CLZSC. However, Panlex has much more languages than Wikipedia
and Google Translate. Thus, it might be still useful when there is something than no resource at all.

“Linguistic” row shows the results of bridged LWLs ranked by S h(L1, L2) in Eq. (9). It is significantly better than
original CLZSC at 0.05 level.

“Wikipedia Wikipedia language links” row shows the results ranked by S ll(L) in Eq. (10). S ll(L) is almost the
same as S w(L), since for most of the languages, English has the largest language link number. “Wikipedia size”
row shows the results of bridged LWLs ranked by S w(L) in Eq. (10). S w(L) will always rank English as the bridge
language. We have two interesting findings from the results. First, the ranking is not significantly better than original
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CLZSC, and worse than “Linguistic.” This means that, bridging SWLs with English by mapping only words may not
be a better solution compared to using cross-lingual Wikipedia, even though the cross-lingual Wikipedia is not good
enough. Second, the correlation value between “Wikipedia size” and “Best Bridge” is higher than the correlation value
between “Linguistic” and “Best Bridge.” However, the dependent correlation test [56]22 shows this improvement is
not significant.

“Combination” row shows the results of bridged LWLs ranked by S w(L) in Eq. (12). The results show that
combining the “Linguistic” and “Wikipedia size” features by hand shows no improvement over pure “Linguistic”
features.

“RankSVM” row shows the results using RankSVM. We split the SWLs into five folds. Then we perform a five-
fold cross validation to generate the results. For each validation, we use 80% of the SWLs as training data, where
each language has 49 LWLs accuracies. We use the 49 accuracies to generate 49 × 48/2 pairs. Then we use the
learnt model to rank the other 20% SWLs. After the five-fold cross validation, we can rank all the SWLs based on
the each learnt model. We tune the parameter of C using a grid search in {10−2, 10−1, . . . , 104}. The average result
over 39 SWLs is significantly better than original CLZSC (p = 2.067 × 10−5) and “Majority Voting” (p = 0.014).
The correlation with “Best Bridge” is also significantly better than “Linguistic” with “Best Bridge.” This means that
machine learning based method is significantly better than the unsupervised voting and ranking with handcrafted
similarities. By looking into the averaged weights of RankSVM in five fold cross validation, we select the five
top weights with largest absolute values, which are: “Internally-headed relative clauses” (-0.3613), “Front Rounded
Vowels” (0.1656), “Absence of Common Consonants” (0.1538), “Optional Double Negation in SVO languages” (-
0.1402), “Number of Genders” (0.1385).

4. Related Work

In this section, we briefly survey some related work.

4.1. Cross-lingual Classification

Cross-lingual document classification has attracted more attention recently in low-resource settings, where target
language training data is minimal or unavailable. It is a natural sub-topic of transfer learning [57]. In cross-lingual
document classification, we train a classifier on labeled documents in the source language, and classify documents
in the target language. Existing approaches either need a parallel corpus to train word embeddings for different
languages [37], require labeled documents in both source and target languages [36], make use of machine translation
techniques to translate words [58] or documents [5], or combine different approaches [59]. Among the existing
approaches, word translation is the cheapest way, while document translation and annotation on the target domain
are the most expensive. In the middle, parallel or comparable corpora may be used to learn a good word/document
representation, which avoids document translation but can still find a correspondence between source and target
languages. The strength of cross-lingual document classification is that it can be generalized to multiple languages
even in the absence of resources. However, when we change the label space from one domain to another, we should
perform translation again and re-train the classifiers. Instead of using parallel corpus to train a classifier or train a
translation model, our approach only needs the comparable corpus, Wikipedia, in different languages aligned with
English. Then if a user can tell the name of the category, cross-lingual zero-shot classification can perform text
classification on-the-fly.

4.2. Pivot based Machine Translation

Pivot language is used to help machine translation when there is no enough resources to train a translation model
from source language to target language [60, 61, 62, 63, 64, 18]. For example, Paul et al., [18] used 22 Indo-European
and Asian languages to evaluate how to select a good pivot language for machine translation. They evaluated 45
features falling into eight categories. Besides the language family feature, they used more translation-relevant features
such as length of sentence, reordering, overlap of vocabulary, etc. They showed that the final result is mostly affected

22We used the implementation here: https://github.com/psinger/CorrelationStats.
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by the source-pivot and pivot-target translation performance. They also mentioned machine learning based method
in the future work, but we are unaware of a follow-up paper that succeeded in doing it. Different from machine
translation which needs the sentence level source-pivot and pivot-target translation, in cross-lingual classification, it is
sufficient to use word dictionaries, making borrowing a bridging language more scalable to many languages and thus
more practically useful. To the best of our knowledge, we have studied largest number of LWLs (49) and SWLs (39)
with largest number of linguistic features (196).

4.3. Zero/One-shot Learning

Zero-shot learning [7, 8, 9, 10] and one-shot learning [11, 12] were first introduced in the computer vision
community and are now recognized by the natural language processing community [65, 66]. One-shot learning
requires one example for training, while in zero-shot learning, the test data is different from the training data (e.g., a
new label space). However, in contrast to the zero-shot classification scenario, both learning protocols require some
training data. The zero-shot classification protocol, on the other hand, assumes no direct training data but only the
label names or descriptions. Compared to one-shot learning, the labels can be relatively simpler. In addition, it relies
on background data from external knowledge sources (like Wikipedia), that is used in an unsupervised way to generate
a common semantic space.

5. Conclusions

In this paper, we proposed a cross-lingual zero-shot classification, CLZSC, approach to text categorization. We
show that it is possible to classify documents in multiple languages into an English label space without any training
data. This framework is very flexible to use different cross-lingual text representations into which we map the target
documents and the label space. Then we studied the problem of CLZSC for SWLs. CLZSC uses English labels to
classify documents in other languages and is scalable to many languages and adaptive to any label space. However,
if Wikipedia for a language is not large enough, the performance is not acceptable. We simply map the words in
SWL documents to LWL words, and perform zero-shot classification based on LWLs. The experiments conducted
on 88 languages derived from 20-newsgroups data show that for 28 languages, the pure zero-shot classification can
achieve greater than 0.8 accuracy. We also tested on two multilingual benchmark datasets, i.e., TED and RCV2
datasets, showing that zero-shot classification is comparable to supervised learning with about 100 labeled documents
per label. Finally, we systematically evaluate 39 SWLs and 49 LWLs. Experiments show that bridging the SWLs with
LWLs can significantly improve the classification results.
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