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Abstract

To address the increasingly abundant cross-lingual textual information resources
and multi-label data present in news reports and scientific literature, and to
mine the correlations between cross-lingual information as well as the associ-
ations among data attributes, we propose a labeled bilingual topic model for
cross-lingual text classification and tag recommendation. First, assuming that
keywords in scientific literature exhibit content relevance with their abstract
sections, we extract and label these keywords, subsequently mapping the labels
to topics within the topic model to instantiate the “latent” topics. Second,
the abstract sections are trained iteratively using the labeled bilingual topic
model. Finally, cross-lingual text classification and tag recommendation are
performed on newly added documents. Experimental results demonstrate that
the Micro-F1 reaches 94.81% on the cross-lingual text classification task, and
the recommended tags effectively exhibit semantic relevance.
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Abstract: With the increasing abundance of multilingual information resources
and multi-label data in news reports and scientific literature, this paper pro-
poses a labeled bilingual topic model to mine correlations between languages
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and associations among data attributes for cross-lingual text classification and
label recommendation. First, assuming that keywords in scientific literature are
content-related to their abstracts, we extract and label these keywords, aligning
them with topics in the topic model to instantiate “latent” topics. Second, we
train the abstract sections iteratively using the proposed labeled bilingual topic
model. Finally, we perform cross-lingual text classification and label recommen-
dation for newly added documents. Experimental results demonstrate that the
Micro-F1 measure reaches 94.81% in cross-lingual text classification tasks, and
the recommended labels effectively reflect semantic relevance.

Keywords: topic model; label; cross-lingual text classification; label recom-
mendation; latent topic

0 Introduction

The proliferation of the Internet has ushered society into an era of information
explosion, making effective management and mining of massive information re-
sources critically important. Today’ s information resources are not only grow-
ing rapidly in scale but also becoming increasingly diverse in type and language.
While this linguistic diversity enriches information resources, language differ-
ences inevitably hinder users’ ability to utilize them effectively. In this context,
cross-lingual text classification technology is needed to organize multilingual
information resources systematically and address the problem of information
chaos. Cross-lingual text classification leverages labeled training documents in
one language to train a classifier for categorizing unlabeled documents in an-
other language. Compared to traditional text classification, cross-lingual text
classification is a relatively new research area that started later.

In 2003, Bel et al. [1] formally introduced the concept of cross-lingual text cat-
egorization, defining it as the extension of existing text classification systems
from monolingual to two or more languages without human intervention. Re-
searchers have since proposed various approaches based on bilingual dictionaries,
machine translation, and latent topic models. Bel et al. [1] constructed category
features from the top n words of source language documents for each category,
then used a bilingual dictionary to translate unclassified documents into the
target language for similarity-based classification. Olsson et al. [2] employed
probabilistic bilingual dictionaries to translate English training documents into
Czech. Machine translation-based methods translate all texts into another lan-
guage before classification, either translating the source language training set
into the target language or vice versa. Rigutini et al. [3] combined machine
translation with EM algorithms for cross-lingual text classification between En-
glish and Italian. Wei et al. [4] used machine translation to translate pivot
features in structural correspondence learning for cross-lingual sentiment classi-
fication. Mimno et al. [5] proposed the PLTM topic model for modeling parallel
and comparable corpora, applying it to machine translation and cross-lingual
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topic tracking. Ni et al. [6] mined multilingual topics from Chinese-English
comparable Wikipedia corpora using LDA, projecting multilingual texts into a
latent topic space for cross-lingual text classification.

Dictionary-based methods suffer from word ambiguity and difficulties in select-
ing the top n feature words for translation, and they cannot handle out-of-
vocabulary domain terms. While machine translation systems provide richer
semantic information than bilingual dictionaries, their accuracy significantly
impacts classification quality. Latent topic model-based approaches suffer from
poor interpretability, as each latent topic lacks explicit definition. This pa-
per leverages multi-label information from scientific literature and news reports,
combined with LDA topic models for cross-lingual text processing, to propose
a Labeled Bilingual Topic Model (LBTM). Our approach addresses the ambigu-
ity of latent topics in conventional LDA by giving topics explicit semantics and
better interpretability. By mining shared “topics” across multiple documents,
we discover inter-document relationships and correlations, enabling label recom-
mendation for new documents.

LDA Topic Model

The LDA topic model [7], proposed by Blei in 2003, is a document topic gen-
eration model and a three-level Bayesian probabilistic model comprising words,
topics, and documents. Blei posited that each word in a document is generated
by first selecting a topic with a certain probability, then selecting a word from
that topic. Documents follow a multinomial distribution over topics, and topics
follow a multinomial distribution over words. This assumption facilitates dimen-
sionality reduction in large-scale data processing by projecting documents into
a topic space. LDA introduces Dirichlet prior parameters [8] on the document-
topic and topic-word distributions, addressing overfitting issues in large corpora.

LDA is a typical directed probabilistic graphical model [9]. Its graphical model
is shown in [Figure 1: see original paper]. The variable W, ,, represents the
n-th word in the m-th document; « and 3 are hyperparameters of the Dirichlet
distribution set empirically; z,, ,, is the topic assigned to word w,, ,,; 8,, is the
topic distribution for document m; and ¢y, is the word distribution for topic
k. Given a document collection D consisting of M documents, where the m-th
document contains N,, words, and assuming K topics in D, LDA generates
documents as follows:

1. Draw document length N, ~ Poisson(§)
2. Draw topic distribution 6, ~ Dirichlet(«)
3. For each word position n = 1 to N,,: 3.1. Choose a topic z,,, ~

Multinomial(6,,) 3.2. Choose a word w,, ,, ~ Multinomial(¢, )

Here, Poisson(-), Dirichlet(-), and Multinomial(-) denote Poisson, Dirichlet, and
multinomial distributions, respectively.

Model parameter estimation is required during LDA construction. Common
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methods include variational Bayesian inference [10,11], EM algorithms [12], and
Collapsed Gibbs sampling [13]. Gibbs sampling is intuitive and simple to imple-
ment, effectively sampling topics from large document collections. Its parame-
ter estimation can be viewed as the inverse of document generation: estimating
parameters given the document collection. From the graphical model, the prob-
ability of a document is:

piwlo, )= [ nlla) (Hzp )0, 20 >) i

n=1 z

By integrating out the parameters to be estimated, we can sample topics for
each word instead. The conditional probability of the topic sequence given the
word sequence is:

p(w, z|o, B)
p(wla, §)

p(zlw, o, ) =
The collapsed Gibbs sampling formula is:

nglz + B, n(k)fi +

m,

Vv v ' K j
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where z; is the topic for the i-th word; z_; denotes all topic assignments except

the i-th; ngﬁ is the count of word ¢ assigned to topic k excluding the current

assignment; [, is the Dirichlet prior for word ¢; n(k) , is the count of topic £ in
document m excluding the current assignment; and O% is the Dirichlet prior for
topic k.

%

Once topic assignments for all word tokens are obtained, parameters can be
computed as:

kt ™ SV (v) |, o
Zv:l ngﬁv) + 61}

0 . ng’rli) + .
mk ™ K () ,
Zj:l m(%) + a;

where ¢, , represents the probability of word ¢ in topic k, and 6,, ; represents
the probability of topic k£ in document m.
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2 Labeled Bilingual Topic Model

LDA represents high-dimensional word information through low-dimensional “la-
tent” topics, capturing document semantics. However, each “latent” topic lacks
explicit meaning and interpretability. This paper improves LDA by proposing
the Labeled Bilingual Topic Model (LBTM), which utilizes multi-label infor-
mation (e.g., keywords in papers) from scientific literature and news reports.
LBTM treats labels as topics, giving topics explicit semantics and interpretabil-
ity by instantiating “latent” topics with concrete M. Documents modeled with
LBTM are represented by “explicit” topics, providing more specific descriptions,
while these explicit topics effectively represent the document collection” s word
set. Through LBTM modeling, each document in the collection obtains a prob-
ability distribution over “explicit” topics, represented as vectors in vector space
models to enable cross-lingual text classification and label recommendation.

2.1 Basic Idea

Assume a document collection consists of M documents, each described in two
languages L, and L, with identical content. LBTM uses a set of language-
independent “universal” topics to model both language representations, where
each universal topic has two language-specific representations. The probabilistic
graphical model of LBTM is shown in [Figure 2: see original paper].

In [Figure 2: see original paper], W, ,, represents the n-th word in the m-th doc-
ument; « is the hyperparameter of the Dirichlet distribution; 8 L, is the Dirichlet
hyperparameter for topics in language L, (j = 1,2); v is the hyperparameter
for the Bernoulli distribution constraining document-topic relationships; A, .
represents the relationship constraint between document m and topic &, unique
for each document-topic pair; z,, ,, is the topic assigned to word w,, .; 0, is
the topic distribution for document m; and ¢, L, is the word distribution for
universal topic & in language L. '

Given document collection D with M documents, each containing representa-
tions in both languages, where the L; portion of document m contains N, L,

words, and assuming K topics in D, LBTM generates documents as follows:

1. For each universal topic z (z = 1,2,...,K): 1.1. For each language L,
(j =1,2): 1.1.1. Choose word distribution bon, ™~ Dirichlet(ﬁLj)

2. For each document m in the collection: 2.1. For each universal topic z
(2=1,2,..,K): 2.1.1. Choose A,, , € {0,1} ~ Bernoulli(y) 2.2. Choose
topic distribution 6,, ~ Dirichlet(c, A,,,) 2.3. For each word position n:
2.3.1. Choose topic z,, , ~ Multinomial(f,,) 2.3.2. Choose word w,, , ~
Multinomial(¢, )

m,nrj
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2.2 Parameter Estimation

In the parameter estimation phase, we modify Gibbs sampling to accommo-
date labels and bilingual characteristics. The conditional probability of topic
sequences given word sequences is:

n;:ll + 51& fnli) + o

R
S a8, S nd +a,

p(z; = klz_;, w)

77

For LBTM, this extends to bilingual settings. Let w L, denote the vector of all
word terms in language L, and z L, their topic ass1gnments The conditional
probability formula becomes

t k
ngc,ll + BLj,t ’I’L,En) .4 Ozk

Pz, = k|ZLj,7i’WLj) X : (J)
s

Vi (v K
ZviJl ngc,)fz + BLj,v Zj 1

where ngf)ﬂ represents the count of word ¢ assigned to topic k in language L;,

excluding the current assignment; VLj is the vocabulary size of language L;;

and nfﬁ)ﬂ represents the count of topic k£ in document m, excluding the current

assignment.

After obtaining topic assignments for each word in each language, the document-
topic representation for LBTM is:

ngrl:) + Oék

0 .t TR
Zl 1 +al

m,k —

2.3 Estimating Topic Distribution of New Documents

For a new document, its topic distribution can be predicted using trained model
parameters, projecting the document onto the “topic” dimension. We compute
the conditional probability p(zLN- = k|zLj77i, ij), where w is the document’ s
Bag-of-Words vector. The topic assignment for the current word term ¢ depends
on other words’ current topic assignments and all word topic assignments:

"?—z +Br,u ”fik) ; oy,

p<ZLj,i = k|ZLj,fi»WLj) X (1)

v, K
PO 1nk i TBr,w Zl

;T o

where nfik) is the count of topic & assigned to other word positions in document

d, excludmg the current position. The final topic distribution 6, for the new
document is computed as:
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2.4 Differences from “Latent” Topic Models

Compared to LDA and other “latent” topic models, LBTM utilizes multi-label
data linked to documents to instantiate “latent” topics, making topic meanings
“explicit” rather than “implicit.” Key differences include:

a)

b)

Topic number K: In LDA, determining K is challenging and requires
experimental selection within a range. In LBTM, K is fixed as the number
of unique labels after deduplication in the corpus.

Document vector representation: In LDA, each document’ s words
can be assigned to any of K topics, so all topic components in the docu-
ment vector may be non-zero. In LBTM, each document has constraint
relationships with its labels, so only topic components corresponding to
constrained topics are non-zero.

Document generation process: LDA selects topic distribution 6,,, from
a Dirichlet prior . LBTM uses a Bernoulli prior v to determine document-
topic constraints, as each document either has or lacks constraints with
each topic (label).

Sampling range: LDA computes conditional probabilities between each
word and all K topics. LBTM restricts sampling to only those topics
(labels) that have constraint relationships with the document.

Computational complexity: Due to the reduced sampling range,
LBTM offers computational advantages. During each iteration, it
only computes conditional probabilities for topics associated with the
document, unlike LDA which computes probabilities for all topics.

Inference for new documents: LDA samples from all K topics during
inference. LBTM only samples from topics assigned to the current word
during training, further reducing computational complexity.

3 Experiments

3.1 Cross-Lingual Text Classification

To validate LBTM’ s effectiveness and feasibility for cross-lingual text classifica-
tion, we trained classifiers on Chinese and Korean scientific literature training
sets and applied them to classify test documents in the other language. The
corpus is a parallel corpus, so Chinese and Korean documents have identical
content (semantic alignment). We compared our approach with the traditional
“latent” LDA topic model from [6] that does not use label information.
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3.1.1 Dataset The bilingual corpus consists of Chinese-Korean parallel scien-
tific literature from the Science and Technology Department of Yanbian Korean
Autonomous Prefecture. It comprises 9,000 papers with sentence-level aligned
keywords and abstracts in both languages, as shown in [Figure 3: see original
paper]. The collection includes 6,000 ecology papers and 3,000 aerospace pa-
pers, categorized by journal type. The training-to-test split ratio is 9:1 for each
category. Chinese abstracts were segmented using the ICTCLAS system, and
Korean abstracts using the Hannanum system.

3.1.2 Evaluation Metrics We evaluate classification performance using
Macro-F1 and Micro-F1 scores. Macro-F1 computes metrics for each class
separately and averages them arithmetically, while Micro-F1 aggregates all test
instances into a global confusion matrix regardless of class. Definitions are as
follows:

2 x Macro-precision x Macro-recall

M -F1 =
acto Macro-precision + Macro-recall

. 2 X Micro-precision x Micro-recall
Micro-F1 =

Micro-precision + Micro-recall

where precision is the ratio of correctly classified documents to all documents
assigned to a category, and recall is the ratio of correctly classified documents
to all documents actually belonging to that category. Macro-F1 is sensitive to
minority classes, while Micro-F1 is influenced by majority classes [14,15].

3.1.3 Parameter Settings Topic models require preset parameters including
topic number K, Dirichlet priors « and S, and training/test iteration counts.
Parameter settings for LBTM and “latent” LDA are shown in .

Table 1: Parameter Settings for Comparative Experiments

Parameter Labeled Bilingual Topic Model “Latent” LDA Topic Model
Topic number K 18,170 (unique labels after deduplication) 400

Prior o 50/K 50/K

Prior g 0.01 0.01

Training iterations 1,000 1,000

Test iterations 100 100

In LBTM, K is fixed at 18,170—the number of unique labels in the training set.
For LDA, K was set to 400 for comparison. Training and test iterations were
set to 1,000 and 100 respectively to ensure convergence.
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During classification, we first model the training set. In each training iteration,
we compute the probability of assigning each word to each topic using Equa-
tion (5) and update assignments via Gibbs sampling. After training, we obtain
model parameters (document-topic distributions) using Equation (6). For test
documents, we initialize topic distributions using trained parameters and known
word terms, then iteratively compute assignment probabilities using Equation
(7) and update via Gibbs sampling, finally obtaining the test document’ s topic
distribution using Equation (8).

3.1.4 Experimental Results and Analysis We compared LBTM with the
traditional “latent” LDA model [6] on the Chinese-Korean scientific literature
corpus. Both training and test sets were represented as topic distributions. We
used a Naive Bayes classifier for cross-lingual classification, performing two tasks:
(1) training on Korean documents to classify Chinese test documents (KOR-
>CHN), and (2) training on Chinese documents to classify Korean test docu-
ments (CHN->KOR). Training and test sets were randomly split 9:1. We built
label indices and dictionaries from training set labels and content, estimated
LBTM parameters, inferred topic distributions for test documents, trained the
Naive Bayes classifier on training data, and finally classified test documents.

Table 2: Comparative Experimental Results

Model Micro-F1 ~ Macro-F1  Training Time

Labeled Bilingual Topic Model  94.81% 92.41% 8 hours
“Latent” LDA Topic Model [6]  94.04% 92.76% 48 hours

LBTM achieved a maximum Micro-F1 of 94.81% and Macro-F1 of 92.41%,
demonstrating practical applicability for automatic cross-lingual classification
of scientific literature. Compared to LDA, LBTM’ s Micro-F1 is higher while
Macro-F1 is slightly lower. In the 6,000 ecology documents, LBTM outper-
formed LDA, while in the 3,000 aerospace documents, LDA performed better
—confirming that Micro-F1 is influenced by majority classes and Macro-F1 by
minority classes. Comprehensive evaluation requires both metrics.

The total time consumption was 8 hours for LBTM versus 48 hours for LDA (a
1:6 ratio). During training, LBTM’ s per-word topic sampling range is limited
to a document’ s keywords (typically 5-6), whereas LDA computes probabil-
ities for all topics. During inference, LBTM only computes probabilities for
topics assigned during training, while LDA computes probabilities for all topics.
Thus, LBTM achieves higher classification accuracy with significantly reduced
computational cost.

3.2 Label Recommendation

By instantiating and clarifying “latent” topics, LBTM can be applied to la-
bel recommendation. For new documents without labels, we infer their topic
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distributions using the trained model. When representing documents as topic-
dimensional vectors, each component value indicates the proportion of words
belonging to that topic—higher values indicate stronger relevance.

We used the same document collection as the classification task. After inferring
test documents’ topic distributions, we selected the top two topics with highest
component values as recommended labels and compared them with original
keywords. Tables 3 and 4 show sample results.

Table 3: Label Recommendation Results for Chinese Scientific Liter-
ature

Paper Title Original Keywords Recommended Labels
Subsurface Drip Subsurface drip irrigation;  Sustainability analysis;
Irrigation Sustainability analysis; Bossel theory; Numerical
Technology: Cotton; Numerical simulation; Fertilization;
Eco-Economic simulation; Bossel theory Soil N20 flux dynamics;
Sustainability Chestnut forest; Mach 4
Analysis—A Case hydrogen

Study of Cotton autoignition-assisted

in the Manas ethylene ignition;

River Basin, Direct-connect pulse
Xinjiang combustion wind tunnel;

Ignition test;
Sub-combustion mode; Soil
organic carbon;
Water-soluble organic
carbon

Table 4: Label Recommendation Results for Korean Scientific Liter-
ature

Paper Title Original Keywords Recommended Labels
LFM Ztheigtsma  et=Ma (Compressive A=MA (Compressive
(Blind sensing); MEFMAHENS sensing); MEFMEHENS
Compressive (Linear frequency (Linear frequency

Sensing Model for  modulated signal); 2+4%  modulated signal); £4A%2|

LFM Broadband 2loj#igt (Fractional Fourier — of##t (Fractional Fourier

Radar Signals) transform) transform); 224 (Signal
analysis)

The recommended labels show semantic relevance to original keywords. For
instance, the Chinese paper about cotton irrigation includes “#87€” (cotton) in
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both original keywords and recommendations. The Korean paper on compres-
sive sensing includes “2%ZMA” (compressive sensing) in both. Since authors
manually add keywords with subjective perspectives, exact alignment is unreal-
istic, but semantic associations enable auxiliary label recommendation.

4 Conclusion

This paper proposes a Labeled Bilingual Topic Model (LBTM) that leverages
multi-label information from scientific literature and news reports. LBTM offers
several advantages:

a) Compared to traditional “latent” LDA, LBTM “instantiates” topics with
explicit semantics and better interpretability.

b) With constrained sampling ranges, LBTM achieves faster parameter esti-
mation and document inference than LDA.

¢) On Chinese-Korean parallel scientific literature, LBTM achieves 92.41%
Macro-F1 and 94.81% Micro-F1, making it suitable for practical applica-
tions.

d) Its explicit topic meanings enable auxiliary label recommendation.

Future research directions include:

a) Extracting domain-specific feature words for each labeled category to im-
prove cross-lingual classification accuracy.

b) Extending the model to multiple languages given parallel corpora with
multi-label annotations across more languages.
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