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Abstract

Latent Dirichlet Allocation (LDA) is a popular three-layer Bayesian probabilis-
tic model that achieves clustering of documents and words within documents
at the topic level. LDA is based on the Bag-of-Words (BOW) model, which
simplifies modeling complexity but results in poor semantic coherence of top-
ics and weak document representation capability. To address this issue, a topic
model based on semantic distribution similarity is proposed. This model, within
the EM (Expectation Maximization) algorithm framework, employs the GPU
(generalized Pdlya urn) model to incorporate word-word and document-topic
semantic distribution similarities to guide topic modeling, thereby weakening
the influence of the bag-of-words assumption on topic generation from the se-
mantic association level. Experiments on four public datasets demonstrate that
the topic model based on semantic distribution similarity exhibits superior per-
formance in terms of topic semantic coherence and text classification accuracy
compared to currently popular topic modeling algorithms, while also improving
convergence speed and model precision.

Full Text

Preamble
Semantic Distribution Similarity Based Topic Model

Ju Yaya, Yang Lu, Yan Jianfeng
(School of Computer Science & Technology, Soochow University, Suzhou,
Jiangsu 215006, China)

Abstract: Latent Dirichlet Allocation (LDA) is a popular three-layer Bayesian
probability model that implements clustering of words and texts at the topic
level. LDA is based on the Bag-of-Words (BOW) model, which simplifies model-
ing complexity but results in poor semantic coherence of topics and weak docu-
ment representation capabilities. To address this problem, this paper proposes a
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semantic distribution similarity based topic model. Under the EM (Expectation
Maximization) algorithm framework, this model employs the GPU (generalized
Pélya urn) model to incorporate word-word and document-topic semantic dis-
tribution similarities to guide topic modeling, thereby weakening the impact of
the bag-of-words assumption on topic generation from the semantic association
level. Experiments on four public datasets demonstrate that the semantic distri-
bution similarity based topic model exhibits superior performance compared to
current popular topic modeling algorithms in terms of topic semantic coherence
and text classification accuracy, while also improving convergence speed and
model precision.

Keywords: latent Dirichlet allocation; semantic distribution similarity; topic
model; GPU model

0 Introduction

With the rapid development of Internet technology, network data has exploded,
primarily including microblogs, news, web pages, images, and audio, among
which textual information occupies a dominant position. How to obtain needed
knowledge from massive text information is a major challenge currently facing
people, and topic models are effective tools for solving this problem. Topic
models are statistical models that use unsupervised machine learning algorithms
to extract latent topic information hidden in documents and words. Among
them, Latent Dirichlet Allocation (LDA) [?] is a commonly used probabilistic
topic model that explicitly extracts semantic information from text by using
topics as an intermediate layer feature representation between documents and
words, and is often used for text classification [?, ?], summarization extraction
[?], topic detection and tracking [?], and other tasks.

Currently, popular inference algorithms for the LDA topic model mainly include
Variational Bayesian (VB) [?], Gibbs Sampling (GS) [?], and Expectation Max-
imization (EM) [?, ?]. Variants based on these three inference algorithms have
been developed for specific application scenarios, such as Stochastic Variational
Bayesian [?], Author-Topic Model [?], and Adaptive Expectation Maximization
[?]. Although these algorithms can achieve certain modeling effects, they still
face a series of challenges. First, current topic model variants typically incor-
porate external prior knowledge to guide modeling for functional or semantic
enhancement. For example, Chen et al. [?] proposed the GK-LDA model (Gen-
eral Knowledge LDA), which utilizes domain-independent general knowledge to
obtain semantic relationships between words and integrates them into the topic
modeling process to improve topic coherence. However, this approach mainly
targets improvements for short text tasks in specific domains and lacks uni-
versality, while the acquired prior knowledge may contain errors. Second, cur-
rent topic modeling does not effectively combine relevant semantic enhancement
mechanisms. For instance, Bekoulis et al. [?] proposed a graph-based weighting
method that assumes the more frequently two words co-occur in a document,
the larger their corresponding weight, enabling topic models to obtain more dis-
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criminative topics from long documents. However, this weighting method does
not consider semantic relationships between words during modeling, and there-
fore cannot obtain topics with optimal semantic coherence and interpretability
[?]. Additionally, most current topic modeling uses Gibbs Sampling (GS) to es-
timate parameters, which often prevents the model from converging to an ideal
state, resulting in weak semantic representation capabilities of documents.

To address the above problems, this paper constructs a text topic model based
on semantic distribution similarity, aiming to enhance topic semantic coherence,
improve text classification accuracy, and increase convergence speed and preci-
sion. This paper studies the semantic enhancement problem of probabilistic
topic models and proposes the Semantic Distribution Similarity based Topic
Model (SDS_TM). Under the EM algorithm framework, the generalized Pélya
urn (GPU) model [?] is used to perform semantic enhancement from both word-
word and document-topic perspectives, and to implement parameter estimation
for SDS_TM. First, for word-word semantic enhancement, similarity between
words is obtained through semantic distribution representation of words. Sec-
ond, for document-topic semantic enhancement, representative words of docu-
ment semantics are obtained by calculating the similarity between the semantic
distribution representation of documents and the semantic distribution repre-
sentation of words in documents, and the probability of corresponding topics in
the document is increased through their quantitative enhancement. This paper
compares the semantic distribution similarity based topic model with currently
popular inference algorithms: Variational Bayesian (VB), Gibbs Sampling (GS),
and Expectation Maximization (EM). Experiments show that the semantic dis-
tribution similarity based topic model exhibits superior performance in topic
semantic coherence and text classification accuracy, while effectively improving
convergence speed and precision.

1.1 LDA Topic Model

The LDA model is an unsupervised three-layer Bayesian probabilistic graphical
model consisting of three layers: document, topic, and word. The LDA graph-
ical model is shown in [Figure 1: see original paper], where non-shaded circles
represent parameters or hidden variables to be estimated; shaded circles rep-
resent observable variables; arrows indicate dependency relationships between
variables; boxes indicate repeated processes; and subscripts in boxes indicate
the number of repetitions. The LDA model assumes that the entire text collec-
tion has K topics, each document d can be represented as a topic distribution of
length K, and each topic k is represented as a word distribution of length equal
to the vocabulary size W. The generative process for a document is as follows:

The LDA modeling process is the reverse of the generation process: given a
text collection, the model first obtains the distribution for each topic k from a
Dirichlet distribution with prior parameter 3, and for a document d, obtains its
topic probability distribution from a Dirichlet distribution with prior parameter
«. Then, for each word t in document d, a topic z,4; is sampled from 6, and the
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word is obtained from the topic-word distribution ¢, - This process is repeated
until all documents are generated. lists some parameters used in this paper.

The inference goal of LDA is to maximize a specific posterior probability from
the joint probability distribution p(z, z,0, ¢|a, §). Different LDA algorithms
have different interpretations of the posterior probability. Currently, main-
stream inference algorithms mainly include Variational Bayesian (VB), Gibbs
Sampling (GS), and Expectation Maximization (EM). Since these inference al-
gorithms optimize different lower bounds of the posterior probability, their mod-
eling results differ.

1.2 Variational Inference Based Algorithm

When Blei proposed the LDA model, a parameter estimation method based on
variational inference (VB) was presented. The core of this algorithm is to use
variational inference methods to replace the unsolvable posterior probability dis-
tribution with a solvable approximate distribution, and to solve for variational
parameters through this approximate distribution. The optimization objective
is defined as:

Variational inference utilizes mean field approximation theory, which endows the
approximate distribution with a fully factorizable property. This approximate
distribution is defined as:

where v and § are document-level free parameters. The simplified LDA proba-
bilistic graphical model is shown in [Figure 2: see original paper].

By minimizing the Kullback-Leibler (KL) distance between the approximate
distribution and the true distribution to derive parameter values, the update
formula for the approximate distribution can be obtained as:

1.3 Gibbs Sampling Based Algorithm

Gibbs Sampling (GS) is a solution for approximate inference problems in LDA
models, performing approximate sampling of the joint posterior probability of
hidden variables that are difficult to solve. The optimization objective of GS is:

GS is a special case of Markov Chain Monte Carlo (MCMC) [?] algorithms,
using MCMC to sample from the target distribution. First, the topic label z,;
of the current word i is removed. Then, based on the topic label distribution of
all words except word i, the probability of assigning the current word to each
topic is estimated. Finally, a topic label is randomly sampled and assigned to
the current word. This process iterates until convergence. The update formula
is:

1.4 Expectation Maximization Based Algorithm

The Expectation Maximization algorithm is similar to the LDA posterior prob-
ability maximization algorithm (Maximum A Posteriori, MAP) [?], with the
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optimization objective:

Maximizing this posterior probability can be understood as finding the optimal
{6, ¢} that fits x. Expanding the likelihood probability p(x|, ¢) and maximizing
it using Jensen’s inequality yields the EM framework for the EM algorithm. The
E-step updates the probability that word w in document d belongs to topic k:

The M-step updates the sufficient statistics:

1.5 Analysis and Comparison of Current Algorithms

The above are the three mainstream inference algorithms for LDA. Since these
algorithms optimize different combinations of hidden variables and indirectly
solve LDA’ s p(z, 2,0, ¢|a, §), there are many differences between them. Both
Variational Bayesian (VB) and Gibbs Sampling (GS) use approximate inference
methods to implement topic modeling. Additionally, the VB algorithm intro-
duces the digamma function when calculating topic distributions, resulting in
lower algorithm precision and slower convergence speed. However, Expectation
Maximization (EM) uses exact inference to obtain the exact lower bound of
the posterior probability when solving parameters {6, ¢}, so this algorithm is
superior to VB and GS algorithms in both convergence speed and precision [?].
Nevertheless, these three inference algorithms are all based on the bag-of-words
(BOW) model assumption, which neither considers the relationship between doc-
uments and words in documents nor the relationship between words and words.
While this assumption simplifies modeling complexity, it leads to unsatisfactory
topic modeling effects.

2 Semantic Distribution Similarity Based Topic Modeling

Currently popular LDA model inference algorithms are all based on the bag-of-
words (BOW) model assumption, which represents documents as word frequency
vectors. This ignores semantic associations between documents and words, and
between words and words, during modeling, losing syntactic and grammatical
information of documents. Therefore, many studies have made extensions to
topic models, but these extensions mainly target specific tasks or introduce
external prior knowledge to guide topic modeling [?], representing expansions
or improvements to traditional topic model applications without substantial
differences.

This paper proposes a semantic distribution similarity based topic model. This
model performs semantic enhancement from both word-word and document-
topic perspectives under the EM algorithm framework. The main idea is to
consider semantic associations between words: words with strong semantic as-
sociations with the sampled word have a higher probability of belonging to the
same topic. It also considers semantic associations between documents and
words in documents: words with close semantic relationships to the document
have an increased probability of being selected by the document’s corresponding
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topic, thereby implementing document-topic semantic enhancement. Through
bidirectional semantic enhancement to improve the topic modeling process, the
semantic coherence of topics and document representation capabilities are effec-
tively enhanced.

2.1 Semantic Enhancement Based on GPU

The generalized Pélya urn (GPU) model is commonly used in the sampling
process of topic models. In contextual topic models, a word is regarded as a
ball of a certain color, a topic as an urn, and the distribution of topics is reflected
by the number of balls of different colors in the urn. The reason LDA models
follow the generalized Pélya urn model is that when a ball of a specific color
is taken from the urn, balls of the same color are returned to the urn together
with the ball. Over time, the change in the number of balls in the urn is a self-
reinforcing phenomenon, i.e., “the rich get richer,” which is consistent with the
word topic sampling process in topic models. This paper uses the GPU model
to perform semantic enhancement for topic modeling from both word-word and
document-topic perspectives.

2.1.1 Word-Word Semantic Enhancement Most previous studies mainly
obtained semantic relationships between words through external prior knowl-
edge, but such semantic knowledge may not conform to the modeling corpus.
Therefore, without introducing external prior knowledge, this paper considers
semantic associations between words in the corpus from two perspectives: local
contextual syntactic information and global document-level semantic informa-
tion.

Word-word GPU semantic enhancement is achieved by calculating the cosine
similarity between word semantic distribution representations. The local se-
mantic distribution of words is obtained through the word2vec model [?]. The
word2vec model represents words as a distributed vector form, examining word
semantics only from the surrounding document information of the word’ s loca-
tion, ignoring topic information of the word in global documents. A fixed-size
sliding window is used to perform contextual statistics for each word in the cor-
pus, obtaining the contextual semantic distribution representation !, of word
w, with dimension K.

The global semantic distribution representation of words is the topic-word dis-
tribution generated by the LDA model, which produces semantic information
within the global document scope during modeling on the corpus. The topic
distribution of word w is represented as a K-dimensional vector ¢,,. Reference
[?] studied the topic distribution vector of words. ¢,, is a sparse matrix. When
K is sufficiently large, 25:1 dwr — 0, and due to the influence of the bag-of-
words (BOW) model, high-frequency words in documents have lower sparsity,
while keywords or low-frequency words have higher sparsity. In traditional topic
modeling, high-frequency words almost occupy all topics. Therefore, this paper
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introduces the L2 norm in word semantic distribution representation to sup-
press the influence of high-frequency words on modeling. The L2 norm is used
to measure the sparsity of vectors. Equation (15) is the calculation formula for
the sparsity of word w’ s topic vector, where K represents the number of topics.

Therefore, by linearly weighting and summing the local semantic distribution
v!, and global semantic distribution ¢,, of word w, the semantic distribution
representation v, of word w can be obtained:

where the weight A adjusts the position of words in the vector space, making
words under the same topic closer in the vector space. For a sampled word w,
words with cosine similarity greater than threshold p constitute the similar word
set A, of that word. Assuming the word similarity matrix is A, when word w is
sampled, all words in set A, will have their probability values on the sampling
topic increased by the corresponding cosine similarity. The enhancement for the
current word w itself remains unchanged at 1, and no enhancement is performed
for other cases. The specific enhancement method is shown in Equation (16):

2.1.2 Document-Topic Semantic Enhancement Most previous research
on topic model enhancement has only focused on semantic associations between
semantically similar words, without considering semantic associations between
words and texts. This paper starts from the semantic distribution represen-
tation of documents, considering semantic associations between the document-
topic distribution generated by modeling and the responsibility values 4, of
words in the document to obtain representative words of document semantics.
Since fi,,q, 1S @ sparse matrix, its L2 norm is used to constrain the influence
of the bag-of-words (BOW) model on semantic enhancement. The semantic
association between a word and its document is reflected in the GPU model
enhancement process: when word w is sampled by topic k, if the word has a
close semantic association with document d, the probability value of topic k in
document d will be enhanced. Document-topic GPU semantic enhancement is
achieved by calculating the semantic similarity between the semantic distribu-
tion of words in the corpus and the semantic distribution of their documents,
as shown in Equation (17), where J,, represents the sparsity of word w, pi,,qx
is the probability value of word w in document d belonging to topic k, 6, is
the document-topic distribution, and W, is the set of all words in document
d. If the similarity between them is greater than p, it is considered that se-
mantic enhancement is needed between document d and topic k; otherwise, no
enhancement is performed. The enhancement matrix is B, ;, and the specific
enhancement method is shown in Equation (18):

wd>»

2.2 SDS__TM Model Structure

This paper proposes the Semantic Distribution Similarity based Topic Model
(SDS_TM). SDS__TM builds upon the LDA model and uses the GPU model to
fuse word-word and document-topic semantic distribution similarities to imple-
ment semantic enhancement during topic modeling.
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The graphical model of SDS_ TM is shown in [Figure 3: see original paper|. The
diagonal shaded parts in the figure represent the GPU semantic enhancement
for document-topic and word-word components. The former depends on the
document-topic distribution and topic-word distribution generated during topic
modeling, while the latter depends not only on the topic-word distribution but
also on Skip-Gram word embeddings, i.e., the local semantic distribution of
words obtained using the Skip-Gram model in word2vec.

2.3 Model Parameter Inference

Currently, mainstream topic model inference algorithms include Variational
Bayesian (VB), Gibbs Sampling (GS), and Expectation Maximization (EM)
algorithms. Among them, the EM algorithm directly optimizes the exact lower
bound of the LDA model’ s posterior probability, demonstrating superior per-
formance in generalization and precision compared to VB and GS algorithms.
Therefore, this paper infers the parameters of the SDS_TM model based on
the EM algorithm framework. According to the update formulas of the EM
algorithm, the update formula for word w in document d on topic k is shown
in Equation (19), using the GPU model to fuse word-word and document-topic
semantic distribution similarities. The update formulas for sufficient statistics
are shown in Equations (20) and (21):

Combining the graphical model and update formulas of SDS_TM, its train-
ing process is as follows: when the model initially converges (iteration number
greater than lower bound), the results obtained from the LDA model are com-
bined with the local semantic distribution of words from word2vec, and the
GPU model is used for semantic enhancement during topic modeling. Since the
calculation of similarity between words takes a long time, matrix A is updated
at intervals after the model initially converges.

3.1 Experimental Environment and Datasets

The experiments in this paper were conducted on a single-machine multi-core
server consisting of 2 Intel(R) Xeon(R) CPUs @ 2.10GHz, with 8 cores per CPU
(16 cores total) and 140GB of memory.

The experiments were performed on four public datasets: Cora, WebKB,
Reuters R8 (R8), and 20 Newsgroups (20 News), which are introduced in
reference [?]. briefly summarizes these four datasets, where D is the number
of documents in the corpus, W is the vocabulary size, NNZ is the number
of non-zero elements, and Category is the number of text categories in the
dataset. Before the experiments, some preprocessing work was performed on
the datasets, mainly including removing standard stop words, removing words
that appear fewer than 3 times, and stemming words.

In topic model research and applications, the selection of prior parameters has a
certain impact on topic modeling [?]. However, parameter research is not the fo-
cus of this paper. To ensure fairness and simplicity in comparative experiments,
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referencing the parameter settings in [?], all algorithms’ prior parameters were
set to @ = 50/K and 8 = 0.01, where K is the number of topics. The total
number of iterations in the experiments was set to T=1000. This paper sets
corresponding similarity thresholds based on semantic distribution similarity,
taking the top 2, and the sliding window size of the word2vec model was set to
4.

3.2 Evaluation Metrics

This paper evaluates the modeling capability of topic models using commonly
used performance evaluation metrics in the general domain of topic models:
Pointwise Mutual Information (PMI) [?, ?], classification accuracy (Accuracy)
[?], and Perplexity [?, 7, ?].

PMI is a commonly used evaluation metric for measuring topic semantic coher-
ence. Its main idea is that the top N words with the highest probability values
in the topic-word distribution are more likely to appear in the same document
in the corpus. The PMI evaluation metric is usually consistent with manual
evaluation results, using the correlation between the top N words in a topic as
the PMI value. Higher PMI indicates stronger topic semantic coherence. The
PMI calculation formula for topic k is:

where Q(w;) represents the number of documents containing word w; in the
corpus, Q(wi,wj) represents the number of documents containing both words
w; and w;, {wyy, ..., wyy} is the list of the N words with the highest probability
in topic k, and € is a small positive integer used to avoid logarithm of zero. This
paper sets N = 10 and € = 1.

Classification accuracy is a commonly used metric for measuring document se-
mantic representation capability. Topics are used as document features to im-
plement text classification. This paper divides datasets into training and testing
sets at a 6:4 ratio and uses a Support Vector Machine (SVM) classifier for classi-
fication tasks. The average of ten experiments is taken as the accuracy. Without
loss of generality, experimental verification shows that classification results with
other classifiers are consistent. The classification accuracy calculation formula
is:

where |C| represents the number of text categories, D, represents the number
of texts in category c¢;, and T} represents the number of texts correctly classified
in category c;.

Perplexity is a commonly used evaluation metric for assessing the quality of LDA
model modeling. It can be understood as the inverse of the geometric mean of
the likelihood values of all words in the corpus. Lower perplexity indicates better
generalization performance. Its calculation formula is:
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3.3.1 Semantic Coherence Analysis

This paper compares the currently popular LDA inference algorithms—Varia-
tional Bayesian (VB), Gibbs Sampling (GS), and Expectation Maximization
(EM)—with the proposed Semantic Distribution Similarity based Topic Model
(SDS_TM). [Figure 4: see original paper| shows the PMI value comparisons
of the four algorithms on the Cora, WebKB, RS, and 20 News datasets under
different topic numbers K. It can be observed that the PMI values of SDS_TM
proposed in this paper are generally higher, indicating that the topics it extracts
have higher semantic coherence.

The VB algorithm optimizes an approximate lower bound of the posterior proba-
bility, while the GS algorithm obtains word topic labels through simple sampling
methods. Both are approximate inference methods. The EM algorithm precisely
optimizes the posterior probability representation, so it can obtain topics with
stronger semantic relevance than VB and GS algorithms. However, these three
inference algorithms are all based on the bag-of-words (BOW) model, ignoring
semantic relationships in topic models. In contrast, SDS_TM can effectively in-
tegrate semantic associations between word-word and document-topic into topic
modeling, thus obtaining topics with higher semantic coherence.

3.3.2 Text Classification Effect Analysis

This paper applies the SDS__TM model to text classification tasks to verify the
overall effectiveness of the model. Higher text classification accuracy indicates
stronger feature expression capability of topics. shows the classification accuracy
of the four algorithms on the R8 and 20 News datasets as the number of topics K
changes. It can be seen that the SDS__TM model can achieve higher accuracy on
both datasets. The exact inference algorithm EM achieves higher accuracy than
the approximate inference algorithms VB and GS. The classification accuracy
on the R8 dataset is higher than on the 20 News dataset, possibly due to the
influence of document size on topic modeling. R8 has a shorter vocabulary list
than 20 News, resulting in less sparsity in texts on the R8 dataset and enabling
the acquisition of more similar semantic information, which more effectively
guides topic modeling.

3.3.3 Algorithm Convergence and Model Precision Analysis

Convergence is a commonly used metric for evaluating model training speed.
[Figure 5: see original paper] and [Figure 6: see original paper| show the per-
plexity changes with iteration numbers for the four LDA algorithms on the
R8 and 20 News datasets. Since the SDS_TM model effectively integrates se-
mantic distribution similarity information during modeling, it has the fastest
convergence speed. The VB and EM algorithms retain all topic information for
each word, so their convergence speed is faster than the GS algorithm. The
GS algorithm only samples one topic for each word, and the sampling process
is relatively slow, so its convergence speed is the slowest. Additionally, the
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SDS_TM model has advantages in final perplexity compared to the other three
algorithms. Lower perplexity indicates higher model precision and stronger gen-
eralization capability on unknown datasets. The VB algorithm has the highest
perplexity after convergence because it simplifies model complexity, resulting
in precision loss. When the iteration number exceeds 30, the topic model tends
to roughly converge. By introducing word-word and document-topic semantic
distribution similarities to guide topic modeling, the perplexity reduction ampli-
tude of the SDS__TM model increases and quickly approaches the convergence
state. Therefore, SDS_TM exhibits superior performance in both convergence
speed and model precision compared to other algorithms.

4 Conclusion

This paper addresses the shortcomings of current topic model inference algo-
rithms, such as poor semantic coherence and weak document representation ca-
pability, by proposing the Semantic Distribution Similarity based Topic Model
(SDS__TM). This model effectively uses the GPU model under the EM algorithm
framework to integrate semantic associations between word-word and document-
topic into the topic modeling process, thereby inferring topic model parameters.
Experiments demonstrate that SDS_ TM exhibits excellent performance in topic
semantic coherence, text classification accuracy, convergence speed, and model
precision. Future research on SDS_TM will mainly focus on improving the
speed of calculating semantic distribution similarity, its application on big data
streams, and parallel acceleration, aiming to accelerate model training while
improving model precision.
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