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Abstract

Topic modeling is a powerful unsupervised tool
for knowledge discovery. However, existing
work struggles with generating limited-quality
topics that are uninformative and incoherent,
which hinders interpretable insights from man-
aging textual data. In this paper, we improve
the original variational autoencoder framework
by incorporating contextual and graph infor-
mation to address the above issues. First, the
encoder utilizes topic fusion techniques to com-
bine contextual and bag-of-words information
well, and meanwhile exploits the constraints of
topic alignment and topic sharpening to gener-
ate informative topics. Second, we develop a
simple word co-occurrence graph information
fusion strategy that efficiently increases topic
coherence. On three benchmark datasets, our
new framework generates more coherent and
diverse topics compared to various baselines,
and achieves strong performance on both auto-
matic and manual evaluations. We make our
code available for reproduction1.

1 Introduction

Topic models, which can automatically discover
coherent and meaningful topics from text corpora,
have been widely used for text data analysis (Rubin
et al., 2012; Wang et al., 2018; Jelodar et al., 2020)
and knowledge discovery (Wang et al., 2022b; Jelo-
dar et al., 2019). In these methods, each topic is
interpreted as a set of related words representing a
semantic concept.

Current topic models can be roughly classified
into two lines. The first category is methods based
on probabilistic graphical models (Blei et al., 2003)
or matrix factorization (Kim et al., 2015; Shi et al.,
2018). They infer parameters through Gibbs sam-
pling, variational inference, or multiplicative up-
date, which requires high computational costs or

*Corresponding author.
1https://github.com/Liujyuan/CGTM

Model Label NPMI Topic words

FASTopic religion 0.154 Topic#1 douglas, johnson, influence, link, lord
baseball 0.084 Topic#2 playoff, local, seattle, open, situation

CGTM religion 0.368 Topic#1 god faith religion love belief
baseball 0.380 Topic#2 pitching hitter pitch season players

Table 1: Top 5 related words and NPMI score of the
discovered topics by FASTopic (Wu et al., 2024b) and
our CGTM on 20News. For clarity, we manually select
the topics most relevant to the labels.

complex derivation (Chen et al., 2021, 2023). The
second category is neural topic models, including
GSM (Miao et al., 2017a), ProdLDA (Srivastava
and Sutton, 2017), ETM (Dieng et al., 2020), and
so forth (Zhao et al., 2021; Wang et al., 2022a; Wu
et al., 2023). These methods generally adopt the
Variational Autoencoder (VAE) or Optimal Trans-
port (OT), utilizing back-propagation for high com-
putational efficiency (Wu et al., 2024a).

However, the current neural topic models strug-
gle with producing limited-quality topics (Hoyle
et al., 2022) due to two issues: (1) uninforma-
tive: topics should be generated to express core
information within the corpus. As exemplified
in Topic#1 of Table 1, the existing FASTopic (Wu
et al., 2024b) excessively focuses on fringe topic
words like ‘douglas’ and ‘johnson’. (2) incoherent:
every topic needs to have internal consistency. As
exemplified in Topic#2 of Table 1, when focusing
on baseball-related topic, inconsistent words such
as ‘local’ and ‘situation’ should be excluded.

First, in terms of capturing core information,
some works on representation learning (Federici
et al., 2020; Tsai et al., 2021) consider invariant
information shared under different representa-
tions as core information that should be retained.
Meanwhile, there are two common representations
for documents: one is Bag-of-Words (BoW), espe-
cially TF-IDF that recognizes in-domain keywords
(Chen and Su, 2023; Haley, 2020). The other uses
Pre-trained Language Models (PLMs), espcially
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BERT to introduce contextual information (Bianchi
et al., 2021). Simply concatenating or adding them
together cannot bring much improvement due to
their essential differences (Bianchi et al., 2021; Li
et al., 2024). Hence how to leverage their collective
strengths is still under-explored. Thus, we propose
to capture informative topics by effectively fus-
ing TF-IDF and BERT representations.

In addition, word relationships can be effec-
tive in aiding consistency within a topic (Adhya
and Sanyal, 2024), so it is becoming a popular
practice to exploit the word relationship graph in
the topic model. Some Graph Neural Network
(GNN)-based works (Zhu et al., 2018; Shen et al.,
2021; Adhya and Sanyal, 2024) construct word
co-occurrence graphs within documents or sliding
windows. However, these studies fail to harness the
overall word co-occurrence at the corpus level
in a well-designed manner that facilitates coherent
topic mining.

Based on the aforementioned analysis, we pro-
pose solutions aimed at addressing the problems
of topics being uninformative and incoherent. As
an answer to issue (1), we develop a topic-wise
fusion method to merge the TF-IDF and BERT rep-
resentations. To capture the informative topic,
we add a topic alignment constraint, which aligns
these two sources of representations at the topic
level before fusion. Additionally, we adopt topic
sharpening, a self-training objective aiming at pro-
moting a stronger emphasis on relevant informative
topics in the fused document-topic distribution. As
for issue (2), we adopt the fine-grained word rela-
tion to tune the word embedding space (Han et al.,
2024) through the Graph Information Fusion (GIF).
And a simple graph decoder is designed to effi-
ciently improve topic coherence by only using the
reconstructed word relation graph.

In summary, our contributions are as follows:
• We extend the VAE framework to CGTM,

which redefines the text generation process that
incorporates Contextual information and Graph in-
formation into Topic Modeling.
• For contextual information, we employ a topic-

wise fusion approach and impose constraints on
both topic alignment and topic sharpening for in-
formative topics.
• For graph information, we employ a graph

information fusion method and impose a graph
decoder for coherent topics.
• Extensive experiments are conducted on three

datasets to evaluate our model. The results show

that the performance of CGTM is significantly bet-
ter than state-of-the-art baselines.

2 Related Works

2.1 Neural Topic Models incorporating
Contextual Information

There are three main approaches to integrate con-
textual information in neural topic models: The
first is clustering-based model. These models em-
bed documents into dense vectors using PLMs
and then obtain the topic words through various
clustering methods. Several approaches, such as
BERTopic (Grootendorst, 2022), generate topic
representations with the class-based TF-IDF proce-
dure. CETopic (Zhang et al., 2022) further explores
different topic vocabulary selection strategies. The
second category is data augmentation-based model.
This method utilizes PLMs for embedding doc-
uments functioning as a means of enhancing the
input data or serving as reconstruction targets. BAT
(Hoyle et al., 2020) applies knowledge distillation
in pre-trained transformers to improve any base
neural topic models. CombinedTM (Bianchi et al.,
2021) simply concatenates raw BoW and Sentence-
BERT (SBERT) embeddings as data augmentation.
The third category is embedding-based methods.
FastTopic (Wu et al., 2024b) models the semantic
relations among document embeddings from BERT
and learnable topic and word embeddings using op-
timal transport. CWTM (Fang et al., 2024) also
tries to combine contextual word embeddings.

However, despite the emphasis placed by all
aforementioned research on the importance of inte-
grating contextual information into topic modeling,
these endeavors frequently fall short, either by iso-
lating the utilization of PLMs or by neglecting the
synthesis of TF-IDF and BERT representations.
Consequently, they ultimately fail to accurately
capture informative topics.

2.2 Neural Topic Models incorporating Graph
Information

Due to the rapid development of graph learning
(Wu et al., 2021), some of the previous works (Yang
et al., 2020; Xie et al., 2021) used GNNs to incor-
porate graph information into neural topic models.
The graph biterm topic model (Zhu et al., 2018),
an extension of the biterm topic model (Cheng
et al., 2014), represents word co-occurrence infor-
mation as a graph, where nodes represent words
and weighted edges reflect the frequency of corre-
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sponding biterms. The graph topic model (Zhou
et al., 2020b) constructs document graphs based on
TF-IDF scores, capturing relationships with graph
convolutions. The Graph Neural Topic Model
(GNTM) (Shen et al., 2021) utilizes a directed
graph between word nodes to integrate semantic
information from documents. The latest work in
this area is GINopic (Adhya and Sanyal, 2024) that
leverages graph isomorphism networks to capture
the correlations between words in each document.

However, these studies ignore word co-occurring
patterns in the corpus, which require well-designed
strategies to enhance topic coherence. Meanwhile,
such GNN-based models can be time-consuming
in both construction and training processes (Adhya
and Sanyal, 2024).

3 Method

We present the text generation process in Fig. 1
and propose a novel framework for neural topic
modeling, as demonstrated by Fig. 2.

N

M

   K

Contextual Information fusion Graph information fusion

Figure 1: The document generation process of CGTM, where
N is the number of words in M documents.

3.1 The Generative Process
As shown in Fig. 1, we describe the following
generative process for documents.

1. For each document d in the corpus:
a. Draw the weight π ∼ SymDir(ζ).
b. Draw two topic proportions from two prior

distributions θB ∼ αB , θC ∼ αC .
c. Draw topic proportion θ ∼ φ (θB , θC , π).

2. For each word w in the document:
a. Draw topic assignment z ∼ Cat(θ).
b. Draw the word w ∼ ϕz , where topic-word

distributions ϕ = Softmax(t⊤ρ).
3. For all words in the corpus, obtain the word

relation graph by: G ∼ Softmax(ρ⊤ρ).
The 2-dimensional vector π follows a symmetric

Dirichlet distribution with hyper-parameter ζ. αB

and αC are the piroris of BoW and contextual in-
formation, which are N (0, I). θ ∼ φ (θB , θC , π)
denotes the Gaussian mixture distribution. Further,
θ is the document-topic distribution, t and ρ are

the topic and word embeddings, z is the assigned
topic, ϕ is the topic-word distribution and G is the
word relation graph.

3.2 Encoder with Contextual Information
Here, we first use the Siamese encoder (Chopra
et al., 2005; Yang et al., 2019) to embed TF-IDF
and SBERT representations, and then introduce
our topic-wise Fusion to obtain the document-topic
distribution. Finally, in order to focus on the cap-
ture of informative topics, we develop two novel
constraints in the encoder.

3.2.1 Siamese Encoder
According to a previous work (Gupta et al., 2023),
the siamese encoder has the effect of invariant infor-
mation learning as well as simplifying the structure,
so we adopt the siamese encoder to capture the core
information in the TF-IDF and SBERT representa-
tions. Here are the details of the siamese encoder.

Given a corpus, each document d is represented
by TF-IDF and SBERT, which can be written as:

xB = TF-IDF(d),xc = WC(SBERT(d)), (1)

where WC ∈ RE×V is a parameter matrix to
project the E-dimensional representations through
a hidden layer with the same dimensionality as the
vocabulary size V .

We follow the framework of VAE (Kingma and
Welling, 2014) to infer the topic distribution of
document d. In particular, the variational distribu-
tion q(θi, ϕ|xi) is an isotropic Gaussian with mean
µi and the diagonal of the covariance matrix σ2

i

(Miao et al., 2017b), where i = B,C. These two
parameters are obtained as follows:

µi = fµ(xi),σ
2
i = fσ(xi), i = B,C. (2)

In the above, fµ and fσ stand for shared multi-
layer neural networks for xB and xC .

By applying the re-parameterization trick for
estimation (Kingma and Welling, 2014), we sample

hi = µi + σiη, i = B,C, (3)

where η ∼ N (0, I) denotes an auxiliary noise vari-
able. Then, we obtain the document-topic represen-
tations by a softmax function as follows:

θi = Softmax(hi), i = B,C, (4)

where θB and θC ∈ RK denote the document
representation over K topics from BoW and con-
textual information, respectively.
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Figure 2: The architecture of the proposed CGTM model.

3.2.2 Topic-wise Fusion

Here, we adopt a topic-wise fusion approach
to exploit the interconnections between the two
document-topic representations within the frame-
work of the Gaussian Mixture Model (GMM),
which can be expressed as follows:

θ = Softmax(Relu(Wf [π̃BθB; π̃CθC ] + b)),
(5)

where Wf ∈ R2K×K is the weight matrix, b is a
learnable bias vector, [π̃B, π̃C ] is the posterior of
the 2-dimensional prior weight π, and [·;·] repre-
sents the concatenation operation.

3.2.3 Topic-level Constraints

As mentioned in a previous work (Li et al., 2024),
BERT and TF-IDF representations can be seen as
two complementary sources of information for doc-
uments. By performing topic-level constraints dur-
ing the fusion process, we hope to make the model
focus on the informative topics.

Therefore, we propose two constraints: Topic
Alignment (TA) and Topic Sharpening (TS): TA
aligns the complex semantics of BERT with the
high-frequency keywords of TF-IDF to capture the
informative topics. TS makes the informative top-
ics obtained from the fusion step more prominent.

Topic Alignment To align the document-topic
representations θB and θC at the topic level, we
introduce a cross-entropy term. This term measures
the discrepancy between the empirical distribution
and the approximate posterior distribution of xB

facilitated through the use of topic embeddings t
and word embeddings ρ.

Thus, we define the TA constraint as follows:

LTA =
∑

i=B,C

Eq(θi,ϕ|xi)[ln p (xB | θi, ϕ)]

=
∑

i=B,C

xB ln x̂i,
(6)

where x̂i = θi × Softmax(t⊤ρ).
By reconstructing the original TF-IDF represen-

tation2, we ensure that each dimension of θB and
θC corresponds to the same topic, thereby align-
ing the two types of information at the topic level
to capture the informative topics before fusion.

Topic Sharpening Inspired by DEC (Xie et al.,
2016), we employ a self-training objective to utilize
representative topics (i.e., topics with high proba-
bilities for each document) as soft labels to sharpen
the document-topic distribution.

Particularly, after performing topic-wise fusion,
we input the document-topic distribution θ into a
self-training objective, which aims to minimize the
following function:

LTS = DKL[θ̂|θ] =
K∑

z=1

θ̂zln
θ̂z

θz
, (7)

where θ is used as the soft topic assignment distri-
bution for each document and θz is the probability
that the document belongs to topic z. K is the num-
ber of topics. θ̂z in Eq. (7) is the target distribution
defined as follows:

θ̂z =
θz

2/fz∑K
z′=1 θz′

2/fz′
, (8)

2According to Eq. (1), we introduce WC to transform the
dimension of xC . To avoid a trivial solution (Salehi et al.,
2024), we do not reconstruct xC to get the TA constraint.

13250



where fz =
∑M

i=1 θ
i
z is the sum of soft topic as-

signments for all M documents on topic z.
Generally, the target distribution θ̂ raises θ to

the second power to get a sharper document-topic
distribution. By minimizing the KL divergence
between θ and θ̂, the encoder focuses more on
informative topics after fusion.

3.3 Decoder with Graph Information
In this section, we design two decoders, BowDe-
coder for reconstructing the information of each
document and GraphDecoder for reconstructing the
global word relation graph information.

3.3.1 BowDecoder
In BowDecoder, we first estimate topic-word distri-
butions ϕ by

ϕ = p (ρ|t) = Softmax(t⊤ρ). (9)

Then we obtain the reconstructed x̂ as:

x̂ = θ × ϕ. (10)

3.3.2 GraphDecoder
Here, we firstly describe the construction of the
global word relation graph, subsequently intro-
duce the graph information fusion method, and
ultimately present the graph reconstruction process.

Word Relation Graph Construction A pair of
words wi and wj is considered co-occurring if their
TF-IDF values are simultaneously greater than ξ
in the same document, and the total number of co-
occurrences for wi and wj in the entire corpus is
denoted as Ai,j . We build a weighted undirected
graph G as the normalized word relation matrix
R = (Ri,j)1≤i,j≤V , where each elements Ri,j is
determined as follows:

Ri,j = Ai,j/(Di ×Dj). (11)

In the above, Di denotes the degree of node i in
the word co-occurrence matrix A.

Graph Information Fusion Inspired by LM-
Steers (Han et al., 2024), we propose a Graph In-
formation Fusion method (GIF), which takes the
word relation graph to tune the original word em-
beddings as follows:

ρ̂ = GIF (ρ,R) = ρ+ ϵRρ = (I + ϵR)ρ, (12)

where ϵ is a hyper-parameter related to the corpus.
ρ̂ is the adjusted word embeddings.

Reconstruction of Graph The posterior distri-
bution of graph G is estimated by:

q(Ĝ|ρ̂) = Softmax(k(ρ̂, ρ̂)), (13)

where ρ̂ = GIF(ρ,R) represents the use of GIF
to incorporate graph information into the original
word embeddings. Here, we choose the consine
similarity to define our kernel function: k(ρ̂, ρ̂) =

ρ̂ρ̂T

||ρ̂|||||ρ̂|| , and Softmax function is used for normal-
ization. According to the generative process in Sec-
tion 3.1, we define the prior distribution of graph G
as follows:

p(G) = Softmax(R). (14)

Then, we use the KL divergence to make the pos-
terior distribution of a word relation graph converge
to a prior graph as follows:

LGI = DKL[q(Ĝ|ρ̂) ∥ p(G)]. (15)

By continuously reconstructing the word relation
graph, we can fuse fine-grained word relations in
the graph decoder practically.

3.4 Overall Loss Function
Our model is derived from the VAE framework,
thus we adopt LELBO to maximize the ELBO. Here
maximizing ELBO is equivalent to maximizing a
variational lower bound on ELBO3 as follows:

LELBO ≥ L̂ELBO

= xB ln(x̂)− 1

2

∑

i=B,C

[
µ2
i + σ2

i − ln
(
σ2
i

)]
.

(16)
The final loss function, which integrates the con-

straints of contextual and graph information with
ELBO, is presented below for joint training:

L = −L̂ELBO + γCLCI + γGLGI, (17)

where LCI = LTA+λLTS. Besides, λ, γC and γG
are the hyper-parameters that respectively control
the weights of TA constraints, contextual and graph
information. The training procedure of our CGTM
is described in Algorithm 1.

4 Experiments

4.1 Experimental Settings
Datasets: Our experiments are conducted on three
widely-used benchmark text datasets, including

3Details of the derivation are given in Appendix A.
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Algorithm 1: The training procedure of
CGTM

Input:
The word embedding ρ from a pre-trained
model, #topics K, #mini-iterations I .

Output: Topic-word distribution ϕ,
Document-topic distribution θ.

1: Construct the word co-occurrence graph G
and compute R as described in Section 3.3.2.

2: while not converge do
3: for i in 1 : I do
4: Get θB and θC by Siamese Encoder.
5: Fuse θB and θC to θ by Eq. (5).
6: Compute LTA and LTS by Eqs.

(6) and (7), respectively.
7: Get reconstructed xB by BowDecoder.
8: Get reconstructed R̂ by GraphDecoder.
9: Update parameters with gradients of L

by Eq. (17).
10: end for
11: end while

20News (Miao et al., 2017a), New York Times
(NYT) (Meng et al., 2018), and AGnews (Zhang
et al., 2015). All datasets have been processed to re-
move stop words and to filter low frequency words
by following (Chen et al., 2023). The statistics of
datasets are shown in Table 2, where “#Train” and
“#Test” denote the number of documents in training
and testing sets, “Vocab” is the vocabulary size,
“Avg Len” is the averaged number of words in a
document (i.e., document length), and “#Labels”
denotes the number of labels.

Table 2: Basic dataset statistics.

Dataset #Train #Test Vocab Avg Len #Labels

20News 11,314 7,531 3,997 64.8 20
NYT 7,456 5,233 8,174 272.2 29
AGnews 59,000 3,800 4,422 19.1 4

It is worth emphasizing that these datasets dif-
fer in terms of the vocabulary size, the averaged
document length, the number of documents and la-
bels. Specifically, AGnews is often used as a short
text dataset (Wu et al., 2020), which makes topic
modeling difficult due to the sparsity of contextual
information (Yan et al., 2013).
Baseline models: For completeness, we com-
pared our CGTM with four groups of existing
topic models. Traditional topic models include:
1) LDA (Blei et al., 2003) 2) ProdLDA (Srivas-

tava and Sutton, 2017). Contextual topic models
include: 3) CombinedTM (Bianchi et al., 2021),
4) BERTopic (Grootendorst, 2022), 5) CWTM
(Fang et al., 2024), 6) FASTopic (Wu et al., 2024b).
Graph-based topic models include: 7) GNTM
(Shen et al., 2021), 8) GINopic (Adhya and Sanyal,
2024). VAE-based topic models include: 9) ETM
(Dieng et al., 2020), 10) ECRTM (Wu et al., 2023).
The training details are shown in Appendix B.

4.2 Topic-Word Distribution Quality
Interpretability of Topics

We use the widely adopted Normalized Point-
wise Mutual Information (NPMI) (Lau et al., 2014)
to evaluate topic interpretability. For completeness,
we also include the Coherence Value (CV) (Röder
et al., 2015) as a metric.

As shown in Table 3, our model significantly
outperforms other models in terms of topic in-
terpretability. Models that introduce contextual
information from PLM (e.g., FASTopic and Com-
binedTM) have low topic interpretability due to
the lack of topic-level constraints on contextual in-
formation, thus preventing access to informative
topics. Model that incorporates graphs, such as
GINopic (Adhya and Sanyal, 2024) shows relative
improvements in coherence, which achieves subop-
timal NPMI scores that are about 20% lower than
ours. The results confirm the successful capture of
informative topics and the improvement in internal
topic coherence, thereby effectively guaranteeing
topic interpretability (Lau et al., 2014).
Topic Diversity

To measure the semantic redundancy of all top-
ics, we employ the widely-used topic uniqueness
(TU) (Nan et al., 2019) for evaluation.

In terms of TU, method that use OT to directly
constrain topics and words, such as ECRTM, ex-
hibits relatively high TU score. Nonetheless, our
model maintains optimal TU scores on the ma-
jority of datasets as well. It is worth noting that,
as highlighted in previous researches (Wu et al.,
2024a; Lu et al., 2024; Liu et al., 2024b), the TU
metric does not account for the phenomenon of lex-
ical polysemy. Therefore, a minor degree of repeti-
tion is acceptable if it ensures high interpretability.
Topic Quality

Intuitively, better intra-topic consistency may
lead to increased redundancy between topics. Con-
versely, topics with higher TU scores tend to be
marginal topics (Wu et al., 2020), typically repre-
sented by words with less coherence. Therefore,
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Table 3: Topic quality results on three datasets, where the best and the second best results are highlighted in bold
and underlined, respectively. * denotes our CGTM improves the best baseline at p-value < 0.05 with paired t-test.

Dataset Metric LDA ProdLDA ETM CombinedTM GNTM BERTopic CWTM ECRTM GINopic FASTopic CGTM

20News

NPMI 0.227 0.236 0.200 0.132 0.161 0.271 0.240 0.149 0.281 0.134 0.346*
TU 0.809 0.869 0.266 0.815 0.815 0.783 0.574 0.956 0.578 0.899 0.940
TQ 0.184 0.205 0.053 0.114 0.131 0.212 0.138 0.142 0.162 0.120 0.325*
CV 0.510 0.500 0.491 0.302 0.383 0.587 0.553 0.339 0.614 0.309 0.706*

NYT

NPMI 0.189 0.294 0.133 0.032 0.027 0.287 0.161 0.035 0.279 0.032 0.323*
TU 0.636 0.916 0.217 0.919 0.883 0.712 0.638 0.946 0.580 0.950 0.954*
TQ 0.120 0.270 0.029 0.030 0.024 0.204 0.103 0.033 0.162 0.031 0.308*
CV 0.399 0.584 0.318 0.067 0.054 0.599 0.350 0.073 0.597 0.066 0.642*

AGnews

NPMI 0.110 0.187 0.064 0.011 0.022 0.167 0.109 0.014 0.217 0.012 0.264*
TU 0.936 0.839 0.159 0.794 0.719 0.809 0.790 0.850 0.699 0.872 0.948*
TQ 0.103 0.157 0.010 0.009 0.016 0.135 0.086 0.012 0.152 0.011 0.250*
CV 0.209 0.359 0.134 0.020 0.041 0.308 0.211 0.025 0.430 0.021 0.443*

to evaluate the overall quality of topics more com-
prehensively, we use the topic quality (TQ) metric
(Dieng et al., 2020).

In terms of TQ, our model significantly outper-
forms other models. Specifically, it outperforms
the suboptimal model by 14% on NYT, 53%
on 20News, and 59% on AGnews. These results
indicate that our model generates topics that are
both highly interpretable and unique. Addition-
ally, the results on AGnews demonstrate that our
model achieves superior topic quality without be-
ing specifically designed for short texts.

20News NYT AGNews
Dataset

0.0

0.2

0.4

0.6

0.8
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Figure 3: Document classification results on three datasets.

4.3 Document-Topic Distribution Quality
There are some works (Adhya and Sanyal, 2024;
Wu et al., 2023) that conduct text classification
tasks to evaluate document representational capa-
bilities. Specifically, we use the document-topic
distributions obtained from topic models as docu-
ment features, then train Support Vector Machines
(SVMs) to predict the label of each document. We
employ Accuracy (Acc) as the evaluation metric,
which reflects the relevance of document-topic
distribution and document label.

As shown in Fig. 3, the performance of CGTM
on all datasets is comparable to the optimal model
FASTopic at a high level. The good classification
results of FASTopic and CombinedTM may be
due to their sacrificed topic quality, which retains
much of the original PLM embedding information,
making them suitable for document classification.
These results show that CGTM can capture high-
quality topics while obtaining a reasonable topic
distribution of each document.

Table 4: Result comparison of human evaluation.

ProdLDA CombinedTM FASTopic GINopic CGTM

WIS 0.408 0.213 0.216 0.530 0.750
TIS 0.594 0.320 0.313 0.713 0.713

4.4 Human Evaluation
Human evaluation is crucial in developing new
topic models, ensuring that the model is consis-
tent with human understanding and expectations
(Gao et al., 2024).

In this vein, manual assessments are a neces-
sary complement to automated indicators (Hoyle
et al., 2021). Thus we manually estimate both Word
Intrusion Score (WIS) and Topic Intrusion Score
(TIS) (Chang et al., 2009). The results are shown
in Table 4 and the experiments details are shown in
Appendix C.
Analysis of WIS

WIS measures the interpretability of topics.
Similar to NPMI and CV shown in Table 3, our
model significantly outperforms the best baseline
models by 31% in capturing interpretable topics.
At the same time, we argue that the more infor-
mative the topic is, the higher the interpretability,
as topics that are too marginal are not favorable
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for human understanding. This highlights that our
model mines informative and coherent topics with
higher interpretability.
Analysis of TIS

TIS is often used to evaluate the quality of
document-topic distributions manually. Com-
pared to the metric in Section 4.3, TIS directly
reflects the relevance of the document-topic dis-
tribution and the document semantics, and it is
more rational to represent the model’s ability in
helping humans understand the document at the
topic level.

Two points from the results are worth empha-
sizing: (1) As shown in Table 4, several models
that excel in document classification, such as Com-
binedTM and FASTopic, obtain low TIS results.
This may be due to the lack of topic-level con-
straints on contextual information, which leads to
redundant information unrelated to the informa-
tive topic and makes the topics poorly relevant to
the documents . This indicates that these models
fail to enhance human understanding of documents
and lose the utmost significance in generating the
interpretable document-topic distribution (Hoyle
et al., 2021). (2) GINopic’s TIS is relatively high.
However, due to the high redundancy of topics re-
lated with documents (its TU score on 20News is
0.61), it is also difficult to understand and organize
documents given many repetitive topics.

In summary, the coherent and informative topics
captured by our model are highly interpretable, and
the document-topic distribution with a large TIS
value also helps us understand documents well.

5 Label Alignment Analysis

In addition to obtaining higher interpretability, the
capture of informative topics is reflected in their di-
rect alignment with labels, i.e., labels are the most
informative topics (Korenčić et al., 2021). Hence,
we employ the labels furnished by the dataset to
evaluate the efficacy of detecting potential informa-
tive topics across the corpus.

Additionally, with the rising popularity of Large
Language Models (LLMs), a recent study (Stamm-
bach et al., 2023) has explored using LLMs to as-
sess topic model performance. Inspired by the
above work, we employ LLMs to select the most
relevant topics corresponding to the labels and
score them for relevance. The TWO-STEP prompt
is shown in Fig. 4.

The top 5 topic words of the partial label-aligned

Topics: Topic 0:[’word’,...], ......Topic 100]:[’word’,...]

Labels: [label 1, ...label 20]

User Prompt:  Please select the unique topic
that is most relevant to each given label.

label 1 Topic TLLM

label N Topic T'

User Prompt:: Rate the relevance of the
label and topic on a scale from 0 to 3:

label 1 Topic T label N Topic T'

STEP1

STEP2

label 1 Topic T

label N Topic T'

Score 1

Score N

Label-aligned topics:

System Prompt:You are an expert in topic modeling.

LLM
--0: Completely irrelevant.
--1: Slightly relevant (only a small portion
of the topic words are relevant to the label).
--2: Mostly relevant (the topic is largely 
relevant to the label but not fully).
--3: Completely relevant (all words of the
topic are directly relevant to the label).

Figure 4: LLM prompts for label and topic alignment.

topics as well as the NPMIs are shown in Table 1,
which indicate that the topics are highly correlated
with the labels, while high coherence within the
topics. More case comparisons as well as discus-
sions are in Section 6.

We further present the NPMI and average rel-
evance scores (ARS) for label-aligned topics in
Table 54. We can observe that our model yields
topics that are better aligned with the labels and
are of much higher coherent than other strong base-
line models. The visualization of embedding space,
sensitivity analysis and computational analysis are
shown in Appendices D, E and F.

Table 5: Result comparison of label-aligned topics.

ProdLDA CombinedTM FASTopic GINopic CGTM

NPMI 0.250 0.126 0.129 0.296 0.381

ARS 2.632 2.130 1.125 2.675 2.925

6 Case Study

Table 6 lists some of these labels and their aligned
topics. We report the top 10 NPMI and relevance
score for each topic, with unrelated words high-
lighted in blue. (The RS and Label-aligned topic
here are obtained from GPT-4o.)

We can observe that several models show lit-
tle correlation between aligned topics and labels,
e.g., FASTopic and CombinedTM. ProdLDA mixes
label-aligned topics with irrelevant topics, which
leads to a decrease in NPMI. Meanwhile GINopic
corresponds to lower relevance scores on some of
the labels, reflecting its weak ability to capture the

4To ensure the fairness of the evaluation, we use the follow-
ing four LLMs with TWO-STEP prompts and calculate their
average ARS: Qwen-2.5 (Yang et al., 2024), GLM-4 (GLM
et al., 2024), DeepSeek-V3 (Liu et al., 2024a), and GPT-4o
(Achiam et al., 2023).
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Table 6: Generated topics on 20News with unrelated words marked by blue color.

Models Label NPMI RS Topic Word Examples

ProdLDA sci.space 0.377 2 moon, mercury, advertising, probe, wind, lunar, planet, surface, orbit, sky
rec.sport.baseball 0.265 3 ball, runs, espn, fans, baseball, fan, game, coverage, abc, stadium
comp.sys.mac.hardware 0.266 3 burst, scsi, mac, quality, printers, printer, laser, postscript, sheet, print
talk.religion.misc 0.195 2 universe, assertion, physical, god, argument, physically, fish, conclusion, true, proved
alt.atheism 0.185 2 catholic, pope, think, ms, church, believe, churches, people, traditional, atheists

CombinedTM sci.space 0.156 1 humans, impossible, dual, month, jones, objects, combined, analog, cambridge, ct
rec.sport.baseball 0.103 1 eisa, frame, perspective, unlike, van, week, chemistry, son, pushing, batting
comp.sys.mac.hardware 0.156 1 times, moved, help, caught, association, macs, argument, campus, usage, know
talk.religion.misc 0.101 1 officer, realized, problem, eternal, oriented, draft, comment, scoring, atheism, structure
alt.atheism 0.107 1 selling, showing, atheist, single, goal, bi, death, feds, bought, surrounding

FASTopic sci.space 0.074 1 stayed, rocket, satellites, thoughts, diego, uiuc, knowing, connectors, floppy, beat
rec.sport.baseball 0.147 2 playoff, local, seattle, open, situation, mechanism, hall, final, observations, altogether
comp.sys.mac.hardware 0.142 0 ss, wheel, brown, relief, scanner, number, dependent, city, alternatives, numerous
talk.religion.misc 0.105 2 douglas, johnson, influence, link, lord, kid, cadre, church, muslim, shipped
alt.atheism 0.087 1 threat, turn, religion, breath, paint, models, narrow, quadra, disclaimer, smoke

GINopic sci.space 0.271 2 space, cost, moon, money, nasa, idea, launch, real, commercial, billion
rec.sport.baseball 0.291 2 game, year, games, play, hit, win, team, series, baseball, runs
comp.sys.mac.hardware 0.152 1 software, buy, mac, help, questions, need, info, appreciated, want, heard
talk.religion.misc 0.305 3 church, book, john, books, bible, paul, word, catholic, law, jesus
alt.atheism 0.304 3 believe, true, religion, argument, truth, islam, atheists, atheism, religious, exist

CGTM sci.space 0.431 3 space, nasa, orbit, shuttle, earth, spacecraft, flight, moon, lunar, solar
rec.sport.baseball 0.393 3 pitching, hitter, pitch, season, players, league, pitcher, team, player, defensive
comp.sys.mac.hardware 0.321 3 apple, mac, monitor, nec, quadra, centris, powerbook, lc, sony, macs
talk.religion.misc 0.411 3 god, faith, religion, love, belief, christianity, beliefs, truth, christians, religions
alt.atheism 0.434 3 morality, moral, objective , subjective, exist, atheist, god, universe, beings, absolute

informative topic in the corpus. In contrast, our
model is more capable of capturing informative
topics while generating highly coherent topics.

Table 7: Results of the ablation study on 20News.

NPMI CV TU TQ Acc ARS

CGTM 0.347 0.710 0.937 0.325 0.655 2.925

w/o TA 0.342 0.689 0.705 0.241 0.654 2.850
w/o TS 0.336 0.699 0.933 0.313 0.590 2.888
w/o TWF 0.294 0.654 0.996 0.293 0.515 2.765
w/o GD 0.328 0.690 0.913 0.300 0.630 2.888
w/o GIF 0.332 0.698 0.900 0.299 0.637 2.900

7 Ablation Study

We perform ablation experiments on our CGTM
model to validate the effectiveness of each compo-
nent. Table 7 shows the ablation results on 20News,
including: 1) without using TA, TS (w/o TA, TS),
2) using the standard GMM to fuse θ instead of
topic-wise fusion (w/o TWF); 3) without using
GraphDecoder (w/o GD); 4) without using graph
information fusion (w/o GIF); The main observa-
tions are as follows:

(1) Removing the TA constraint leads to high
topic redundancy caused by the lack of topic align-
ment between TF-IDF and contextual information,
and fails to capture informative topics. And the TS
constraint is helpful in improving the overall topic
quality as well as downstream performance. (2)

Not using TWF results in high TU values, but also
in significant degradation of topic interpretability
and document representation quality. This indi-
cates that TWF captures the topic interactions be-
tween TF-IDF and BERT representations well. (3)
The effectiveness of the GraphDecoder is demon-
strated by the fact that not using GD leads to a
decrease in metrics related to topic coherence. (4)
Not using GIF leads to a drop in all metrics, which
demonstrates the effectiveness of this simple graph
learning approach we used.

8 Conclusion

In this paper, we present a novel framework for
neural topic modeling via contextual and graph in-
formation fusion. We perform a novel topic-wise
fusion method between TF-IDF and pre-trained
contextual information. Meanwhile, we design
two constraints: topic alignment and topic sharp-
ening to ensure that the informative topics are cap-
tured and the interpretability of the topic-word dis-
tribution is enhanced. The graph information is
fused through a GIF method and GraphDecoder us-
ing the overall word co-occurrence graph to obtain
good topic coherence. CGTM generates coherent,
distinctive and informative topics, outperforming
strong baselines in both topic quality and inter-
pretable document-topic distributions.
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Limitations

We view our framework as a preliminary step
toward extracting informative and coherent top-
ics, as well as generating interpretable document-
topic distributions. Three primary limitations re-
main for future exploration: (1) While we obtain
topics with good interpretability by fusing con-
textual information through two constraints, di-
rectly enhancing topic interpretability is still chal-
lenging. Future work could benefit from explic-
itly leveraging LLMs’ strong capabilities of lan-
guage understanding, such as TopicGPT (Pham
et al., 2024), a prompt-based framework that re-
quires the user to provide manually-curated ex-
ample topics first. In principle this is a weakly-
supervised problem, so there is still room to extend
our method to such areas. (2) The metric for assess-
ing document-topic distribution’s interpretability
might have weaknesses: we use topic intrusion
without accounting for topic repetition, potentially
inflating scores (e.g., in GINopic’s results), and
it relies on time-intensive manual evaluations that
could be accelerated using LLMs carefully. (3) De-
spite our model’s commendable performance and
acceptable efficiency, delving into methodologies
that could further reduce time complexity remains
a promising avenue for future exploration.
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A Variational Objective

Typically, the log likelihood of the data ln p(x)
is maximized for parameter estimation. However,
the marginal probability p(x) =

∫
p(x|θ)p(θ)dθ

is computational intractable (Zhou et al., 2020a).
The framework of VAE aims to deal with the
above problem (Kingma and Welling, 2014). As
a VAE-based neural topic model, our CGTM can
be trained by directly maximizing the following
Evidence Lower BOund (ELBO):

LELBO =Eq(θ |x)[ln p(x|θ)]
− DKL[q(θ|x)||(p(θ)],

(18)

where the first term is the expected log-likelihood
and the second one is the KL divergence from
the variational posterior q(θ|x) to the prior p(θ).
Based on the GMM assumption mentioned in Sec-
tion 3, q(θ|x) = φ(θB,θC , π̃).

Similar to previous researches (Dilokthanakul
et al., 2016; Bai et al., 2022), we set the posterior
π̃ = [1/S, ...1/S] by following the widely-used
GMM hypotheses, where S is the predefined num-
ber of components in the mixture. Here we have
two text representations xB and xC i.e., S = 2,
and π̃ = [0.5, 0.5], thus q(θ|x) = π̃BθB+π̃CθC ,
where π̃B = π̃C = 0.5.

Since the standard Gaussian distribution can be
rewritten as a mixture of multiple standard Gaus-
sian distributions, its weights can be arbitrarily nor-
malized as follows:

p(θ) = N (0, I) =
∑

i=B,C

πiαi, (19)

∑

i=B,C

πi = 1, (20)

where the prior weight π obeys SymDir(ζ).
The KL divergence between two probability mix-

tures q =
∑

i=B,C π̃if̃i and p =
∑

i=B,C πifi is

upper bounded as follows (Liu et al., 2019):

DKL

[
q ∥ p

]
≤ DKL

[
π̃ ∥ π

]

+
∑

i=B,C

π̃iDKL

[
f̃i ∥ fi

]

=
∑

i=B,C

π̃i

[
ln

π̃i

πi
+ DKL

[
f̃i ∥ fi

]]
,

(21)
where the prior weight πB = πC = 0.5 approxi-
mately by setting a large value for hyper-parameter
ζ, in order to maintain simplicity in the derivation.
Then, the above equation can be rewritten as:

DKL(q(θ|x)||p(θ)) ≤
1

2

∑

i=B,C

DKL(q(θi|x)||αi).

(22)
Finally, LELBO has the following lower bound:

LELBO ≥ L̂ELBO

= Eq(θ|x)[ln p(x|θ)]

− 1

2

∑

i=B,C

DKL(q(θi|x)||αi).

(23)

For the right part above, the first term is
the reconstruction of xB by θ which can be
written as xB ln(x̂). The second term can
be 1

2

∑
i=B,C

[
σ2
i + µ2

i − ln
(
σ2
i

)
− 1

]
, when

q(θi|x)=N(µi,σ
2
i ), i = B,C, and the constant

term −1 in the second term can be ignored.

B Training Details

All baselines are run with public model codes either
from their source codes or from OCTIS (Terragni
et al., 2021), trained on a workstation equipped
with an Nvidia RTX 3090 GPU and a Python en-
vironment with 24G memory. To keep simplicity,
for the multilayer neural networks fµ and fσ in
the encoder, we use a fully-connected neural net-
work with Tanh as the activation function. For
embedding-based topic models including ETM,
ECRTM, CWTM and CGTM, we incorporate pre-
trained word embeddings (Viegas et al., 2020) into
them, and the embedding size of word is 300.
For the contextual topic models including Com-
binedTM, BERTopic and CGTM, we use XLNET
(Song et al., 2020) without fine-tuning as SBERT,
and the embedding size E of SBERT is 768.

For each model, we save the highest topic quality
(TQ) during training and treat it as the best one.
We construct a word co-occurrence graph and train
our model both on the training set. To ensure fair
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comparisons, we evaluate different models on the
same unseen test data. We report averaged scores
of 5 runs to obtain statistically stable results.

For hyper-parameters in CGTM, such as γC , γG,
λ and ϵ, we set them as follows:

• 20News dataset: γC = 1, γG = 0.2, λ = 20,
ϵ = 0.004.

• NYT dataset: γC = 10, γG = 0.1, λ = 20,
ϵ = 0.004.

• AGnews dataset: γC = 2, γG = 0.2, λ = 40,
ϵ = 0.2.

The threshold ξ for constructing the word rela-
tion graph is set to 1. The hyper-parameter ζ of the
symmetric Dirichelet distribution is set to 10. The
number of mini-iterations I = 500 and the batch
size B = 512. We set ϵ to 4e− 3 for most datasets,
with the variation in ϵ for the AGnews dataset being
attributed to its nature as a short text dataset5. More
details about ϵ’s setup are shown in Appendix E.

C Details of Human Evaluation

Word Intrusion
Based on the research conducted in a pervious

work (Hoyle et al., 2021), we adopt a word intru-
sion task as human evaluation on topic interpretabil-
ity. This task consists of identifying words that do
not belong to a coherent potential category repre-
sented by the top words in a topic.

To ensure a comprehensive assessment of the
topics, we randomly select 25 of 100 topics and
randomly use top 1 word from the remaining topics
as random intruder word. Each of these topics is
presented with its top 10 words.
Topic Intrusion

We utilize a manual evaluation task of topic in-
trusion (Chang et al., 2009) to further assess the
ability of topic models to represent documents. The
topic intrusion task consists of identifying the top-
ics that are least relevant to the document.

To ensure a comprehensive assessment of the
quality of the document representations in the cor-
pus, we randomly select one document under each
label, based on its top 3 topics, as well as randomly

5Using ϵRρ in Eq. (12) achieves the equivalent effect as
kϵ · k−1R when k ̸= 0, so the absolute value of ϵ itself is
only meaningful when also considering the magnitude of R.
Since word co-occurrences in the short text are very sparse
(Yan et al., 2013), the elements of R are sparse and small, and
ϵ should be larger.

selecting a remaining topic as intruder topics. Each
of these topics is presented with its top 5 words.

We recruit eight graduate students majoring in
computer science as participants and guide them to
accomplish the word intrusion and topic intrusion
tasks. The word intrusion scores (WIS) and topic
intrusion scores (TIS) ranging from 0 to 1, quanti-
tatively measure the ability of annotators to detect
the “intruder” word and topic, respectively.

D Visualization of Embedding Space

The top 5 words from 6 topics generated by CGTM
on 20News are visualized in Fig. 5 via UMAP
(McInnes et al., 2018). We can observe that the
topics are embedded in the middle of related words,
expressing certain semantic information. Besides,
words under the same topic are closer, while words
under different topics are farther apart. Further-
more, related topics are closer in the embedding
space, such as Topic: 53 (space) and Topic:31 (sci-
ence), Topic: 25 (atheism) and Topic:46 (religion),
Topic: 43 (government) and Topic: 90 (president).
It is also worth noting that words with similar se-
mantics in different topics will approach each other,
such as “scientific” in Topic: 31 and “nasa” in
Topic: 53, as well as “moral” in Topic: 25 and

“religion” in Topic: 46.

states
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godbelief
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fatih
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Figure 5: Visualization of word and topic embeddings, where
Topic: i denotes the ith topic.

E Sensitivity Analysis

The influence of loss weights The sensitivity
analysis is conducted on three hyper-parameters
of loss weights. γC and γG control the weight of
contextual and graph information, respectively. λ
controls topic sharpening after contextual informa-
tion is fused. We report the NPMI, TU, and Acc
results of our model on 20News in Fig. 6, where
γc varies between 0.1 and 4, γg varies between 0.1
and 2, and λ varies between 5 and 80.
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Fig. 7. Sensitive analysis for hyper-parameters on 20News.

sharpening are mutually reinforcing, ultimately enhancing the
information of topic alignment.
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Fig. 8. The Sentitive Analysis of ϵ on 20News.

b) How to set the proper value of ϵ: A sensitive analysis
is also conducted on an important hyper-parameters, ϵ, which
controls the power of our GIF module.

As mentioned above, when the value of ϵ becomes large,
there is a clear trade-off between topic coherence and topic
diversity. According to Fig. 7, with the increase of ϵ, more
word co-occurrence information is added to the framework.
This results in gradual improvements in NPMI and ACC
metrics, but TU decreases, indicating increased redundancy
of topics.

In summary, we demonstrate through ϵ’s variation that GIF
can be used as a controlled and interpretable module to adjust
the word embedding space through the word co-occurrence
matrix. By tuning the value of ϵ, it is possible to improve topic
coherence while maintaining uniqueness between topics.

VI. LIMITATION

We view our framework as a preliminary step toward
extracting comprehensive and high-quality topics and inter-
pretable document-topic representations. Three primary lim-
itations remain for future exploration: (1) While we obtain
topics with good interpretability by fusing contextual infor-
mation through two constraints, directly enhancing topic inter-
pretability is still challenging. Future work could benefit from

explicitly leveraging LLMs’ strong capabilities of language
understanding. (2) The metric for assessing document-topic
distribution’s interpretability might has flaws: we use topic
intrusion without accounting for topic repetition, potentially
inflating scores (e.g., in GINopic’s results), and it relies on
time-intensive manual evaluations that could be automated
using LLMs carefully. (3) Despite our model’s commendable
performance and acceptable efficiency, delving into method-
ologies that could further reduce time complexity remains a
promising avenue for future exploration.

VII. CONCLUSION

In this paper, we introduce a novel framework for Neural
Topic Modeling with Contextual and Graph Information fu-
sion. We use the CI module to fuse contextual information
into encoder to improve the interpretability of document-topic
distribution. In addition, we use the GI module to fuse the
graph information into decoder to obtain higher quality topics.

In the CI module, we perform a novel topic-wise fusion
method between TF-IDF and pre-trained contextual infor-
mation. Meanwhile, we design two constraints: topic align-
ment and topic sharpening to ensure the interpretability of
document-topic representation. In the GI module, the graph
information is fused through a controlled GIF method using
the constructed overall word co-occurrence graph. We also
design a GraphDecoder to integrate graph reconstruction into
the text generation process. CGTM generates coherent and
distinctive topics and it outperforms strong topic modeling
baselines in both topic quality and interpretable document-
topic representation.
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Figure 6: Performances under different values of hyper-parameters on 20News.

From Fig. 6, we can observe that as γc increases,
TU score increases, while Acc and NPMI scores
decrease. This is because γc controls the contextual
information constraints, and increasing it causes
the model to focus more on informative topics.

For γg, the trend is relatively smooth, reflecting
the stability of the graph structure for word embed-
ding space constraints.

For the weight λ of the TS constraints in LTS,
NPMI score remains relatively stable, TU score ini-
tially rises and then decreases substantially, while
Acc score continues to rise. These observations
emphasize the significance of a moderate λ value.
While an excessively large λ can enhance topic
salience, it may lead to increased similarity among
topics, and boost redundancy. Therefore, finding
an optimal λ that balances salience and uniqueness
is crucial for generating high-quality topics.

A clear tradeoff emerges between topic coher-
ence and diversity, which has been acknowledged
in previous researches (Wu et al., 2020; Gao et al.,
2024). Our experiments also unveil tradeoffs be-
tween topic diversity and document classification
accuracy. The underlying reason might be that,
while maintaining high-quality topics, an exces-
sively high TU score causes the model to focus
more on marginal topics, thereby weakening its
representational capacity for the document.

Overall, the contrasting trends observed in the
metrics depicted in Figs. 6(a) and 6(c), as γc and λ
increase, respectively, uphold the hypothesis pro-
posed in Section 3.2.3. This hypothesis suggests
that the constraints of topic alignment and topic
sharpening are mutually reinforcing, ultimately en-
hancing the core information of topics.

How to set the proper value of ϵ A sensitivity
analysis is also conducted on hyper-parameters ϵ,
which controls the power of our GIF module.

As mentioned above, when the value of ϵ be-
comes large, there is a clear trade-off between topic
coherence and topic diversity. According to Fig. 7,
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Figure 7: Performances under different values of ϵ on 20News.

with the increase of ϵ, more word co-occurrence
information is added to our framework. It results
in gradual improvements in NPMI and Acc scores,
but TU score decreases, indicating the increase in
both topic coherence and topic redundancy.

In summary, we demonstrate through ϵ’s vari-
ation that GIF can be used as a controlled and
interpretable module to adjust word embeddings
through the word relation graph. By tuning the
value of ϵ, it is possible to improve topic coherence
while maintaining uniqueness among topics.

F Computational Analysis

Theoretically complexity The main time and
space requirements in our CGTM can be attributed
to the CI and GI modules. For the CI module,
the fusion module has a time complexity of O(B ·
2K2), TA has O(B · 2KV E+B ·K), and TS has
O(B ·K). For the GI module, the GraphDecoder
has a time complexity of O(V 2E + V 2), and GIF
has O(V E). The word co-occurrence graph G can
be pre-constructed, and SBERT data xC can be pre-
generated using PLMs, reducing the computational
burden during training. The CI module increases
space complexity by O(M) due to xC , and the GI
module adds O(V 2) space complexity due to word
relation matrix R.

Runtime and Parameter Size The runtime of
500 training epochs and the parameter size of re-
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Table 8: Runtime and parameter size on 20News.

CombinedTM CWTM ECRTM GINopic FASTopic CGTM

Runtime 255s 10960s 927s 8501s 64s 1505s
#Params 4.30M 134.89M 2.12M 12.73M 3.05M 3.99M

cent strong models on 20News are shown in Table
8. Among them, FASTopic (Wu et al., 2024b) is
relatively fast, but the topic quality and document-
topic interpretability are relatively poor according
to Tables 3 and 4. From the results in Tables 3, 4
and 8, it can be concluded that our model achieves
good performance with acceptable efficiency by
fusing contextual and graph information.

G Scalability Analysis

Supplementary Experiment on Large Corpus
To further demonstrate the scalability of our model,
we here supplement the experiment on the Arxiv
dataset (Meng et al., 2019), a set of paper abstracts
covering 53 classes from the Arxiv website, which
is a much larger corpus. Table 9 provides detailed
statistics for this dataset.

Table 9: Arxiv and WoS dataset statistics.

Dataset #Train #Test Vocab Avg Len #Labels

Arxiv 131160 92042 11799 57.2 53
WoS 14,095 4,699 8,232 105.1 7

The results are detailed in Table 10. Our model
demonstrates an acceptable runtime (about 1 hour)
and a manageable number of parameters (11.54M).
Furthermore, as shown in Table 11, the perfor-
mance of our model on Arxiv and WoS is superior
to that of other strong baselines. These findings
collectively validate the scalability of our model on
large corpus.

Table 10: Runtime and parameter size on Arxiv.

CombinedTM ProdLDA GINopic FASTopic CGTM

Runtime 2504s 3542s 17002s 2270s 3620s
#Params 12.64M 2.39M 36.27M 8.21M 11.54M

Complexity Comparison with Standard NTMs
For the standard NTMs (such as ETM), the time
complexity is O(B × (V K +EK +EV )). In the
encoder of our method, the complexity is O(B ×
(V K+2K2+K)). Since K ≪ V , the asymptotic
complexity keeps the same.

For the extra graph decoder, while the original
word relation graph R has V 2 time and space com-
plexity, we address this limitation via sparse matrix

Table 11: Performance of different models on Arxiv and
WoS. * denotes our CGTM improves the best baseline
at p-value < 0.05 with paired t-test.

Dataset Metric ProdLDA CombinedTM FASTopic GINopic CGTM

Arxiv

NPMI 0.236 0.018 0.038 0.209 0.242*
TU 0.924 0.877 0.964 0.670 0.978*
TQ 0.218 0.016 0.037 0.141 0.237*
CV 0.513 0.037 0.081 0.490 0.542*

WoS

NPMI 0.218 0.033 0.034 0.238 0.248*
TU 0.883 0.880 0.961 0.505 0.937*
TQ 0.193 0.069 0.069 0.120 0.232*
CV 0.467 0.069 0.032 0.528 0.529*

storage and manipulation. On the Arxiv dataset,
the above strategy reduces non-zero elements to
5.8% of the original dense matrix.

In summary, both the acceptable running cost
and theoretical complexity demonstrate the scala-
bility of our CGTM.

H Topic Clustering Quality and
Interpretability

There are also many works (Pham et al., 2024;
Wu et al., 2024b) adopt Purity, Adjusted Rand In-
dex (ARI), and Normalized Mutual Information
(NMI) to measure the topic clustering quality of
topic model. The Table 12 presents these results
of topic Clustering alongside our original metrics,
highlighting a critical trade-off between raw cluster-
ing performance and topic interpretability, which
constitutes a vital insight for the field.

Table 12: Performance of different models on 20News
on topic clustering quality and interpretability

Model
NPMI (Topic) TIS (Doc.) Purity (Doc.) ARI (Doc.) NMI (Doc.)

Coherence Interpretability Clustering Clustering Clustering

ProdLDA 0.237 0.408 0.229 0.045 0.287
CombinedTM 0.132 0.213 0.248 0.039 0.329

GINopic 0.284 0.713 0.227 0.031 0.293
FASTopic 0.134 0.313 0.465 0.256 0.471

CGTM (Ours) 0.347 0.713 0.316 0.140 0.329

Corroborating the analysis in Sections 4.3 and
4.4, these results reveal two important conclusions.
First, they highlight the steep cost in interpretability
for models that pursue high clustering or document
classification scores. Second, they demonstrate
CGTM’s superior ability to balance these compet-
ing objectives.

The Price of High Clustering Scores: Models
like FASTopic excel in clustering metrics (Purity,
ARI, NMI) by retaining a large amount of raw
PLM information. However, this comes at a steep
cost: their topics are significantly less coherent
(low NPMI), and their document representations
are poorly aligned with human judgment (low TIS).
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This approach sacrifices the core goal of topic
modeling: generating meaningful and interpretable
document-topic distributions.

CGTM’s Superior Balance: In contrast to the
above issue, our model, CGTM, strikes a com-
pelling balance. By effectively fusing contextual
and graph information and applying our novel
topic-level constraints, CGTM produces document
representations that are not only highly competitive
for clustering (outperforming all baselines except
FASTopic) but are also grounded in semantically
coherent and highly interpretable topics (as shown
by our leading NPMI and TIS scores).

This analysis indicates that CGTM is adept at
grouping documents into “truly suitable topics” by
producing clusters that are both well-separated in
the feature space and defined by semantically co-
herent concepts for human interpretation.
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