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are estimated based on a large external corpus
(Lau et al., 2014). To see whether the quality of
focused topics affects the topic coherence, we plot
NPMI vs. SOAC in Figure 8. The results are av-
eraged across top 5 topics that have the highest
SOAC values and across topic settings. FoTo is
seen to be on the top right, which indicates that the
topics extracted by our method are coherent while
being more focused.
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Figure 8: Topic coherence NPMI vs. SOAC.

3.7. Topic and Visualization Examples

We present the qualitative analysis of FoTo in terms
of focused topics and visualization. Table 1 shows
the top 2 most relevant topics based on the top-
ics’ SOAC values by FoTo, TTM, and TSCTM on
SEARCHSNIPPET for the query {sporting, athlete,
racing}. The words in red are extended words that
are most similar to the queried keywords in terms
of cosine similarity. It is evident that topics pro-
duced by FoTo are more focused than the topics
extracted by other baselines because they contain
more red words.

Table 1: Top 2 most relevant topics on SEARCH-
SNIPPET for the query {sporting, athlete, racing}.

FoTo TTM TSCTM
Topic3 Topic9 Topic5 Topic2 Topic5 Topic9
sport game sport horse mlb movie
football news game yahoo forehand actress
game car online race volleyball cruise
news tennis ebay auto nba celebs
soccer match boxing sporting quarterfinal celebrity
league sport horseracing basketball nhl stranger
team racing olympics electronics league actor
player wheel portland save softball showtime
hockey tournament pool extra champion filmography
espn golf facility equipment ncaa julia

Figure 9 shows the visualizations of SEARCH-
SNIPPET by FoTo, WTM, TTM, and TSCTM for 50
topics on two different queries. On the left of Fig-
ures 9(a) and 9(b), FoTo gives a good overview of

the corpus by grouping similar documents together
with their topics. Moreover, it can preserve and
visualize topics, documents that are relevant to tar-
geted aspects. The right of Figures 9(a) and 9(b)
show how relevant documents are distributed. We
calculate the TF-IDF scores of documents w.r.t the
query and estimate the relevance density by aver-
aging the relevant scores of documents in a region.
As we can see, most of the relevant documents are
near the keywords, indicating that our method pre-
serves well the documents and topics of interest.
For TSCTM, WTM, and TTM, relevant documents
are more scattered and mixed with non-relevant
documents, as indicated by the lower document
relevance density near the keywords in the visual-
ization.

4. Related Work

Several short-text topic models have been devel-
oped (Yan et al., 2013; Zuo et al., 2016; Li et al.,
2016; Wang et al., 2018; Dieng et al., 2020). In
these models, one of the approaches is using word
embeddings as supplementary information to en-
rich the learned topics. ASTM (Wang et al., 2018)
further proposes an attention mechanism based
on word embeddings to segment words of a docu-
ment into different groups. A topic is then assigned
to each group to obtain more coherent topics. An-
other approach is to aggregate short texts into
pseudo-documents that are effective for topic learn-
ing (Zuo et al., 2016; Lin et al., 2020; Quan et al.,
2015). Recently, there have been methods that opt
contrastive learning for generating topic represen-
tations (Wu et al., 2022). We also have models (Sia
et al., 2020; Grootendorst, 2022) that cluster doc-
ument embeddings generated using pre-trained
transformer-based language models for learning
topic representations. These are not targeted topic
models and do not generate visualization.

There have been topic models for visualizing
long or short texts (Iwata et al., 2008; Le and Lauw,
2017; Kumar and Le, 2021). However, these mod-
els are not for focused analysis. Targeted topic
models can be used to tackle this problem (Wang
et al., 2016; Fang et al., 2021). They aim to extract
all topics relevant to aspects of interest given a
set of keywords. In another direction, given a set
of seed words, seed-guided topic models aim to
find a topic for each seed word (Meng et al., 2020;
Harandizadeh et al., 2022; Zhang et al., 2023; Lin
et al., 2023). Therefore, the number of extracted
topics is equal to the number of seed words. This is
different from targeted topics models which aim to
find all topics relevant to the given keywords. None
of these models learn embeddings of documents
and topics for visualization.
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(a) sporting , athlete, racing

(b) notebook, microprocessor, disk

Figure 9: Visualization of SEARCHSNIPPET by FoTo, WTM, TTM, TSCTM for different queries and their
relevance densities.

5. Conclusion

We propose a novel targeted visual topic model
for focused analysis of short texts. FoTo is a joint
model to extract and visualize topics, documents
that are relevant to targeted aspects. A unified
generative process is proposed to model topics,
document and topic embeddings, keywords, as
well as pairwise document ranking for visual fo-
cused analysis. The extensive experiments show
the effectiveness of our proposed model in terms
of targeted topic modeling and visualization. For
future work, we plan to extend the current model
for generalizing to general texts.
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