
Pragmatic Approach to Automatic Topic Labeling

with Zero-shot Classification

Zikai ZHOU† and Kei WAKABAYASHI††

† Graduate School of Comprehensive Human Science, University of Tsukuba

1–2 Kasuga, Tsukuba-shi, Ibaraki 355–8550, Japan

†† Faculty of Library, Information and Media Science, University of Tsukuba

1–2 Kasuga, Tsukuba-shi, Ibaraki 355–8550, Japan

E-mail: †s1813024@klis.tsukuba.ac.jp, ††kwakaba@slis.tsukuba.ac.jp

Abstract In natural language processing, topic models are proposed to discern latent semantic structures within

a text corpus. Once a topic model is applied, the extraction of topic terms becomes essential for interpreting the

corpus’s latent structure. The cognitive challenges of understanding a list of top terms lead to an interest in au-

tomatic topic labeling, which involves generating meaningful labels for topics and enhancing their interpretability.

However, existing topic labeling methods often focus on individual topics, neglecting the overall corpus context and

topic relationships. To address this, we propose a pragmatic approach that evaluates the ambiguity degree of topic

labels through a listener model, which is instantiated by a zero-shot classification method. This model serves as a

metric to assess the quality of label sets in the context of the entire corpus. Additionally, we introduce an automatic

topic labeling pipeline employing combinatorial optimization to refine label sets for a given topic distribution. Ex-

perimental results demonstrate the correlation between our pragmatic approach and human evaluation, showcasing

the effectiveness of our pipeline in automatic topic labeling. Our pragmatic approach emphasizes the importance of

considering the holistic corpus context for more accurate and interpretable topic labeling.

Key words automatic topic labeling, pragmatic analysis

1 Introduction

In natural language processing (NLP), a topic typically

refers to a specific subject or theme that is discussed in a

context, which could be also considered as a latent semantic

group of text. Topic models are proposed to find those la-

tent semantic groups by analyzing a collection of documents,

and automatically finding groups of words that frequently

co-occur in the same document as topics. Understanding

topics in text can be valuable for various applications, such

as document summarization, sentiment analysis, information

retrieval, and more. Traditional topic models such as Latent

Semantic Analysis (PLSA) [1] and Latent Dirichlet Alloca-

tion (LDA) [2] are based on the Bayesian probabilistic model.

Modern topic models such as Neural Variational Document

Model (NVDM) [3], Bidirectional Adversarial Topic (BAT)

model [4], and BERTopic [5] leverage modern neural networks

and even large language models (LLM) to generate expres-

sive topics.

In practice, topic terms are presented after a topic model

is applied to the corpus. Topic terms are words or phrases

defining and characterizing topics generated by topic model-

ing algorithms. Generally, these terms are representative of

the underlying themes or subjects of topics and could help

people interpret the topics and understand the latent struc-

ture of the corpus. For example, a topic related to computer

science may have topic terms such as “computer”, “program-

ming”, “algorithm”, “code”, etc.. In Latent Dirichlet Alloca-

tion, topic terms are the words with the highest probability

of being associated with a particular topic. However, the cog-

nitive load of understanding a whole list of (in practice, top

10 or top 20) terms is considered high compared to that of

understanding an expressive label. Previous work [6] showed

that in the task of information retrieval, humans can iden-

tify more documents when textual labels are presented than

when keywords are presented. This nature has led to interest

in automatic topic labeling, which is the task of outputting

meaningful words or phrases as labels for topics.

A topic label is a short text that precisely describes the

semantics of what the topic represents. Topic labels are ex-

pected to be comprehensible for humans to understand the

topics. In definition, the topic labels can be just a concatena-

tion of top words (e.g., “computer, programming, algorithm,

code”), while a more concise and precise term that represents
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the topic (e.g., , “Computer Science”) is preferred.

There have been many automatic topic labeling researches.

The main task of automatic topic labeling is associated with

the task of finding proper label candidates and ranking them.

Mei et al. [7] first introduced automatic topic labeling to

LDA topics by extracting bigrams and ranking them with

KL-divergence. Many automatic topic labeling methods fol-

low this idea, such as Lau et al. [8] using the title of En-

glish Wikipedia pages as label candidates and then apply-

ing the ranking method with lexical association feature to

the corpus. On the other hand, with the advancement of

computing power and the development of language models

based on transformers, direct approaches to label generation

have been studied. Alokaili et al. [9] proposed a sequence-to-

sequence model that takes topic terms as input and output

corresponding labels, and Popa et al. [10] fine-tuned a pre-

trained BART [11] model to generate labels from topics.

However, the ambiguity of topics generated by topic mod-

els has caused trouble for automatic topic labeling. For ex-

ample, consider two different topics {Twitter, ChatGPT, 5G,

Apple watch} and {Northern lights, SpaceX, NASA, Grav-

itational waves}. While it is reasonable to label them as

“Technology” and “Science” respectively, a more distinctive

label set would be “Information Technology” and “Space and

Astronomy”. Automatic topic labeling methods often focus

solely on a single topic while ignoring the integrity of the

whole corpus and topic relationship, which could bring prob-

lems to humans interpreting the topics. This problem drives

us to handle topic labeling in a pragmatic manner, that la-

bels should be generated in the context of the entire corpus,

and could bring the least misconception among topics. To

achieve this goal, we propose a pragmatic automatic topic

labeling method by leveraging zero-shot classification of text

as the evaluation of the distinctness degree of the topic la-

bels. The overview of our proposal is shown in Figure 1. The

listener model could be used to compute a metric for evalu-

ating the distinctness of the topic label sets for a given topic

distribution. Furthermore, we construct an automatic topic

labeling pipeline that takes label candidates as input and

applies combinatorial optimization to find the proper topic

label set to the corpus.

The contributions of this paper are summarized as follows:

（ 1） We propose a pragmatic listener model by leverag-

ing zero-shot classification of text as the evaluation of the

distinctness degree of the topic labels.

（ 2） We validate the distinctness of label sets generated

by existing automatic topic labeling methods by conduct-

ing crowd-sourcing tasks on Amazon Mechanical Turk. The

evaluation of our pragmatic listener model on these label sets

shows a correlation with the crowd-sourcing results.

Figure 1 Overview: a pragmatic listener-speaker architecture

leveraging combinatorial optimization and zero-shot

classification of text for automatic topic labeling.

（ 3） We propose a pragmatic automatic topic labeling

pipeline in the listener-speaker architecture. The experi-

ments show that our pipeline has improved the distinctness

of the topic label set.

2 Related Work

2. 1 Topic Modeling

Latent Dirichlet Allocation (LDA) [2] is a probabilistic

topic model that assumes documents are mixtures of top-

ics and topics are mixtures of words. It adds a prior distri-

bution to the document-topic and topic-word distributions

on the previous work of Latent Semantic Analysis (PLSA).

By applying the idea of topic distributions, other probabilis-

tic topic models have been proposed, such as the Correlated

Topic Model (CTM) [12] and the Structured Topic Model

(STM) [13]. Some other approaches, such as NVDM [3] and

DocNADE [14], use modern neural networks to generate sim-

ilar distributions. In recent years, neural topic models have

been cooperating with other methods such as graph neural

networks [15], reinforcement learning [16], contrastive learn-

ing [17], and generative adversarial networks [18] to improve

their performance.

Aside from probabilistic topic models, some other ap-

proaches interpret topics as clusters of documents. Top2Vec

[19] leverages joint document and word semantic embed-

dings to find topic vectors. Top2Vec employs a Doc2Vec [20]

model for embeddings and applies a clustering algorithm to

the document embeddings to generate topic vectors. Sia et

al. [21] introduced a similar framework that leverages pre-

trained embeddings. This framework provides flexibility

in the model choice on embedding models, dimension re-

duction methods, and topic term extraction. BERTopic [5]

leverages embeddings provided by BERT [22], a pre-trained

transformer-based language model, while using a class-based

variation of the TF-IDF to generate coherent topic represen-

tations instead of cluster centroids.

Our proposed automatic topic labeling model has the ben-
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efit of not restricting a specific type of topic model, since the

labeling process is separate from the topic modeling process

and does not require any special model structure.

2. 2 Automatic Topic Labeling

Automatic topic labeling has experienced significant

progress over the years, evolving from unsupervised to super-

vised approaches and incorporating the latest advancements

in natural language processing (NLP). Pioneering work by

Mei et al. [7] established a foundation by introducing meth-

ods to extract bigrams and rank them using KL-divergence,

framing the practice of label generation from within the orig-

inal corpus itself. Subsequent research such as Lau et al. [8]

and Bhatia et al. [23] expanded upon this idea by employing

external corpora like Wikipedia and leveraging supervised

learning techniques to rank candidates.

Some other approaches leverage automatic summarization

technology for labeling topic models, aiming to enhance the

informativeness and meaningfulness of topic labels. Unlike

other approaches, these methods mainly produce topic labels

in sentence form and focus on more informative expressions

of topics rather than common phrase-level labels. Cano et al.

[24] introduced an independent summarization framework for

identifying dominant words, which only relies on the identifi-

cation of dominant terms in documents related to the latent

topic. Following the idea, other approaches [25] [26] [27] [28]

leverage different summarization and ranking methods and

achieve better results.

As the field advanced, word embedding techniques such

as Word2Vec [29] and Doc2Vec [20] were employed, enhanc-

ing the process of computing semantic similarity between

topics and potential labels. The introduction of transform-

ers [30] marked a paradigm shift in the field. The encoder-

decoder architecture and the pre-training on vast corpora of

text brought about a generation of transformer-based mod-

els [22] [31] [11] that excel in transfer learning, enabling un-

precedented performance on a wide array of NLP tasks, in-

cluding topic labeling.

Most recently, direct labeling techniques exploiting the

power of transformer models have been explored. Alokaili

et al. [9] introduced a sequence-to-sequence model for gener-

ating labels based on topic terms. Popa et al. [10] demon-

strated the effectiveness of fine-tuning a pre-trained BART

[11] model for extracting labels directly from topics. These

approaches mark a shift towards leveraging pre-existing lan-

guage models, which have been trained on general language

understanding, to tailor them to the specific task of au-

tomatic topic labeling. Through fine-tuning these models

on targeted datasets, research has enabled more accurate

and contextually appropriate labels, even with smaller and

domain-specific data, pushing the boundaries of what’s pos-

sible in automatic topic labeling.

Among all the research mentioned above, no research fo-

cuses on inter-topic relationships when assigning labels to

topics. When similar topics are presented to an existing au-

tomatic topic labeling method, one may output ambiguous

labels, which could bring problems to humans interpreting

the topics. Our proposal on the other hand takes the entire

topic distribution as input and focuses on assigning prag-

matic labels to topics in the holistic corpus context.

2. 3 Pragmatic Analysis

A fundamental concept in computational pragmatics is

that speaker and listener agents function within a cooper-

ative framework, while both gain advantages by engaging in

reasoning about the intentions and actions of others within

this context. William et al. [32] firstly used pragmatic rea-

soning alone with weighted inference to address ambiguity

and generate clarification requests in a human-robot dia-

log task. Daniel et al. [33] introduced a pragmatic listener-

speaker model to reason why speakers produce certain in-

structions, and how listeners will react to them, and showed

that such pragmatic inference improves both the listener and

speaker models in diverse settings. Further work [34] ex-

tended the idea of pragmatics in other NLP systems, exam-

ining how task goals, environmental contexts, and commu-

nicative affordances in each study enhance linguistic mean-

ing, and offering suggestions for future grounded task design

aimed at organically eliciting pragmatic phenomena.

Our proposal involves the idea of pragmatic analysis by

constructing a listener-speaker architecture that works coop-

eratively to generate distinctive topic labels for each topic.

3 Proposal

3. 1 Speaker Model

Consider a topic distribution of T = {t1, t2, . . . , tm} where

m is the number of topics. For i-th topic ti, the label can-

didates of the topic is Li = {li,1, li,2, . . . , li,ni} where ni is

the number of label candidates of topic ti. The input of the

speaker model will be S = (L1, L2, . . . , Lm), which is the set

of all label candidates. The set of all possible combinations

could be presented as Φ = L1 × L2 × · · · × Lm.

A possible output label assignment ϕ ∈ Φ for topic distri-

bution T will be ϕ = (l1, l2, . . . , li) where li ∈ Li. The total

number of possible label sets could be calculated as

|Φ| =
m∏
i=1

ni, (1)

which will be a very large number when m and ni grow. The

speaker model should address the issue of exploring the large

combinatorial space in terms of computational efficiency. In

Section 3. 3, an efficiency-aware method based on a combi-
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natorial optimization technique is presented.

3. 2 Listener Model

The listener model will evaluate each ϕ with a distinct-

ness score function f(D,ϕ) by classifying the corpus D on

ϕ. For document d ∈ D, the gold label ytrue(d) is the index

of the topic assigned to the document by the topic model.

The classification result ypred(d, ϕ) will be granted by pass-

ing d and ϕ to a zero-shot text classification model, which

is the corresponding index of the topic of the classification

result label lpred. The classification metric would consider

the prediction correct if and only if ytrue(d) = ypred(d, ϕ).

The distinctness score could then be calculated as:

f(D,ϕ) =
1

|D|

m∑
i=1

n(D, i)F1(D,ϕ, i), (2)

n(D, i) = |{d ∈ D | ytrue(d) = i}| (3)

F1(D,ϕ, i) =
2 · precision(i) · recall(i)
precision(i) + recall(i)

, (4)

precision(i) =
TP (i)

TP (i) + FP (i)
, (5)

recall(i) =
TP (i)

TP (i) + FN(i)
, (6)

TP (i) = |{d ∈ D | ypred(d, ϕ) = i, ytrue = i}|, (7)

FP (i) = |{d ∈ D | ypred(d, ϕ) = i, ytrue |= i}|, (8)

FN(i) = |{d ∈ D | ypred(d, ϕ) |= i, ytrue = i}|. (9)

which is the weighted F1-score of the classification on corpus

D. The distinctness score represents how well the given label

assignment ϕ induces the correct classification from the pre-

trained zero-shot classification model. The zero-shot classifi-

cation model is assumed to represent a common sense associ-

ation of a document with a topic label. A higher distinctness

score is expected to indicate that the given topic labels ϕ are

more natural for labels to classify documents.

3. 3 Combinatorial Optimization

The goal of the proposed pragmatic listener-speaker

method is to find the label set with the highest distinct-

ness score ϕbest = argmax f(D,ϕ). To brute force through∏m
i ni combinations is impossible when m and ni are large.

In order to find the ϕbest, we leverage local search [35] for

combinatorial optimization.

Let (Φ, f) be the combinatorial optimization problem,

where the score function f is a mapping from the set of so-

lutions Φ to R. We define a neighborhood function N (ϕ) by

changing one label li in label set ϕ to another label candidate

l′i for that topic:

N (ϕ = (l1, . . . , lm)) =
∪

i∈[1..m]

{(l′1, . . . , l′m) | l′i ∈ Li

∧ ∀j ∈ [1..m]\i(l′j = lj)}. (10)

A local optimum is a solution ϕ̂ where the score of it is no

Algorithm 1 Local search for topic labels.

1: function local search(S,D,m, f)

2: ϕ̂← RandomSampling(S)

3: BestScore← f(D, ϕ̂)

4: Checked← [False for x in range(0,m)]

5: repeat

6: for i in range(0,m) do ϕ← ϕ̂

7: for candidate in S[i] do ϕ[i]← candidate

8: if f(D,ϕ) > BestScore then

9: ϕ̂← ϕ

10: BestScore← f(D,ϕ)

11: Checked← [False for x in range(0,m)]

12: end if

13: end for

14: Checked[i]← True

15: end for

16: until False not in Checked

17: return ϕ̂

18: end function

worse than its neighbors:

f(ϕ̂) >= f(ϕ) ∀ϕ ∈ N (ϕ̂). (11)

We use the simple local search algorithm by iterating

through neighbors for each topic label until a local optimum

is found. The pseudo-code is shown in Algorithm 1.

3. 4 Pragmatic Topic Label Pipeline

The pragmatic topic label pipeline could leverage different

automatic topic labeling methods in an ensemble learning

manner. After applying topic modeling to corpus D and

obtaining topic distribution T , they will be passed into off-

the-shelf automatic labeling methods. The label candidates

ATLj(D,T ) = (sj,1, . . . , sj,m) will be obtained, and the sets

from different automatic topic labeling methods will then be

concatenated to generate the input for the listener-speaker

model,

S = (
∪
j

sj,1, . . . ,
∪
j

sj,m) (12)

where ATL is an off-the-shelf automatic labeling method and

j is the number of different automatic topic labeling methods

used.

The pipeline uses the zero-shot classification of text [36] for

the distinctness score calculation. Zero-shot classification in-

volves predicting a class that the model has not encountered

during training. This approach could be thought of as trans-

fer learning by utilizing a pre-trained language model. The

model is provided with a prompt and a natural language text

sequence that describes the task, classification target, and

label set. In practice, it is considered reasonable to utilize

language models that are pre-trained on natural language

inference (NLI) tasks.

After the combinatorial optimization process through the
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pragmatic listener-speaker model, the optimized label set

would then be outputted as the final label set for the topic.

4 Experiments and Discussion

4. 1 Experiment Settings

4. 1. 1 Corpus

We use the WikiText-2 dataset [37] for evaluation. The

WikiText-2 dataset is extracted from the set of verified En-

glish articles on Wikipedia. It was introduced in 2016 and

contains approximately 2.5 million tokens in total. The arti-

cles are in their raw form which retains numbers, cases, and

punctuations. Since topic modeling is an unsupervised ma-

chine learning method, all three splits (test, train, validation)

are used in topic modeling. In experiments, each paragraph

is treated as a document in the training step since the ar-

ticles are too long to fit in the language model used in the

topic model and the zero-shot classification pipeline.

4. 1. 2 Topic Modeling

We choose BERTopic [5] as our topic modeling method.

BERTopic leverages transformers and c-TF-IDF to create

dense clusters, allowing for easily interpretable topics whilst

keeping important words in the topic descriptions. It has the

benefits of being one of the state-of-the-art topic modeling

methods on various corpus, competence in different settings,

and user-friendly APIs.

The BERTopic model generates topic representations

through the following steps.

（ 1） Embedding representation: Each document is

converted to its embedding representation using a pre-

trained language model. We used the sentence-transform

ers/all-mpnet-base-v2model from Huggingface [38], which

is a pre-trained Sentence-BERT [31] model based on MP-

Net [39].

（ 2） Dimension reduction: The dimensionality of the

resulting document embeddings is reduced using UMAP [40]

to optimize the clustering process.

（ 3） Document clustering: The reduced embeddings

are clustered using HDBSCAN [41]. We apply hierarchical

clustering to set the number of topics to 40. Although HDB-

SCAN is a soft-clustering approach allowing noise to be mod-

eled as outliers, in order to avoid too many outliers affecting

the consistency of the model and match the topic represen-

tation of traditional topic models, we apply outlier reduction

using firstly class TF-IDF (c-TF-IDF) representations with

threshold = 0.05 and then the topic distributions.

（ 4） Topic representation: The c-TF-IDF score for

each term is calculated by treating each document cluster as

a big document. This procedure models the importance of

words in clusters and generates topic-word distributions for

each cluster of documents.

4. 1. 3 Zero-shot Classification

We use the Huggingface zero-shot classification pipeline

[42] in our listener model. We choose the valhalla/distil

bart-mnli-12-1 model as the pre-trained language model,

which is the distilled version of bart-large-mnli BART [11]

model. The batch number is set to 1.

4. 1. 4 Automatic Topic Labeling Baselines

To evaluate our proposed pragmatic model and generate

label candidates for the automatic topic labeling pipeline,

we choose the following automatic topic labeling methods as

baselines.

• Top terms: The topic representations generated by

the BERTopic model are used as simple topic labels. The

top 4 words of each topic are concatenated into one label.

• KPE: Following the idea of utilizing automatic sum-

marization technology for labeling topic models while trying

to restrict the lexical length of the labels, we apply YAKE

[43], an off-the-shelf key-phrase extraction (KPE) method on

top 50 documents of each topic. The max lexical length of

the generated labels is set to 3.

• NETL: We choose Neural Embeddings Automatic La-

beling (NETL) [23] as the baseline which stands for the meth-

ods that employ external corpora like Wikipedia and leverage

supervised learning techniques to rank candidates. The top

10 words of each topic are passed to the model to generate

label candidates.

• LLM: Regarding the advance of large language mod-

els, we leverage ChatGPT [44] as automatic topic label-

ing methods by simply passing the top 10 words to the

gpt3.5-turbo-1106 model and prompting to ask the model

to generate topic labels based on them.

• Human labels: An expert in topic modeling is asked

to assign a topic label after reading the top 10 words and top

20 documents for each topic.

4. 2 Listener Model Evaluation

To evaluate the zero-shot distinctness score in the proposed

pragmatic listener model, we conduct crowd-sourcing topic

labeling tasks on Amazon Mechanical Turk (AMT). Partic-

ipants in the AMT tasks are provided with a document in

the corpus and five topic labels. The topic labels are the

labels of the five closest topics to the document (including

the corresponding topic), generated by one of the baselines.

Participants are asked to select the most relevant label for

the text. After filtering out short documents, 30 documents

are sampled from each of the 40 topics to generate a batch

of 1200 tasks. For each baseline method, one batch is pub-

lished. A demo of the AMT tasks is shown in Figure 2.

The result is gathered after the tasks are completed in AMT

crowd-sourcing. After the result is gathered, we calculate

the F1-score in crowd-sourcing of each topic among each la-
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Figure 2 A demo of the Amazon Mechanical Turk crowd-sourcing tasks. Participants are

asked to select the most relevant label to the text among five choices.

Figure 3 A scatter plot of topic labels evaluation on each topic

labeling baseline. Each point on the graph stands for a

topic.

bel set, as long as the weighted overall F1-score of each label

set.

The same sampled corpus and label sets are then passed

into the proposed listener model for evaluation. The dis-

tinctness score of each topic among each label set and the

overall distinctness score are gathered. We conduct a cor-

relation analysis between the crowd-sourcing result and the

listener model result. The result is shown in Figure 3 and Ta-

ble 1. The correlation between the crowd-sourcing F1-score

and distinctness score is r = 0.4299, with p < 0.0001, consis-

tent with our hypothesis that there is a positive correlation

between the crowd-sourcing F1-score and distinctness score.

4. 3 Automatic Labeling Pipeline Evaluation

To evaluate our proposed automatic labeling pipeline, we

utilize our proposed pipeline to generate the label set for the

corpus. Four out of five of the baselines (Top Terms, KPE,

Table 1 The overall score (weighted-average) of each topic label-

ing baseline compared between crowd-sourcing F1-score

and distinctness score.

Crowd-sourcing

F1-score

Distinctness

Score

Human Labels 0.4092 0.4903

KPE 0.3653 0.3782

LLM 0.3475 0.6061

NETL 0.3466 0.3722

Top Terms 0.3597 0.4658

NETL, LLM) are used to generate label candidates for the

automatic labeling pipeline. We run two different settings

on our proposed pipeline.

• ppl 4: We use the exact labels outputted by base-

lines in Section 4. 2, comprising 4 candidates for each topic.

30 documents from each of the 40 topics are sampled from

the corpus to generate a subcorpus of 1200 documents.（注1）

• ppl 10: Top 3 candidate labels outputted by each of

KPE,NETL, LLM and the label generated by Top Terms

comprise 10 candidates for each topic. The same subcorpus

used in ppl 4 is used.

After the two label sets are generated by the proposed

pipeline, we evaluate them by conducting the same AMT

crowd-sourcing tasks in Section 4. 2. To remove the effect

of uninterpretable topics, we filter out topics which answer

accuracy is lower than 0.4 on Human labels label sets in

crowd-sourcing tasks. The crowd-sourcing F1-score results

on baselines and proposed methods after filtering are shown

（注1）：We use hyperparameter random seed to make sure the docu-

ments are sampled differently to the subcorpus in Section 4. 2
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in Table 2.

Table 2 Crowd-sourcing F1-score on filtered topics.

Crowd-sourcing F1-score

Baselines

Human 0.4792

KPE 0.3508

LLM 0.3645

NETL 0.3654

Top Terms 0.3398

Proposed Method

ppl 4 0.3172

ppl 10 0.3762

4. 4 Discussion

According to the result in Table 1, in terms of crowd-

sourcing F1-score, Human labels performs the best, ob-

taining a score of 0.4092. KPE and Top Terms perform a

bit weaker, while LLM and NETL perform the worst. This

may be due to the fact that both KPE and Top Terms la-

bels are generated from the corpus, while LLM and NETL

labels are generated from the top terms. The labels of LLM

and NETL are more general terms of subjects, while the

labels of KPE and Top Terms tend to consist of specific

objects. Additionally, the labels of KPE and Top Terms

contain more words on average compared to other baselines.

This nature helps participants choose the correct labels once

the words in labels appear in the document, even if the doc-

ument is weakly related to the topic.

In terms of the distinctness score outputted by the pro-

posed listener model, the labels of LLM score the highest

of 0.6061, followed by Human Labels of 0.4903 and Top

Terms of 0.4658. This may be because while being the most

similar label with Human Labels, LLM produces multi-

ple concepts in a single label (e.g., “Historical architecture”

compared to “Archaeology, Historical Sites”), which helps

the zero-shot classification in matching the documents. This

could also be proved by the score of Top Terms since each

word could be interpreted as an independent concept. On

the other hand, the zero-shot classification method tends to

give higher scores to common-sense labels (e.g., “Historical

architecture” compared to “sun temple”), making the score

of KPE and NETL relatively low. This may be due to

the choice of the language model or the prompt used in the

zero-shot classification pipeline, which required further in-

vestigation.

Nonetheless, despite the different aspects between the

crowd-sourcing F1-score and the distinctness score assigned

by the proposed method, the correlation analysis shows a

strong belief that there is a positive correlation between

the crowd-sourcing F1-score and distinctness score, addresses

that the proposed listener model could serve as a metric to

assess the quality of label sets in the context of the entire

corpus.

During the listener model evaluation, we noticed that some

of the Human labels have exceptionally low accuracy in

crowd-sourcing tasks, some of them even lower than the ex-

pected accuracy of random choices. This phenomenon warns

us of the possibility that the topic model could output im-

proper topics, that even humans could not assign proper la-

bels to them. We consider this as a problem of topic model-

ing and therefore exclude these topics by filtering out them

with crowd-sourcing accuracy on Human labels during the

automatic labeling pipeline evaluation.

Before we discuss the result of the automatic labeling

pipeline evaluation, two deficiencies in the proposed auto-

matic topic labeling pipeline need to be addressed. First, the

problem of the local optimum. Since we chose local search

for combinatorial optimization, there is a possibility that the

outputted label set is a local optimum, rather than the global

optimum with the highest distinctness score. Approaches

such as simulated annealing, tabu search, and genetic algo-

rithms are designed to solve this problem. However, all of

those approaches require branching for worse neighbors or

finding multiple optimums in order to overcome the problem

of local optimum. This brings us to the second problem of

the computational cost. As mentioned in Section 3. 4, zero-

shot classification involves querying modern language models

with prompts. The computational cost of such querying is

extremely high compared to traditional classification meth-

ods. At the same time, combinatorial optimization executes

a huge amount of such classification in order to compare the

scores between neighbors. This nature makes the computa-

tional cost of the proposed automatic topic labeling pipeline

significantly high, which is the reason for sampling a sub-

corpus for the pipeline, restricting the number of label can-

didates, and using a distilled version of the language model

during the experiments. As for now, there is no proper so-

lution other than increasing the computational power or re-

constructing the off-the-shelf zero-shot classification method

for the proposed pipeline.

After uninterpretable topics are filtered out, according to

Table 2, the best score is 0.4792 of Human labels, followed

by 0.3762 of the proposed method ppl 10. ppl 4 obtain the

worst score of 0.3172. This may indicate that the number of

candidates provided to the pipeline affects the performance

by a large margin, even if those candidates are not been

chosen as the best choice according to the off-the-shelf auto-

matic topic labeling methods. This phenomenon shows that

in this specific problem setting of combinatorial optimiza-

tion, a better solution is more likely to be found with the
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naive local search method in a larger combination set. On

the other hand, the proposed method ppl 10 outperforms

other baselines, showcasing the effectiveness of our proposed

automatic topic labeling pipeline.

5 Conclusion

In this research, we proposed a pragmatic automatic topic

labeling approach that evaluates the ambiguity degree of

topic labels in the holistic corpus. The pragmatic automatic

topic labeling approach consists of two parts, the listener

model and the speaker model, leverage zero-shot classifica-

tion and combinatorial optimization respectively, to output

the pragmatically proper label set among the input label

candidates. Our crowd-sourcing experiments demonstrated

the correlation between our pragmatic approach and human

evaluation, proving that the listener model serves as a metric

to assess the quality of label set in the aspect of distinctness.

Our automatic topic labeling pipeline experiments showed

that the proposed method is effective in improving the qual-

ity of the topic label set under certain circumstances.

The main drawback of this work is that the proposed

method relies on the zero-shot classification of text, whose

computational cost weighs on the efficiency of the entire

pipeline. As this research explores the idea of the pragmatic

approach in automatic topic labeling, future work should fo-

cus on exploring other methods or training a lightweight des-

ignated machine learning model to achieve the same or better

performance in this task.
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