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Abstract. The internet contains an ever-increasing body of human com-
munication. The emerging class of pre-trained generative language mod-
els represents a new opportunity for ingesting, understanding, and sum-
marizing these communications. This work outlines a method of generat-
ing Prototype Relation networks using a pipeline of large language model
prompt-completions. These networks are constructed with nodes of pro-
totypical authors that have their views represented within the corpus,
and edges containing possible argumentative relations between them.
Methods of evaluating these networks are described, and are used to
show that the content within the generated prototype descriptions and
relation descriptions are in line with observations of hold-out sets and
synthetically constructed comparisons. The pipeline and evaluation met-
rics make use of a prompt-based approach to argument role labeling,
which is also tested, showing current generations of models can reach
argument labeling accuracies on par with baselines.

Keywords: Data Mining and Information Retrieval - Natural
Language Processing - Social Impact of Al

1 Introduction

For better [20,30,34] or worse [2,15,26], the internet has become the dominant
hub for human communication [27,33]. User comments, like those posted in
response to news articles hosted online, offer one window into the wealth of con-
tent and information hosted online. However, ingesting and understanding these
comments can be time consuming and costly. Large language models, specifically
auto-regressive models fine-tuned to align with human objectives [22,37], have
become foundation models [5] for a wide range of tasks [9,13,35]. The flexibility
and capabilities of these models suggest that they can be used to build a pipeline
capable of understanding the arguments present within a large body of natural
language content, as one might find in the comments sections of large online

news networks.
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Following inspiration from the domains of argument and discourse modeling,
one such approach is to consider the body of content as representing a conversa-
tion between a small set of representative, or prototypical authors. A large corpus
of comments or other social content could be summarized as a network where
nodes represent prototypical authors containing descriptions of their points of
view, and edges represent possible arguments being made between them. This
contribution describes such a pipeline. In it, the following research questions are
answered:

1. Can we extract descriptions of representative, prototypical authors from a
corpus of content using a Large Language Model?

2. Can we extract descriptions of relations between these prototypical authors
using a Large Language Model?

3. How can we evaluate the quality of the descriptions of generated prototypical
authors and the relations between them?

Foreign Policy Hawk : This user is focused
on strong, assertive American foreign
policy. They believe in demonstrating
clear military resolve to maintain global
stability and are critical of perceived
passivity or indecision by leadership. They
emphasize the need for America to

. Conspiracy
Professional

Disagree (E)

t;’ project power, especially against
;EO adversaries like Russia, and may view
< actions like the invasion of Ukraine as a
[c} threat that requires a firm response.
@ conservative 8
2 Relation : American Conservative

. Skeptical
Pragmatist
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0 ® . American American Conservative : This user values
3 \)&3 Conservative traditional conservative principles, such

E QQP ® as strong national defense and a free-

S @ P&See market economy. They likely criticize the

............ Biden administration for perceived
"""""" weakness and missteps in foreign policy,
particularly regarding Russia and energy
independence. They tend to support
fossil fuels and disapprove of policies
perceived as too accommodating to
global or progressive agendas.

. Justice-Oriented
Democrat

Fig. 1. Prototype Relation Network. This example highlights the possible content that
can be obtained using the proposed pipeline. Two representative authors and a relation
between them are depicted.
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2 Related Work

The goal of the argument and discourse mining domains typically concerns them-
selves with the identification of argument and discourse elements [21,36], the
identification of possible relations between these units [23,32], and the parsing
of these relations into structures representing the overall conversation [7,12].
Work in this area often considers very specific, well labeled corpora, like manu-
ally parsed and annotated debate transcripts [19], the chat logs of complex social
boardgames [29], or posts in online communities specific to persuasive discourse
[8]. This is distinct from the much more general, and abstract setting of an arbi-
trary online discussion board, but the domain provides a rich body of underlying
research and understanding to build from.

Large Language models have had a wide application, beyond the straight-
forward task of chatting [17], they can be used to help detect fake news [12],
evaluate and build topic models [25], and even act as an agent within a complex
social board game [16]. Effort has been made to apply the emerging class of large
language models to the domain of argument mining, building from larger argu-
ment classification and labeling datasets [6]. By composing ‘chain-of-thought’
style representations of arguments and their clauses, the work of [18] leverages
large models to predict the structure of a larger argument. Further, graph knowl-
edge has been combined with contextual data to mine possible relations using
large language models that can interact with knowledge graphs [28]. While these
methods consider argument mining tasks, in a manner similar to the components
of the described pipeline, they operate with full information of authorship and
context, which is distinct from the conditions described here.

3 Methodology

This section describes the process of creating prototype relation networks
intended to summarize the points of view and arguments contained within a
large corpus of online comments. In this process, a network (an example can be
seen in Fig.1) is built where nodes represent prototypical authors of content,
and edges represent argumentative relations between them. Prototype networks
are generated by a pipeline, illustrated in Fig. 2, that interacts with generative,
prompt-completion based large language models.

3.1 Generating Prototype Author Profiles

To generate the prototype profiles and their description, a prompt is constructed
that contains the task instructions (seen in Listing 1.1), the text of a set of
articles, and a set of user comments for these articles. The task description
was crafted to encourage the model to find distinct sets of author descriptions,
based on a formulation inspired by topic modeling approaches like those found in
Latent Dirichlet Allocation [4] or Text-Based Ideal Points [31]. Specifically, the
motivation for the task description is the hypothesis that the comments observed
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Fig. 2. Prototype Relation Network Pipeline. The corpus of content is first used to
generate the prototype profile descriptions. Then, the corpus and generated profiles
are used to generate argument relation edges between the representative prototype
users. Not shown is the comment-labeling component of the pipeline, which is only
used in the proposed evaluation method, not during typical generation of a network.

in the corpus could be generated by a probabilistic model. One where a comment
is generated as a weighted combination of some influence from a small set of
prototypical authors. These prototypical authors are described as needing to be
representative of the view points being discussed within the corpus. The model
prompt provides a short description of this assumed method of generation, and
encourages descriptions that are similarly relevant and distinct. This complex
task description is removed in the ablation studies, retaining only structural
information relevant to proper execution and parsing.

Listing 1.1. Profile Generation Prompt

You will be sent sets of data that contain a summary of
an article, and a set of comments written by users who
have read the article. Once you have read each article,
and all of the comments written about them, you will be
asked to create a set of descriptions of hypothetical
ideal users, that represent the topics and positions
being discussed in the comments.

You will assume that these ideal users represent a
distribution over terms and topics contained in the
article and comments. When creating the descriptions of
the ideal wusers, you will assume that each comment you
have read was written by an actual user, whose
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viewpoints are some weighted sum of the viewpoints of
the ideal users.

3.2 Generating Argument Relations

To generate descriptions of the possible argumentative relations between the pro-
totype profiles, a prompt is constructed that contains, as before, task instructions
(seen in Listing 1.2), a description of the prototype profiles (the output of the
first step of the pipeline), and a context (the articles and/or comments). The
choice of role labels is motivated by the typical labels given in similar argument
classification and argument role labeling tasks [19,29]. Argument classification
concerns itself with parsing content, possibly dialogues, and extracting repre-
sentations of possible arguments that are occurring with the text. That is, a
body of text contains spans. Arguments can be represented as edges between
certain groups of tokens within these spans. Argument mining is the process
of extracting these groupings of tokens, and identifying possible edges. Argu-
ment classification is tasked with assigning labels to these edges. The prompt
instructions contain examples of possible comment role labels, which are hand
constructed and manually labeled from the corpus.

Listing 1.2. Relation Prompt

You will create a list of possible relations between comment
authors that will be described to you. These relations should
be based on the topics present in the articles provided. The
authors being described are authors of comments written in
response to these articles. Relationships should describe
agreements or disagreements about topics within the articles.
These relationships should be coherent with the content of
the provided comment author descriptions

Use relations of the following form:

Relation: Agreement

"Author A agrees with Author B on topic C"

"Author A agrees with Author B that the statements made
by Russian sources are harder to trust than those made
by their own government"

Relation: Disagreement

"Author A disagrees with Author B on topic C"

"Author A disagrees with Author B on the importance of
the effects of climate change. They believe resources
being spent on that issue are better spent on healthcare
or the military."

Relation: Value—Judgment

"Author A thinks the belief B of Author C is X"
"Author A thinks that the belief of Author B, that the
issue of climate change is overblown, is wrong. They
think that people who hold this belief are ignorant."
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3.3 Proposed Metrics

A set of metrics must be defined to evaluate the efficacy of the generated profiles
and the relations between them. In this work, we propose methods of evaluating
the quality of the profile content based on topic models and perplexity on vari-
ous corpus’, as well as distribution-distance based approaches to measuring the
quality of the relations and their descriptions. In addition to these measures, a
word-cloud based method of evaluating the content of the relations is used. The
following sections will outline these metrics in more detail.

Topic-Based Prototype Description Metric. To evaluate the content of
the prototype profiles, a measure based on the perplexity of a topic model is
used. Building a topic model (specifically, the LDA model [4]) fit to the corpus
of comments and articles used to create the prototype networks provides a way
to investigate the topic-match between the content of the generated profiles, and
the content of the underlying articles and comments. This work assumes that
calculating the perplexity of a topic model with respect to a provided set of
documents is a good proxy for quality of ’fit’ between the model and the docu-
ments. By looking at the relative quality of the model against various document
sets, we can understand how well the generated profiles fit with the underly-
ing topic model of the corpus used. The topic model will have its perplexity
evaluated against corpora composed of; (1) the generated profiles, (2) a set of
hold-out comments, and (3) a random corpus with similar lengths to the hold-out
comments. The random corpus is generated by creating a copy of the hold-out
corpus, and randomly selecting new token-ids for each entry in the bag-of-words
representation of the document.

Distribution-Distance Relation Metric. To evaluate the identified relations
we consider the n-gram relation-label distribution for the generated relation
descriptions. We consider the universe of possible events consisting of all pairs
of possible n-grams and relation labels. This distribution can be calculated over
the relation descriptions and for a hold-out set of validation comments. For
the labeled comments, a large language model is used to label the corpus of
comments with argument role labels, from the set of target role labels: Agrees,
Disagrees, and Value-Judgment.

In these experiments, we consider the case where n = 2, or bigrams. We
create a distribution that is defined as the set of possible pairs of bigrams and
relation labels. That is, for a set of relation labels R containing ‘Agrees’, ‘Dis-
agrees’, and ‘Value-Judgment’, and a set of possible bigrams from the corpus,
B ={(i,7)|i,j € C}, we consider the space of events defined by the cross prod-
uct R x B. By observing the distribution of these events from the text of the
relations (pairing bigrams from the descriptions with their LLM-provided role
label) and the text of the comments (by pairing bigrams from the comments
with their LLM-provided role label) we define instances of these distributions.
By considering the distances (via KL-divergence [14]) between these observed
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distributions, and other meaningfully-crafted distributions (Uniform and Ran-
dom), we learn about the quality of the argument relations being generated by
the pipeline.

Relation Word Cloud. We also consider word clouds to qualitatively evaluate
the argument relations based on TF-IDF weighted term values. To do so, we
consider each type of relation as a single ‘document’, and calculate TF-IDF
values for each term as it appears within each of these single relation documents
versus the others. By doing so, the terms most distinct to each relation, with
respect to the entire set of relations, will be given higher weight than others.
By doing this, and then plotting word clouds over the terms, we can get visual
feedback for the quality of the overlap in ‘distinct-to-the-relation” words for each
relation for the generated content and the labeled-comments.

4 Experiments

To investigate the efficacy of the prototype relation network pipeline, the follow-
ing experiments are conducted: (1) an overall evaluation of the pipeline using the
metrics described in §3.1 and §3.2, (2) an evaluation of the comment-role labeling
component using labeled argument classification datasets, and (3) an ablation
study that considers the impact of the semantic task information contained in
the pipeline prompts.

For each experiment, two different language models will be used, with slight
differences in how the prompting occurs for each. These experiments interact
with the GPT4-Omni model [1] and the DeepSeek-R1 model [10]. The main dif-
ference between these two (for the sake of this publication) is how structured
output is handled. GPT4-Omni presents an API that allows for a specific defini-
tion of the schema for returned data, allowing for easy parsing of returned data
into objects amenable to programmatic manipulation. This contrasts with the
DeepSeek-R1 model, which requires explicit instructions within the prompt guid-
ing the format of the returned data. This requires additional processing to parse
the results and handle spurious, non-data content. Overall, the generation and
collection of prompt returns, the GPT4-Omni model had zero parsing or format-
ting errors over the roughly 400 prompt requests made during pipeline execution.
In contrast, the hand-crafted parsing approach used for the DeepSeek-R1 model
generated four total errors in the same number of requests. Additionally, the
relation descriptions returned by the DeepSeek-R1 model required manual cor-
rection to parse properly. This did not impact the quality of the resulting data,
as the process for the DeepSeek-R1 pipeline was made error-tolerant, retrying
to ensure each data batch obtained fully structured returns from the models.
However, this human cost is not required by the Omni model results.

A dataset consisting of 20 batches of content, each containing five articles,
with a minimum of 20 comments each from four news outlets (FOX, WSJ, ABC,
HP) [11]. For each of the two large language models the batches of articles
and comments are used to generate and evaluate prototype relation networks.
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Networks are built using the full, and ablated prompts, and have the quality of
their profile descriptions and relations evaluated based on the metrics described
in §3.

4.1 Evaluating News Corpus Prototype Relation Network

In the first experiment, a set of prototype relation networks is generated from
a corpus of online news articles and comments [11]. A set of 20 article and
comment batches are randomly sampled from a set of online news outlets. Each
of these batches is run through the pipeline, generating a set of prototype profile
descriptions, a set of relation descriptions, and a set of role-labeled comments
for use in evaluation.

To evaluate the profiles, the LDA model is fit to the underlying article and
comment corpus. Then, using the same term-token dictionary, the evaluation
corpus’ are crafted. This includes a corpus based on a hold out comment set,
the profile descriptions provided by the pipeline, and a synthetic random cor-
pus. Finally, the perplexity of the comment model is calculated against these
three evaluation corpora. To evaluate the relations, the bigram-relation distribu-
tion is generated for the dataset and the generated relation descriptions. Then,
a random bigram-relation distribution is generated by changing the token ids
within the bag-of-words representation of a sampled document to random values.
Finally, the distances between the relation-based distribution and the evaluation
distributions are calculated.

4.2 Evaluating LLM Argument Role Labeling

To show that the pipeline is justified in using large language models to label the
source comments with role labels, another experiment is performed that assesses
the ability of a prompt-based approach to argument role labeling. To do this
two argument role classification datasets are found, each containing examples of
content, labeled with one of two classes: ’attacks’ or ’supports’. We suggest that
this task is similar in scope and difficulty to the comment labeling task used in
the described evaluation metrics. Further, the hypothesis is that high accuracy
on this task on the M-arg and BRAT dataset will support the decision to use a
large language model in the evaluation pipeline. The prompt used to obtain the
comment labels can be seen in Listing 1.3.

Listing 1.3. Comment Argument Role Labeling Prompt

You will be tasked with labeling comments from an online news
outlet about an article with labels related to the comments
role in an argument. You will read the article, and then the
comments. For each comment you will provide an argument label.
Use the following argument role labels for comments

Label: Agreement

Use when:

* The comment author agrees with the article about a
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topic or statement.
* The comment author agrees with another comment about
a topic or statement.

Label: Disagreement

Use when:

* The comment author disagrees with the article about a
topic or statement.

% The comment author disagrees with another comment
about a topic or statement.

Label: Value—Judgment

Use when:

x The comment author is criticising a statement from the
article or another comment.

* The comment author is insulting the author of the
article , or the author of another comment.

4.3 Evaluating Prompt Ablation

In the final experiment, the same news comment corpus is used to evaluate the
importance of the semantic task information provided in the system prompts
used within the pipeline. To do this, the same pipeline and evaluation process is
used. However, the prototype prompt, relation prompt, and role-labeling prompt
will be reduced to include only structural information about the returned val-
ues, and have the elements describing or suggesting the impetus behind the
task removed. The output of the pipeline will then be evaluated using the topic
model and distribution-based methods described, as well as compared against
the baseline methods of labeling comments.

5 Results
5.1 News Corpus Prototype Relation Networks

Table 1 reports the results from the profile evaluation metrics found using the
two models, when using the full and ablated prompts. We see that the generated
profiles have the smaller perplexity with respect to the corpus-based topic model.
Further, the perplexity value of the hold-out comment set with respect to this
topic model sits between the randomly generated document corpus and the pro-
files, suggesting that the generated profiles are an efficient representation of the
topics. Further, ablation study results show that the removal of the task-specific
instruction language within the prompt pushes the perplexity of the generated
profile descriptions closer to that of the hold-out document set. This suggests
that the output of the large language model has skewed closer to sampling the
provided comments, than it has to the task of generating the profiles.

Table 2 reports the results from the relation evaluation metrics found using
the two models, when using the full and ablated prompts. We see that for each
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Table 1. Evaluating Prototype Profiles - Perplexity of an LDA topic model fit on the
corpus of comment data with respect to the content of the profile descriptions and
synthetically constructed, informative term topic vectors.

Comment Model Perplexity
ProfilesHold Out|Random
GPT4-Omni -17.81 |-18.13 -29.05
DeepSeekR1 -17.20 -20.81 -22.23
GPT4-Omni, Ablated|-18.78 |x
DeepSeekR1, Ablated -20.54 |x

model the distance between the profiles and comments is the minimum, with
a smaller distance than that of the hold-out comment set. Further, these dis-
tances are closer to zero than those of the uniform, and randomly constructed
synthetic datasets. This suggests that the relations contain related content with
similar arguments. When we consider the ablation study, we see that, overall,
only the ablated GPT4 Omni model has a distance that suggests the quality of
the relations moves closer to the hold-out sample when the task-specific semantic
information is removed. This trend also holds with the DeepSeek models if the
change in distance between the comment and hold-out distance is considered.
The ablated DeepSeek relations move slightly towards that of the hold-out set.

Table 2. Evaluating Argument Relations - Reporting distance between the bigram-
entity distribution observed in the prototype profile content vs the distributions
observed from the comments, and generated synthetically.

KL-Divergence Profiles vs:

Comments|/Hold-Out Set|UniformRandom
GPT4-Omni 0.5625 0.6039 0.7442 |-1.0443
DeepSeekR1 1.1154 1.2714 1.4339 |-1.3951
GPT4-Omni, Ablated|0.7210 1.2714 0.9625 |-1.4406
DeepSeekR1, Ablated|0.9893 1.1299 1.2693 |-1.1521

In Fig. 3, the qualitative evaluation, we can see that the content of the word
clouds for each of relation-specific, weighted term sets, suggests a good overlap
of content and intensity for the Agreement and Disagreement labels. However,
this is less obvious in the content of the word clouds for the Value-Judgment
relation. The output of the large language model descriptions for the relations
contains significantly fewer negatively balanced words.
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Fig. 3. Word clouds of TF-IDF weighted terms contained in the content for each type
of relation.

5.2 Argument Role Labeling

In Table 3, we see the accuracy of prompt-based approach to the argument label-
ing task, broken down by label type. The results of the model approach for the
M-arg dataset [19] align with the text-only baseline provided by the researchers
(86%). Similarly, the accuracy of the pipeline approach on the persuasive essay

dataset [29] sits between the human standard’ (86%) and the baseline classifier
(79%).

Table 3. Reporting the accuracy of prompt-based approaches to the argument role
labeling task.

Overall‘Attacks‘Supports
M-Arg
GPT4-Omnil0.853 |0.961 0.745
DeepSeekR1|0.784 0.853 |0.716
BRAT
GPT4-Omni/0.817 |0.733 |0.900
DeepSeekR1/0.711 [0.601 |0.908
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6 Conclusions

The results of this study suggest that the proposed pipeline can generate profile
descriptions that contain content that is in line with the content of the underly-
ing comments. Further, the distance-based metrics suggest that the descriptions
of the relations and the distribution of relations themselves, are in line with
observed distributions of term-relation distributions from the underlying cor-
pus. However, there is some discrepancy when considering the content of the
Value-Judgment relation. The lack of negatively-balanced content within the
word clouds suggests a bias occurring within the large language models. A pos-
sible hypothesis is that this is an artifact of the fine-tuning and alignment stage;
models are encouraged to be helpful and harmless [3]. Such alignment might
cause a bias against more ‘confrontational’ or adversarial content within the
relation descriptions. Further work will consider the question of such bias as
well as the application of prototype relation networks within downstream tasks,
in which features derived from the networks can be used to aid in prediction
tasks, like Social Media Popularity Prediction.
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