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Abstract

Conversation derailment prediction represents
a new paradigm of toxicity detection, where
a system predicts from the start of a conversa-
tion whether it will derail into toxic exchanges,
allowing moderators and users to act preemp-
tively before harm is done. This approach re-
quires a deep understanding of conversation
dynamics. Previous work relies on linguistic
features rooted in linguistic and social theories.
While these features provide signals of conver-
sation dynamics, they are exploratory in nature
and potentially reflect a fraction of the overall
pragmatic devices shaping the conversation tra-
jectory. To capture the pragmatic dimension
of conversations systematically, we start with a
framework for annotating pragmatic informa-
tion of conversations systematically and design
summary generation methods to capture con-
versation trajectory dynamically. We achieve
about 10% performance increase over a sim-
ple baseline, and 6.47% increase over a strong
baseline on a dataset, and a slight performance
increase on a benchmark dataset for the task of
summarizing conversation dynamics.

1 Introduction

Online discussions involve participants from di-
verse backgrounds, and it is not rare that they derail
into toxic exchanges. Anti-social behaviors (ASBs)
online, such as hate speech (ElSherief et al., 2021;
Ocampo et al., 2023), trolling (Lee et al., 2022)
and more generally, toxicity (Pavlopoulos et al.,
2020), pose a threat to maintaining inclusive and
efficient online discussion platforms. The dominant
approach to combating ASBs is reactive modera-
tion, in which volunteers from within the commu-
nity or professional moderators employed by plat-
form operators monitor online discussions and ban
some participants or remove comments that violate
community policies (Chang et al., 2022). Owing
to the large data volume, automatic systems can be

helpful to alleviate moderators’ burdens. Substan-
tial research efforts have been devoted to develop-
ing NLP systems for this purpose (Davidson et al.,
2017; Waseem et al., 2017; Wulczyn et al., 2017;
Pavlopoulos et al., 2017; Gao and Huang, 2017;
Zampieri et al., 2019; Chakravarthi et al., 2024; Jin
et al., 2025).

However, such an endeavor has been shown to
be both technically and ethically challenging (Jur-
gens et al., 2019; Waseem and Hovy, 2016; Fortuna
etal., 2020), with a growing number of benchmarks
and datasets created to merely capture the linguistic
and social nuances of ASBs (ElSherief et al., 2021;
Sap et al., 2020; Poletto et al., 2021). As platforms
struggle to scale moderation and accountability,
there is a growing need for predictive systems that
can forecast harmful interactions before they hap-
pen (Ollagnier, 2026; Zhang et al., 2018; Chang
and Danescu-Niculescu-Mizil, 2019; Kementched-
jhieva and Sg¢gaard, 2021; Altarawneh et al., 2023;
Zhang et al., 2025). Such systems enable more
effective interventions before toxicity spreads or
escalates, thus mitigating potentially severe conse-
quences for individuals and communities. More-
over, the post-hoc reactive paradigm ignores the
fact that uncivil behavior in discussion platforms
is not solely the product of “bad actors” but can of-
ten emerge from ordinary users when they happen
to be involved in heated discussions (Chang et al.,
2022). Predictive systems can be used to inform
conversation participants of the risks of conversa-
tion derailment so that they can avoid escalating
tense discussions proactively.

Consider the example in Table 1. A reactive sys-
tem will classify whether a message is toxic after it
appears. In the example, it is likely that messages
(1)-(6) are labeled as non-toxic and message (7) is
flagged as toxic. In contrast, a predictive system an-
ticipates whether the conversation will eventually
become toxic as the conversation develops. There-
fore, it might forecast a risk that the conversation
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(1) A. I was on break for 5 months and also out of Germany.
The Tk is demanding me money for whole 5 months. As
my financial condition is not so good being student, can Tk
refund me the money or can I get a tax return?

(2) B. Were you a registered student at the time?

(3) A. Yeah.

(4) B. Then you were obliged to have insurance.

If you do not do this, customs will sooner or later collect
the money by means of seizure.

(5) A. How would they take money by seizure when I am
broke? Or do I have to sell my body parts to pay them?
(6) B. They will block your bank account.

(7) A. They didn’t blocked my bank account, the only thing
they did is block my enrollment letter.

You don’t know jackshit about German administration and
bureaucracy. Stop commenting half ass confirmed informa-
tion out here.

Table 1: A conversation taken directly from the subred-
dit AskGermany, originally extracted from the Pushshift
repository (Baumgartner et al., 2020), hence containing
grammatical errors. It eventually derails into a personal
attack. Some comments are omitted here, without af-
fecting the overall tone.

will turn toxic at message (5) or even earlier. Mod-
erators can intervene at that point, or alternatively,
a system can prompt Participant A to rephrase the
message. As is clear, an important difference be-
tween the two approaches is that in the predictive
paradigm, all the messages of a conversation have
the same label, i.e., whether the conversation finally
goes toxic or not, while in the reactive paradigm,
each message has its own label of toxicity.

A predictive system needs to capture not only
the content of a message, but also the conversa-
tion dynamics or trajectory in order to anticipate
the future development of the conversation. Pre-
vious studies (Zhang et al., 2018) employ polite-
ness strategies, signaled by lexical markers, such as
please, and rhetorical roles of comments, such as
factual check or expressing an opinion, to capture
pragmatic devices in exchanges. Social orientation
labels are used in the study by Zhang et al. (2025)
to model conversation dynamics, which character-
ize interpersonal interactions through a set of core
dimensions, such as power, benevolence (warmth
and positivity of the interaction), arousal (the level
of energy or excitement expressed), and political
inclination. Hua et al. (2024) propose a summariza-
tion method for capturing conversation dynamics.
An effective summarization system must select the
most relevant information while keeping the sum-
mary concise. While these social and linguistic
cues provide useful insights for forecasting toxicity
of conversations, there lacks a systematic approach

to capturing conversation dynamics. This is one
of the reasons why Hua et al. (2024) introduce
a multi-step procedure for human annotators and
draw inspiration from the process of human anno-
tation to design prompt templates for use on large
language models (LLMs).

In this study, we build on the work by Hua et al.
(2024) and adopt a theoretically grounded frame-
work for systematically capturing pragmatics of
online exchanges and summarizing conversation
trajectories. We adopt the framework of annotat-
ing pragmatic information developed by Fu and
Ollagnier (2025) and configure a summarization
generation module to capture conversation dynam-
ics.

Our contributions include: 1) We propose a new
method for capturing conversation dynamics. Ex-
perimental results show that automatic annotation
of pragmatic information is sufficient to achieve
high performance, without the need for manual an-
notation. 2) Our experimental results show that our
approach achieves about a 10% increase in con-
versation derailment prediction over the baseline
where the original conversation messages are used
for summarizing conversation dynamics. In addi-
tion, we compare our method with that proposed
by Hua et al. (2024), and our approach achieves a
6.74% increase on a dataset and slightly higher per-
formance on predicting conversation derailment dy-
namically on the benchmark dataset created by Hua
et al. (2024). 3) We perform ablation studies and
show insights into how the proposed ways of sum-
marizing conversation dynamics differ from each
other.

2 Related Work

Toxicity is defined as “a rude, disrespectful, or
unreasonable comment that is likely to make you
leave a discussion” (Wulczyn et al., 2017). It
is understood as a general term covering a spec-
trum of antisocial behaviors online, such as cy-
berbullying (Ollagnier et al., 2022; Verma et al.,
2022; Menini et al., 2019; Sprugnoli et al., 2018),
trolling (Mojica de la Vega and Ng, 2018; Lee et al.,
2022, 2024; Miao et al., 2020), profanity (Nozza
and Hovy, 2023), hate speech (Schmidt and Wie-
gand, 2017; Yang et al., 2023; Yoder et al., 2022),
offensive language (Waseem et al., 2017; Deng
et al., 2022) and so on. Dominant NLP research on
this topic adopts a post-hoc reactive approach (Gao
and Huang, 2017; Qian et al., 2019). However, a
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new predictive paradigm attracts increasing atten-
tion, which was introduced by Zhang et al. (2018).
With this approach, systems predict from the very
start of a conversation whether the interaction be-
tween participants will become toxic/aggressive,
thus allowing moderators to intervene preemptively
before toxic exchanges appear.

Capturing the pragmatic devices of a conversa-
tion is essential for this task (Zhang et al., 2018,
2025; Chen and Wang, 2025). Linguistic mark-
ers for politeness strategies and types of rhetorical
prompts used to initiate different types of conver-
sations are shown to be indicative of future con-
versation derailment (Zhang et al., 2018). Social
orientation labels, measured by a set of dimensions
such as power, emotional intensity/positivity, and
political inclination, are employed in the research
by Zhang et al. (2025). User information and public
perception of a comment, measured by subtracting
its up-votes by down-votes, are used in the experi-
ment by Altarawneh et al. (2023). These features
are extracted using rule-based methods (politeness
strategies), unsupervised clustering (types of rhetor-
ical prompts), annotation with an LLM (social ori-
entation labels) and metadata from the corpus (user
information and public perception).

Another approach relies on conversation model-
ing to capture conversation dynamics (Kementched-
jhieva and Sggaard, 2021; Chang and Danescu-
Niculescu-Mizil, 2019; Altarawneh et al., 2023;
Yuan and Singh, 2023). In this case, implicit knowl-
edge about conversation turns and their relations
is represented in the generated conversation flow.
A separate module is generally trained with super-
vised learning to make use of such knowledge for
forecasting conversation derailment.

Two ways for model training can be identi-
fied (Kementchedjhieva and Sggaard, 2021): static
training and dynamic training. Static training fea-
tures feeding the N-1 turns before the last turn N to
the model and predicting whether the message at
turn N is toxic or not (a conversation is generally
truncated until the last turn where toxicity occurs).
During inference time, the model is tested dynami-
cally, where prediction is made at each turn about
whether the conversation will become aggressive
in the end. The predicted label is obtained by tak-
ing the one with the highest probability from the
predictions for all the turns before the last turn
of a conversation in the test set. This paradigm
is adopted by Altarawneh et al. (2023), Yuan and
Singh (2023) and Hua et al. (2024).

In contrast, dynamic training closes the gap be-
tween training and inference time. During training,
a conversation is unfolded into multiple samples,
each representing a different stage of the conversa-
tion, with all the samples having the same label as
the last turn. This is the approach employed by Ke-
mentchedjhieva and S¢gaard (2021) and Chang
and Danescu-Niculescu-Mizil (2019). Kementched-
jhieva and S¢gaard (2021) propose to unroll only
the last K turns as they believe that the first K-1
turns do not provide strong signals.

Most of the existing studies focus on the Con-
versations Gone Awry (CGA) dataset (Zhang et al.,
2018), which is built on Wikipedia’s talk page dis-
cussions from the WikiConv dataset (Hua et al.,
2018) and annotated manually, and Reddit Change-
MyView (CMYV) dataset (Chang and Danescu-
Niculescu-Mizil, 2019), which is labeled based on
clues from moderators’ delete operations, forming
a potentially noisy dataset.

Despite existing efforts to tackle the challenging
task, the linguistic features rooted in linguistic and
social theories are exploratory in nature and pos-
sibly, they belong to only a fraction of pragmatic
devices. Hua et al. (2024) experiment with sum-
marization to address the problem. Similar to the
conversation modeling approach, knowledge about
conversation dynamics is implicit, and we still lack
a systematic approach to unveiling the pragmat-
ics of conversations to better capture conversation
dynamics.

3 Proposed Method

Similar to Hua et al. (2024), we use summariza-
tion as an intermediate step to capture conversa-
tion dynamics, exploiting the impressive power of
LLMs on various NLP tasks (Achiam et al., 2023;
OpenAl, 2025). However, we focus on predicting
conversation derailment dynamically, in line with
the paradigm studied by Kementchedjhieva and S¢-
gaard (2021) and Chang and Danescu-Niculescu-
Mizil (2019).

3.1 Framework for Capturing Pragmatic
Information

We adopt the framework proposed by Fu and Ol-
lagnier (2025) for systematically capturing prag-
matic information of conversations. This frame-
work is not specific to any dataset and has high
portability.

The annotation scheme is shown in Table 2.
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Tag Explanation Categories
. content of prag- | free-text
inferences g
matic inferences
illocutionary act | representatives,
types expressives,
directives,
commissives,
declarations
most salient in- | the most salient | free text
ference inference
as intended whether the | yes/no
reply message
agrees with the
most salient
inference of the
parent message
PRE/IMP whether the | presupposition
most salient | (PRE), implica-
pragmatic infer- | ture (IMP)
ence  belongs
to  presupposi-
tions/implicatures
aggressive toxicity of the | yes/no
message

Table 2: The annotation scheme introduced by Fu and
Ollagnier (2025).

It is grounded in Speech Act Theory developed
by Austin (1962) and Searle (1975). Based on
this theory, people use language to perform some
acts, called speech acts. A speech act can be an-
alyzed through three dimensions: the locutionary
act, which means producing an utterance accord-
ing to linguistic conventions; the illocutionary act,
referring to performing an action in saying some-
thing, such as making a request, issuing a warning,
or expressing a doubt; and the perlocutionary act,
focusing on the effect the utterance has on the lis-
tener’s thoughts, feelings, or actions. For example,
in Could you close the window ?, the locutionary act
is producing a grammatical English sentence, the
illocutionary act is making a request, and the per-
locutionary act is the listener responding by closing
the window—or choosing not to (Fu and Ollagnier,
2025).

Each pragmatic inference can be categorized into
one of five illocutionary act types following the tax-
onomy proposed by Searle (1975): representatives,
which focus on the truth of a proposition; expres-
sives, which convey psychological or emotional
states; directives, which aim to prompt the hearer
to act; commissives, which bind the speaker to a
future action; and declarations, which bring about
a new state of affairs through the act of making an
utterance. These five types form an exclusive and
exhaustive classification (Birner, 2025).

Among the potentially multiple pragmatic infer-
ences, one may be more relevant to conversation
participants. This phenomenon has been studied un-
der Relevance Theory (Wilson and Sperber, 2004).
In a conversation, the following message tends to
focus on the most salient pragmatic inference, re-
plying in agreement or disagreement, and the most
salient message is not necessarily the same for
the speaker and the respondent. The analysis of a
speech act through the dimension of perlocutionary
act is captured in the tag “most salient inference”
and “as intended”.

The  distinction  between  presupposi-
tions/implicatures has been studied by Srikanth
et al. (2024), who investigate the influence of
these two types of pragmatic inferences on the
development of healthcare dialogue systems.
Implicatures refer to non-literal meaning of
utterances (Grice, 1975) and presuppositions
denote implicit assumptions that must hold for an
utterance to be true. Srikanth et al. (2024) show
that presuppositions require interlocutors to have
the same assumptions, forming a stronger commit-
ment to the implicit knowledge/beliefs underlying
an utterance. In contrast, implicatures represent a
softer way to express one’s assumptions.

With the annotation scheme, pragmatic infer-
ences for each message are annotated first, among
which the most salient inference is identified. Then,
it is determined whether the most salient inference
is shared by the interlocutors. As the final task is
to predict toxicity of a conversation, disagreement
between interlocutors might trigger tense discus-
sions, possibly leading to toxic exchanges. The
following step is to determine whether the most
salient inference belongs to a presupposition (PRE)
or an implicature (IMP).

3.2 Summary Generation

After pragmatic information is annotated, extracted
and integrated with conversation messages, it is fed
to a summarization module, which is configured
to capture conversation dynamics. Inspired by the
insights presented by Hua et al. (2024), we propose
two approaches to generating summaries:

1. select and synthesize (select+synthesize): sim-
ply focusing on selecting and synthesizing
the most relevant information for understand-
ing the trajectory of the conversation.

2. incorporate conversation dynamics (CD):
in addition to the instructions in se-
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lect+synthesize, we ask the model to focus
on tones in messages, such as ‘polite’, ‘rude’,
‘aggressive’, fonal changes, such as ‘tension
maintained’, ‘escalated’, patterns of interac-
tion that are indicative of future trajectories,
such as ‘had a brief exchange’, conversation
strategies, such as posing a question, and so
on.

4 Implementation

We follow a two-step procedure: annotating prag-
matic information and generating summaries for
conversation derailment prediction. This setup al-
lows us to better control the results of intermediate
steps, and we leave exploration of end-to-end sys-
tems to future work.

For the sake of illustrating the setup, we high-
light that the model makes predictions at each turn
about whether the conversation will eventually go
toxic using only information available up to that
point. Crucially, when predicting at turn ¢ (n turns
in total for a conversation), the model may have
access to:

* All messages at turns 1...¢

* Pragmatic inferences for messages at turns
1...t

e Summaries derived only from messages at
turns 1...¢

No information from messages at turns 7+1...n
is accessible.

4.1 Annotation of Pragmatic Information

Given a dataset, we first annotate pragmatic infer-
ences for each message in a conversation, follow-
ing the framework by Fu and Ollagnier (2025). We
specify that pragmatic inferences can be about sen-
timents, such as emotional state or stance towards
some issues, and hidden knowledge from the mes-
sage, including stereotypes and social constructs,
pre-assumptions held by the author of the mes-
sage, and implications derivable from the message.
We stress that the model should avoid generating
trivial inferences. For example, given a sentence
What kind of music should I play to my baby in the
womb ?, inferences like the following are preferred
over the ones shown with hash signs (Srikanth et al.,
2024):
1. Babies can differentiate different sounds.

2. Certain kinds of music are more beneficial to
babies in the womb than the others.

#Different kinds of music are available.

#Music is something that can be played.

As can be perceived, pragmatic information is
annotated at the message level. However, for
most_salient_inference and as_intended, knowl-
edge about the immediately following message is
required. Since LLMs can be used to perform the
annotation task, when the annotator LLM is an
auto-regressive model, it cannot foresee the incom-
ing message, and the values for the two categories
are likely to be low or determined based on surface
heuristics. As these automatically generated anno-
tations are provided as intermediate information to
a summarization module, annotations of the two
categories are kept in our experiments.

We use OpenAl GPT-4 (Achiam et al., 2023) for
this step, making API calls to gpt-4.1-2025-04-14,
which is the latest version of GPT-4 when we start
our experiments. As shown by Fu and Ollagnier
(2025), the annotations by GPT-4 are closer to man-
ual annotations of pragmatic information in style'.
The maximum completion token is set to 4096, and
the temperature is set to 0 for deterministic genera-
tion. The prompt template is shown in Appendix A.
An annotated example is shown in Appendix B.

4.2 Extraction of Pragmatic Information

After the annotation step, messages and their cor-
responding annotated pragmatic information are
extracted cumulatively, which means that for a con-
versation C consisting of n messages, predictions
are made for (my), (my, m2)...(mq, ...., my,) one
by one, where m denotes a message. Pragmatic
information can be integrated with message infor-
mation using predefined templates (Appendix C).
Turn IDs and message authors, if given, are also ex-
tracted as a part of message information, but author
IDs are to be anonymized with general references,
such as “Speaker 1”.

To investigate the influence of different types
of pragmatic information, we experiment with
seven templates: 1) no pragmatic information is
extracted, and summaries will be generated based
on messages only (msg_only) (Appendix C.1);
2) only pragmatic information is used for sum-
mary generation, ignoring the original messages

'Preliminary experiments suggest that the performance of
Qwen, i.e., Qwen2.5-1.5B-Instruct (Qwen et al., 2025), is not
acceptable for this task. One of the reasons is that it constantly
skips messages.
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(prag_only) (Appendix C.2); 3) all the anno-
tated pragmatic information will be extracted, in-
tegrated with messages and used for summary
generation (msg_prag_full) (Appendix C.3); 4)
only the most salient pragmatic inference is
used for summary generation, ignoring the orig-
inal messages and other pragmatic inferences
(most_salient_only) (Appendix C.4); 5) the origi-
nal messages, pragmatic inferences and the most
salient pragmatic inference are used for summary
generation, omitting PRE/IMP and as_intended in-
formation (msg_prag_salient) (Appendix C.5); 6)
the messages and the most salient inference are
used for summary generation (msg_salient) (Ap-
pendix C.6); and 7) messages and pragmatic in-
ferences are used for summary generation, omit-
ting the most salient inference (msg_prag) (Ap-
pendix C.7).

4.3 Summary Generation

The second step is to generate summaries on the
messages and extracted pragmatic inferences. The
prompt templates for the two types of summaries
discussed in section 3.2 are shown in Appendix D
and Appendix E, respectively. Another LLM is
used for this task. In our experiments, we prompt
Qwen to generate summaries of conversation trajec-
tories for each turn dynamically. Qwen represents
an open-source LLM. We set do_sample to False
and maximum number of tokens to 10,000, con-
sidering that conversations could be long in some
cases.

We compare our method of summary genera-
tion with the three approaches studied by Hua
et al. (2024): 1) procedural prompt, which is
their best performing method, achieved with a
prompt template designed based on human an-
notators’ summarization procedure; 2) zero-shot
prompt, which explicitly mentions generating sum-
maries of conversation dynamics; and 3) traditional
prompt, which simply focuses on the summariza-
tion task. The prompt templates used are shown
in Appendix F, which are designed based on their
released prompts?. In this set of experiments, we
only extract messages without using any pragmatic
information, namely, the setting of msg_only dis-
cussed in section 4.2.

Zhttps://github.com/CornellNLP/scd/blob/main/
src/summary_generation_derailment_prediction/
summ_gen. py

4.4 Datasets

The dataset released by Fu and Ollagnier (2025)
is built on full reddit conversations. It contains
annotations of pragmatic information by a human
annotator and by GPT-4 and GPT-5 on the test
set (31 conversations), and annotations by GPT-4
and GPT-5 on the training set (93 conversations).
With manual annotations, we can study the influ-
ence of different types of pragmatic information
on the conversation derailment prediction task with
the seven templates discussed in section 4.2. As
full threads contain interleaved comment and reply
pairs, we first separate the threads into subthreads
based on comment-reply relations, which are avail-
able from the dataset. Following the preprocessing
step of the CGA dataset, the conversations formed
by subthreads are checked to ensure that the first
exchange is civil. As our task is conversation de-
railment prediction, conversations with fewer than
three messages are discarded. After these filter-
ing operations, 49 conversations are left in the test
set. If a conversation contains a message labeled
as toxic, the label for the whole conversation will
be foxic and the conversation is kept up to the first
occurrence of toxic messages. In evaluation, the
output for the last message is ignored, since the
task is forecasting the derailment of a conversation.

In addition, we perform experiments on the
dataset created by Hua et al. (2024) to compare
the performance of our methods for summary gen-
eration and their methods. The dataset is originally
from the CMV dataset and it is balanced, contain-
ing pairs of derailing and non-derailing conversa-
tions under the same topic. The dataset contains
100 conversations in the test set (50 pairs), 234 con-
versations in the training set, and 100 conversations
in the development set. Hua et al. (2024) work on
truncated conversations, and summaries are gen-
erated for the whole conversation, instead of gen-
erated dynamically as the conversation develops.
Four summaries are generated for each truncated
conversation, and the final results are computed by
averaging the classifiers’ performance on them. For
the task of capturing future trajectory, they remove
the last three utterances from every conversation.
As their interest is summarization, they only keep
pairs where both conversations contain more than
10 utterances. The dataset does not contain annota-
tions of pragmatic information. Therefore, we use
GPT-4 to perform this step first (same settings as
discussed in section 4.1).
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5 Experimental Results

The experimental results on conversation derail-
ment prediction with the proposed methods are
shown in section 5.1, the results on extracting dif-
ferent types of pragmatic information are presented
in section 5.2, and the results on the dataset by Hua
et al. (2024) are discussed in section 5.3. Precision
(P), recall (R) and F1 scores are shown in % and
macro-averaging is used.

5.1 Conversation Derailment Prediction with
Proposed Methods

Table 3 shows the results of conversation derail-
ment prediction with the two summary generation
methods (section 3.2). We prompt Qwen to gen-
erate summaries® and predict conversation derail-
ment on the dataset by Fu and Ollagnier (2025).
Since the test set contains both manual and auto-
matic annotations of pragmatic information, we
show results for both cases. However, manual an-
notations of toxicity are used as gold labels through-
out. Recall that in the case of msg_only, pragmatic
information is not used. The prompt templates have
been developed based on trials on the development
set.

As is clear from the table, when the annotated
pragmatic information is used, large improvements
(10.96 for CD and 10.02 for select+synthesize) can
be achieved over the baseline where only the con-
versation messages are used for generating sum-
maries dynamically for toxicity prediction. The
highest F1 scores (54.01 for CD and 51.91 for se-
lect+synthesize) are obtained when pragmatic in-
formation is annotated with GPT models, which
suggests that manual annotation of pragmatic in-
formation is not necessary and automatic annota-
tion is even preferred by the other LLM used for
summary generation and toxicity classification®.
When manual annotation of pragmatic information
is used, the two summary generation methods do

3Only one summary is generated for each turn, since we
focus on the dynamic paradigm of conversation derailment
prediction, which is more costly than the scenario studied
by Hua et al. (2024). Moreover, our experimental results on the
dataset by Hua et al. (2024) suggest that standard deviation is
small when multiple summaries are generated (section 5.3.2).

*We do not claim that automatically-generated annotations
are superior to human annotations in an absolute sense. Rather,
our claim concerns performance improvement: the gains we
observe when using automated annotations may stem from
greater consistency and scalability, or from the possibility that
the downstream summarization model is better at processing
automated annotations than the potentially noisier patterns of
human annotations.

Pragmatic In- | SumGen P R F1

formation Ex- | Method

traction

msg_only CDh 49.86 | 49.89 | 43.05

msg_only select+synthesize| 49.66 | 49.74 | 41.89

msg_prag_full | CD (manual an- | 54.32 | 54.32 | 50.81
notations)

msg_prag_full | select+synthesize| 54.95| 54.88 | 50.86
(manual annota-
tions)

msg_prag_full | CD (manualLa- | 56.66 | 56.77 | 53.50
belGPT4Prag)

msg_prag_full | CD (manualLa- | 59.02 | 58.66 | 54.01
belGPT5Prag)

msg_prag_full | select+synthesize| 61.84| 59.84 | 51.91
(manualLabel-
GPT4Prag)

msg_prag_full | select+synthesize| 54.54 | 54.51 | 49.71
(manualLabel-
GPT5Prag)

Table 3: Results for the proposed methods compared
with the baseline where messages are used directly for
summary generation. manualLabelGPT4Prag refers
to the setting that manual annotations of toxicity are
used as target labels and GPT4 annotations of pragmatic
information are used as features.

not differ much in performance, but when auto-
matically annotated pragmatic information is used,
higher performance is achieved with CD than se-
lect+synthesize (= 2% higher).

5.2 Results on Extracting Different Types of
Pragmatic Information

Table 4 shows the results under different ways
of extracting pragmatic information (section 4.2).
Manual annotations of pragmatic information are
used in this set of experiments and only a part of
pragmatic information is extracted to test the in-
fluence when some pragmatic features are omitted.
The baseline is using messages only for generating
summaries, and msg_prag_full represents the case
when all the annotated pragmatic features are ex-
tracted and integrated with messages for summary
generation.

It can be seen that with CD, the lowest perfor-
mance is achieved with prag_only. Recall that in
this case, the original messages and annotations
associated with the most salient inference are not
used in the step of summary generation. In compar-
ison, using messages together with the most salient
inference alone achieves an F1 score (50.20) that is
only slightly lower than using all the pragmatic fea-
tures (50.81). This observation indicates that CD
relies heavily on the most salient inference. With
select+synthesize, the lowest F1 score is achieved
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Pragmatic In- | SumGen P R F1 Summary Type P R F1
formation Ex- | Method procedural prompt 50.74 | 50.75 | 47.54
traction zero-shot prompt 48.61 | 49.84 | 29.39
prag_only CD 46.73 | 46.81 | 43.22 traditional prompt 59.85| 55.57 | 43.86
most_salient_ | CD 52.84 | 52.87| 49.72 CD (manualLabel- | 59.02 | 58.66 | 54.01
only GPT5Prag)
msg_salient CD 55.00] 54.77| 50.20 select+synthesize (manual- | 61.84 | 59.84 | 51.91
msg_prag CD 52.821 52.79 | 48.91 LabelGPT4Prag)
msg_prag_ CD 54.98 | 54.49 | 48.94 CD (msg_only) 49.86 | 49.89| 43.05
salient select+synthesize 49.66 | 49.74 | 41.89
msg_only CD 49.86 | 49.89 | 43.05 (msg_only)
msg_prag_full | CD 54.32 1 54.32 | 50.81
prag_only select+ synthe- | 59.55| 59.16 | 54.39 Table 5: Results for using the three approaches for
i size summary generation studied by Hua et al. (2024). The
most_salient_ | select+ synthe- | 54.08 | 53.35| 46.34 last f t th £ btained with
only size ast four rows present the performance obtained wi
msg_salient select+ synthe- | 59.54 | 58.21 | 51.01 our proposed methods in the case of msg_prag_full
size and in the case of msg_only, taken from Table 3 for
msg_prag select+ synthe- | 58.61 | 56.98 | 49.57 comparison.
size
msg_prag_ select+ synthe- | 58.17| 57.99 | 53.28
salient size
msg_only select+ synthe- | 49.66 | 49.74 | 41.89 5.3.1 Results on the Dataset by Fu and
size .
msg_prag_full | select+ synthe- | 54.95 | 54.88 | 50.86 Ollagnier (2025)
size We apply the three approaches of summary gen-

Table 4: Results for using different types of prag-
matic information for summary generation with the
two proposed methods. The results with msg_only and
msg_prag_full are taken from Table 3 for reference.

with most_salient_only, where the original mes-
sages and other pragmatic inferences are omitted.
This result may be related to the fact that the LLM
for summarization and toxicity determination does
not have sufficient information to select and synthe-
size the most relevant part to capture conversation
trajectory. The F1 score achieved with prag_only
is even higher than msg_prag_full, indicating the
importance of sufficient underlying messages for
this approach.

An example is shown in Appendix G to illustrate
qualitatively the effect of incorporating pragmatic
information in the task.

5.3 Comparison with Hua et al. (2024)

We distinguish between final results obtained by
averaging results over all the turns (referred to as
“all turns”), following previous work on the dy-
namic paradigm of conversation derailment predic-
tion (Kementchedjhieva and Sggaard, 2021; Chang
and Danescu-Niculescu-Mizil, 2019) and final re-
sults computed using only the prediction of the last
turn of the conversation (denoted as “last turn only”
for brevity), which is essentially the evaluation pro-
tocol by Hua et al. (2024).

eration studied by Hua et al. (2024), namely, pro-
cedural prompt, zero-shot prompt, and traditional
prompt discussed in section 4.3 to the dataset by Fu
and Ollagnier (2025). The original prompt tem-
plates are kept. While Hua et al. (2024) mention
that they used examples from outside the test split
to develop few-shot classifiers for each summary
type, the examples are not given in the published
prompt templates, and as these examples are spe-
cific to their dataset, we do not consider adding
examples. Similar to the settings of our method
for summary generation, we prompt Qwen to gen-
erate summaries and obtain the final results with
“all turns”. The results are shown in Table 5. It is
clear that their best performing method, procedural
prompt, achieves the highest performance among
the three. In comparison, with our proposed meth-
ods, in the case of msg_prag_full, the performance
with CD is 6.47% higher and the performance with
select+synthesize is 4.37% higher in F1 score than
their best performing method. From the table, it can
be seen that with our proposed methods for sum-
marization (the last two rows), the performance is
not high when summary generation is based on the
messages alone, and pragmatic information is vital
for our higher performance.

5.3.2 Results on the Dataset by Hua et al.
(2024)

Since Hua et al. (2024) focus on results at the
last turn only, we apply their best performing
method on their dataset to obtain results for the
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Summary Type p R F1
last turn | 63.57 62.00 | 60.86
procedural prompt| 1 " 09y [ (1.15) | (1.36)
all turns | 58.85 58.77 | 58.53
(0.52) (0.52) | (0.53)
D last turn | 68.02 62.75 | 59.84
only (3.40) 2.22) | (2.54)
all turns | 60.59 60.46 | 60.43
(0.96) (0.95) | (0.96)

Table 6: Results on the dataset by Hua et al. (2024).
Standard deviations across the four summaries are pre-
sented in parentheses.

dynamic paradigm of conversation derailment pre-
diction. Moreover, we evaluate our methods on
their dataset®. Based on Table 3, we choose our
CD method for this set of experiments. Similar
to Hua et al. (2024), GPT-3 (gpt-3.5-turbo) is used
for summary generation. Four summaries are gen-
erated for each turn dynamically and the classifier’s
performance is averaged over the four summaries.
The results are shown in Table 6. The metric used
by Hua et al. (2024) is accuracy, which is 67.3
(£2.63). We failed to reproduce the results and
obtained an accuracy score of 62.00 (£1.15) with
their procedural prompt method. It is worth not-
ing that we did not incorporate examples into the
prompt template.

As is clear from the table, results obtained with
“all turns” are generally lower than with “last turn
only”, which can be explained by the fact that the
first few exchanges provide weaker signals than
later messages for conversation derailment predic-
tion (Kementchedjhieva and Sggaard, 2021). With
our method, the standard deviation is higher in the
case of “last turn only”, which might be related to
additional use of pragmatic information. Moreover,
the results obtained with our method are slightly
lower in terms of “last turn only” metric (but show-
ing large standard deviation), and the results are
higher (= 2% higher) in case of “all turns” than the
best performing method by Hua et al. (2024).

6 Conclusions and Future Work

We propose a systematic approach to capturing
conversation dynamics for the task of conversation
derailment prediction, built on the framework of
annotating pragmatic information of conversations
proposed by Fu and Ollagnier (2025), which is

SThe annotations of pragmatic information gen-
erated automatically at intermediate steps are
available at: https://github.com/yingxueF/
SummConvDynamicsForecastingConvDerailment

grounded in linguistic theories. Experimental re-
sults demonstrate the effectiveness of our approach.

In future work, a question of practical and theo-
retical significance is how to identify strategies to
react proactively in face of prompts of conversation
derailment risks.

Limitations

With our method, it is necessary to perform an-
notation of pragmatic information first, which is
prone to errors with automatic means. The prompt
templates could be lengthy and API calls are costly
if a conversation is long. It might be useful to
configure a buffer to save conversation trajectory
incrementally. However, given the dynamic na-
ture of conversations, the interpretation of previous
messages may shift as new messages arrive, so the
conversation history cannot be stored statically.

Moreover, the ChangeMyView corpus, while
valuable for its protocol and established baselines,
represents a particular genre of online discourse.
Future work should try to incorporate varied styles
of conversations and test proposed approach on di-
verse platforms and conversation types, such as X
(formerly Twitter) threads, Facebook comments,
and Discord conversations. We hypothesize that
pragmatic signals may manifest differently across
contexts, for example, the role of politeness strate-
gies may vary between formal debates and casual
chats.

Additionally, relying on proprietary models for
pragmatic annotation raises concerns about an-
notation bias, reproducibility, and model depen-
dence. As noted in footnote 1, we initially ex-
perimented with Qwen2.5-1.5B-Instruct (the latest
release at the time) for pragmatic annotation, but
found its performance unacceptable for this task:
the model consistently omitted messages when pro-
cessing multi-turn conversations, likely due to lim-
itations in long-context handling. This motivated
our choice of using GPT-4 for the more demanding
pragmatic annotation task while employing Qwen
for summary generation. To improve transparency,
the intermediate annotations of pragmatic informa-
tion have been released.

Furthermore, the paper can be enhanced by
showing the performance of an end-to-end system.
However, we separate the step of annotating prag-
matic information from summary generation and
conversation derailment prediction to better control
the intermediate results.
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Ethical Considerations

Privacy and data ethics are critical in deployment
of systems for conversation derailment prediction
and ASB detection systems in general. Even with
anonymization, re-identification risks remain, par-
ticularly for marginalized or vulnerable groups.
Risks include user profiling, where models infer
the likelihood of individuals engaging in or be-
coming targets of ASBs based on prior behavior,
linguistic cues, and engagement patterns. While
such approaches may support early intervention
or moderation, they also introduce significant ethi-
cal risks. To mitigate these risks, ASB prediction
systems must adhere to core principles of fairness,
transparency, and accountability, as emphasized in
regulatory frameworks such as the GDPR (Coun-
cil, 2016), and should align with ongoing efforts
in explainable Al (Parasar et al., 2024) to ensure
that model decisions are interpretable and con-
testable (Ollagnier, 2026).
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A Appendix: Prompt Template for
Annotating Pragmatic Information

You are a language expert.

a) Given a thread of messages from an online
forum, generate 2-3 or more, if possible, most
important pragmatic inferences for EACH mes-
sage.

The inferences can be sentiments, such as emo-
tional state or stance towards some issues, and
hidden knowledge from the message, including
stereotypes and social constructs, pre-assumptions
held by the author of the message, and implications
derivable from the message. Try to avoid trivial
inferences.

Be CONCISE. For example, given a sentence
“What kind of music should I play to my baby in
the womb?”, you need to generate inferences like
the following:

1. Babies can hear sound in the womb.

2. Babies can differentiate different sounds.

3. Hearing music positively influences fetal de-
velopment.

4. Certain kinds of music are more beneficial to
babies in the womb than the others.

The following inferences are also possible. How-
ever, these are trivial inferences that do not con-
tribute to conveying the main point.

There is a baby in the interlocutor’s womb.

Different kinds of music are available.

Music is something that can be played.

b) When giving an inference, you need to de-
termine the “type” of the inference from one of
the following:

1. representatives: statements that tell how
things are, focusing on the truth of a proposition.

2. directives: statements attempting to persuade
the hearer to do something, such as ordering, advis-
ing, and warning the hearer.

3. commissives: statements that commit the
speaker to a course of action, such as actions of
vowing, promising, offering to do something, or
negatively, refusing or preventing someone from
doing something by threatening.

4. expressives: statements expressing a psycho-
logical state, such as apologizing, congratulating,
condoling.

5. declarations: statements effecting an immedi-
ate change in the institutional state of affairs (firing
from employment, christening). e.g.“I declare you
husband and wife”, and “You are fired”!

¢) If no pragmatic inferences are considered
important for the conversation but only literal
interpretation of the messages is used by the con-
versation participants, simply output ‘literal”
and ‘“none” in “type”.

d) Determine the most salient inference for a
message BASED ON its following message, and
copy its type to an entry “inference_type”.

e) Determine whether the most salient infer-
ence is agreed in the reply message. Put “yes” or

“no” or “uncertain” (when no following messages)

in an entry “as_intended”.
f) Determine whether the most salient infer-
ence belongs to a “presupposition” (PRE, some-
thing taken to be true by the speaker, without
proving) or “implicature” (IMP, something the
speaker tries to convey with the message).
Your output should be in a valid json format:
{"turn_id_1": "Pragmatic_Inferences": {}},
{"turn_id_2": {...}}, specifically:
{"turn_id_1": {"Pragmatic_Inferences":

(1

Contentn " " utypen H“.H }’
II2N { "COntent" " n ”type" " n }’
ll3|l {"COl’ltel’lt" " " ntypell " ll} }’

"as_intended": "yes ,

"aggressive": "CAG",

"most_salient_inference": "1",

"inference_type": "...",

"PRE/IMP": "IMP"},

"turn_id_2": { "Pragmatic_Inferences":
"content": "...", "type": "..." },

l12|l { lvcontentu " " lltypen " " } }’

(1
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"as_intended": "yes",

"aggressive": "CAG",
"most_salient_inference": "1",
"inference_type": "...",

"PRE/IMP": "IMP" } } }

Here is a thread of messages from an online

forum:

B Appendix: An Example of Annotations
of Pragmatic Information

(A) "post_title": Why are German state officials
tend to behave friendly to uneducated/unlawful im-
migrants while being hostile against people who
visit the country for business purposes?. ..

"post_content": I am not saying that they should
behave hostile against “the immigrants” but I won-
der why they are so hostile against the second
group?

Annotated pragmatic inferences:

"1": "content": "The author perceives a systemic
bias among German state officials favoring uned-
ucated or unlawful immigrants over business visi-
tors.", "type": "representatives",

"2": "content": "The author assumes that busi-
ness visitors should be treated at least as well as,
if not better than, uneducated or unlawful immi-
grants.", "type": "representatives”,

"3": "content": "The author is dissatisfied or
feels unfairly treated by German state officials dur-
ing their visit.", "type": "expressives"

most_salient_inference: 1

inference_type: representatives

as_intended: no

PRE/IMP: IMP

toxicity: no

(B) Who are they?

How often did it happen?

How many people where involved?

Are you sure this wasn’t a singular incident?

Did you ask yourself if you might have done
something wrong?

There are a fuck ton of reasons for this.

Racism is probably the last one...

Annotated pragmatic inferences:

"1": "content": "The responder doubts the gener-
alization made by the original poster and questions
the validity and frequency of the described behav-
ior.", "type": "representatives",

"2": "content": "The responder suggests that
the original poster may be misattributing the cause

of the incident, downplaying racism as a likely
explanation.", "type": "representatives",

"3": "content": "The responder implies that the
original poster may have contributed to the negative
experience.", "type": "representatives"

most_salient_inference: 1

inference_type: representatives

as_intended: yes

PRE/IMP: IMP

toxicity: yes

C Appendix: Template for Integrating
Pragmatic Information with Messages

When extracting pragmatic information from anno-
tations, we focus on the content of the inference
({pragmatic_inf_content_txt}) and its illocutionary
act type ({ pragmatic_inf_typ}).

When no pragmatic inferences are generated,
and a label “literal” is given, the extracted prag-
matic information is: f"The comment does not con-
tain any pragmatic inferences; it is literal." f"The
speaker said: {content} "

When only one pragmatic inference is gen-
erated, the pragmatic inference content ({prag-
matic_inf_content_txt} is: “f"A pragmatic infer-
ence can be made. It is of {pragmatic_inf_typ}
speech act type." {"The inferred meaning is: {prag-
matic_inf_content} "

When more than one pragmatic inference is an-
notated, the pragmatic inference content for the
message is: (f"A pragmatic inference can be made.
Itis of {pragmatic_inf_typ} speech act type." {"The
inferred meaning is: {pragmatic_inf_content} ")

f" Another pragmatic inference can be made. It
is of {pragmatic_inf_typ} speech act type. " f"The
inferred meaning is: {pragmatic_inf_content} ")

f"{pragmatic_inf_content_txt} ": set in the
above manner

f"{most_salient_inf txt} ": (f"For the conversa-
tion flow, the most salient pragmatic inference is
{most_salient_inference_text} " f"The predominent
inference type is {inf_typ} speech act type.")

f"{as_intended_inf_txt} ": "The speaker’s most
salient message is (not) agreed by the listener."/
"It is uncertain whether the speaker’s most salient
message is agreed by the listener."

f"{PRE_IMP_txt} ": "The most salient inference
is an implicature/a presupposition. "

C.1 Extracting Messages Only (msg_only)

f"This is message {idx}. "
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f"The message is authored by {author}. "
f"The content of the message is: {content} "

C.2 Extracting Full Pragmatic Information
without Using Messages (prag_only)

f"This is message {idx}. "
f"The message is authored by {author}. "
f"{pragmatic_inf_content_txt} "
f"{most_salient_inf_txt} "
f"{PRE_IMP_txt} "
f"{as_intended_inf_txt} "

C.3 Integrating Full Pragmatic Information
with Messages (msg_prag_full)

f"This is message {idx}. "
f"The message is authored by {author}. "
f"The content of the message is: {content} "
f"{pragmatic_inf_content_txt} "
f"{most_salient_inf_txt} "
f"{PRE_IMP_txt} "
f"{as_intended_inf_txt} "

C.4 Only Keeping Most Salient Pragmatic
Inference (most_salient_only)

f"This is message {idx}. "
f"The message is authored by {author}. "
f"{most_salient_inference_text} "
f"{PRE_IMP_txt} "
f"{as_intended_inf_txt} "

C.5 Onmitting PRE/IMP and as_intended
Annotations (msg_prag_salient)

f"This is message {idx}. "
f"The message is authored by {author}. "
f"The content of the message is: {content} "
f"{pragmatic_inf_content_txt} "
f"{most_salient_inf_txt} "

C.6 Integrating Most Salient Inference with
Messages (msg_salient)

f"This is message {idx}. "
f"The message is authored by {author}. "
f"The content of the message is: {content}"
f"{most_salient_inf_txt} "

C.7 Integrating Pragmatic Inferences with
Messages (msg_prag), Omitting Most
Salient Inference

f"This is message {idx}. "
f"The message is authored by {author}. "
f"The content of the message is: {content} "
f"{pragmatic_inf_content_txt} "

D Appendix: Prompt Template for
Generating Summaries with
Select+Synthesize

Task 1: Select messages that are most relevant for
understanding the trajectory of the conversation.
An informative summary must not simply identify
these aspects separately, but should also describe
how they evolve and interrelate throughout a con-
versation. You must SYNTHESIZE different as-
pects across utterances and participants. The final
purpose of the summary is to predict the possible
aggressiveness of the conversation flow.

Task 2: Based on the summary for the conver-
sation so far, determine if the following conversa-
tion will finally turn toxic (TRUE) or non-toxic
(FALSE) finally. You MUST output your answer
in the following exact format:

Summary: <summary text>

Answer: <TRUE or FALSE>

RULES:-The "Answer:" line MUST contain EX-
ACTLY either "TRUE" or "FALSE".

- Do NOT add quotes, explanations punctuation,
or any other text after TRUE or FALSE.

- Do NOT include any text outside the two re-
quired lines.

- If you are unsure, choose the best guess but
still output only TRUE or FALSE.

E Appendix: Prompt Template for
Generating Summaries with CD

Task 1: Select messages that are most relevant
for understanding the trajectory of the conversa-
tion. Focus on tones in messages, such as “polite”,
rude”, “aggressive”, “condescending”, or “sarcas-
tic”, tonal changes, such as “tension maintained”,
“escalated”, “remained argumentative”, patterns of
interaction that are indicative of future trajectories,
such as “had a brief exchange” or “entered into a
lengthy discussion”, conversation strategies, such
as posing a question, questioning the other’s logic,
or expressing uncertainty, and so on. An informa-
tive summary must not simply identify these as-
pects separately, but should also describe how they
evolve and interrelate throughout a conversation.
You must SYNTHESIZE different aspects across
utterances and participants. The final purpose of
the summary is to predict the possible aggressive-
ness of the conversation flow.
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F Appendix: Prompt Templates Used in
the Study by Hua et al. (2024)

Procedural prompt

Task 1: Write a short summary capturing the
trajectory of an online conversation.

Do not include specific topics, claims, or argu-
ments from the conversation. The style you should
avoid:

Example Sentence 1: “Speakerl, who is Asian,
defended Asians and pointed out that a study found
that whites, Hispanics, and blacks were accepted
into universities in that order, with Asians being
accepted the least. Speaker2 acknowledged that
Asians have high household income, but argued
that this could be a plausible explanation for the
study’s findings. Speakerl disagreed and stated
that the study did not take wealth into considera-
tion.” This style mentions specific claims and top-
ics, which are not needed.

Instead, do include indicators of sentiments
(e.g., sarcasm, passive-aggressive, polite, frustra-
tion, attack, blame), individual intentions (e.g.,
agreement, disagreement, persistent-agreement,
persistent-disagreement, rebuttal, defense, con-
cession, confusion, clarification, neutral, accusa-
tion) and conversational strategies (if any) such as
’rhetorical questions’, ’straw man fallacy’, ’identify
fallacies’, and ’appealing to emotions.” The fol-
lowing sentences demonstrate the style you should
follow:

Example Sentence 2: “Both speakers have dif-
fering opinions and appeared defensive. Speakerl
attacks Speaker2 by diminishing the importance of
his argument and Speaker2 blames Speakerl for
using profane words. Both speakers accuse each
other of being overly judgemental of their personal
qualities rather than arguments.”

Example Sentence 3: “The two speakers re-
futed each other with back and forth accusations.
Throughout the conversation, they kept harshly
fault-finding with overly critical viewpoints, creat-
ing an intense and inefficient discussion.”

Example Sentence 4: “Speakerl attacks
Speaker2 by questioning the relevance of his
premise and Speaker2 blames Speaker] for using
profane words. Both speakers accuse each other of
being overly judgemental of their personal qualities
rather than arguments.”

Overall, the trajectory summary should capture
the key moments where the tension of the conver-
sation notably changes. Here is an example of a

complete trajectory summary.

Trajectory Summary:

Multiple users discuss minimum wage. Four
speakers express their different points of view
subsequently, building off of each other’s argu-
ments. Speakerl disagrees with a specific point
from Speaker2’s argument, triggering Speaker2 to
contradict Speakerl in response. Then, Speaker3
jumps into the conversation to support Speaker1’s
argument, which leads Speaker2 to adamantly
defend their argument. Speaker2 then quotes a
deleted comment, giving an extensive counterargu-
ment. The overall tone remains civil.

Now, provide the trajectory summary for the
conversation.

Zero-shot prompt

Task 1: Now, summarize this conversation. Re-
member, do not include specific topics, claims, or
arguments from the conversation. Instead, try to
capture the speakers’ sentiments, intentions, and
conversational/persuasive strategies. Limit the tra-
jectory summary to 80 words.

Traditional prompt

Task 1: Summarize this transcript of online con-
versation in 80 words.

G Appendix: An Example Showing the
Effect of Incorporating Pragmatic
Information

We provide an example below to show qualitatively
the effect of incorporating pragmatic information
in the summary.

There are four messages in a conversation that
finally turns toxic. The model will make a pre-
diction about the risk of the whole conversation
going toxic. In this example, the model makes a
prediction when the second message appears.

For the setting msg_prag (using se-
lect+synthesize summarization method):

— Processing comment 2/4

[Previous message 1]

This is message 1. The message is authored
by speakerl. The content of the message is:
“post_title": I figured out what my feelings should
be about that guy who decided to go into my bed.

"post_content": The verdict is I don’t know. I
was unconscious the whole time so I can’t know. 1
can’t say that he did assault me and I can’t say he
didn’t assault me. I don’t have any real memories
from when I was unconscious. **It’s just an I don’t
know. **
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A pragmatic inference can be made. It is of ex-
pressives speech act type.The inferred meaning is:
The speaker is experiencing uncertainty and con-
fusion about how to feel regarding a potentially
traumatic event. Another pragmatic inference can
be made. It is of representatives speech act type.
The inferred meaning is: The speaker believes that
without memory or evidence, it is impossible to
make a definitive judgment about whether an as-
sault occurred. Another pragmatic inference can be
made. It is of representatives speech act type. The
inferred meaning is: The speaker implicitly rejects
external pressure to label the event as assault or not
assault without personal certainty.

[Current message]

This is message 2. The message is authored by
speaker2. The content of the message is: I know.
He’s a rapist. A pragmatic inference can be made.
It is of representatives speech act type.The inferred
meaning is: The speaker is making a strong moral
judgment, labeling the man as a rapist based on the
described situation. Another pragmatic inference
can be made. It is of representatives speech act type.
The inferred meaning is: The speaker assumes that
entering someone’s bed while they are unconscious
constitutes rape, regardless of memory or evidence.

Generated Summary: In this conversation, the
first participant expresses uncertainty and confu-
sion about a traumatic event involving a potential
sexual assault, using pragmatic inferences such as
expressing doubt and rejecting external judgments.
The second participant then makes a strongly nega-
tive moral judgment, assuming the event qualifies
as rape due to the circumstances described. This
shift towards a more aggressive stance suggests a
potential escalation in the conversation.

gold: toxic | predicted: toxic

Summary (without pragmatic information): In
this conversation, both parties are expressing strong
opinions about the same incident involving sexual
assault. The first participant expresses doubt and
uncertainty ("I don’t know"), while the second par-
ticipant makes a clear moral judgment ("He’s a
rapist"). There is no indication of escalating hos-
tility or aggression; instead, there seems to be a
back-and-forth exchange of views. Both speakers
seem equally committed to their positions.

gold: toxic | predicted: non-toxic
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