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Abstract
Conversation disentanglement is the process of segmenting a stream of messages or utterances into separate
conversations or “threads” that can be more easily understood and processed. We compare the performance of
GPT-4o and GPT-4o Mini with deep learning models built from scratch for this task. We show that, using the same
amount of training data, out-of-the-box GPT-4o performs poorly, and fine-tuning GPT-4o Mini results in performance
comparable to learning small-size models from scratch (based on standard hand-crafted features for this task), with
performance reaching 74.4% F1-score for prediction of links between messages and 45.3% F1-score for prediction
of perfectly matching conversations. However, the fine-tuned GPT-4o Mini model underperforms when compared
to models that utilize complex structural information. We also provide a new method for detailed analysis of the
successes and failures of our models, and a new visualization method.

Keywords: conversation disentanglement, multi-party dialogue, fine-tuned LLMs, small-size deep learning
models, comparison of LLMs and small-size models, evaluation, visualization

1. Introduction

Compared with single speaker/author discourse or
even dyadic conversation, multi-party chat can be
quite complex to analyze and understand. Issues
such as who is talking to whom and which parts
of context are referred to by responses and refer-
ring expressions must take into account interleaved
conversations, in which target and antecedent utter-
ances are sometimes separated by material from a
different conversation. Conversation disentangle-
ment (Elsner and Charniak, 2008) is the process
of segmenting a stream of messages or utterances
into separate conversations or “threads” that can
be more easily understood and processed.

A number of approaches to this problem have
been proposed (see section 2), and, as with many
NLP tasks, results often depend on the complexity
of the data and amount of related training data
available.

In this paper, we analyze several approaches
with different computational costs and data require-
ments. Specifically, we compare using an out-of-
the-box large language model (LLM) GPT-4o with
GPT-4o Mini (a scaled down version of GPT-4o)
fine-tuned using conversations from the Internet
Relay Chat (IRC) Disentanglement Corpus manu-
ally annotated with reply-to relations between mes-
sages (Kummerfeld et al., 2019). We also build
small-size deep learning models from scratch (us-
ing standard hand-crafted features for this task)
based on two methods: an attention-based neural
network and a feedforward neural network, both of
which use BERT embeddings.

We show that, using the same amount of train-

ing data, out-of-the-box GPT-4o performs poorly,
and fine-tuning GPT-4o Mini results in performance
comparable to learning small-size models from
scratch (based on standard hand-crafted features
for this task). We also provide a detailed analysis
of the successes and failures of our models.

The main contributions of our work are:
1. To our knowledge, this is the first experiment

in the literature comparing fine-tuned LLMs
(specifically GPT-4o Mini) with small-size mod-
els learned from scratch for conversation dis-
entanglement. Recently, Li et al. (2024) per-
formed preliminary experiments using GPT-
3.5-turbo-03-01 and GPT-4-0125-preview with-
out fine-tuning, both of which resulted in poor
performance.

2. We provide a new method for detailed analy-
sis and comparison of the fine-tuned GPT-4o
Mini model, the attention-based model, and
the feedforward model.

3. We describe a new method for visualizing the
outputs of all models with respect to the gold-
standard annotations.

The rest of the paper is structured as follows: In
section 2 we present related work on conversation
disentanglement. Section 3 presents the task and
the dataset that we use for our experiments. In
section 4 we describe our experiments and pro-
vide results. Section 5 provides a detailed analysis
of the outputs of our models and a visualization
method. Section 6 concludes and suggests direc-
tions for future work. Finally, in section 7 we discuss
limitations of our work.
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2. Related Work

Conversation disentanglement addresses the chal-
lenge of separating interwoven dialogue threads in
multi-party conversations. Early approaches pre-
dominantly relied on rule-based heuristics and clus-
tering algorithms, given the limited availability of
large annotated datasets. For instance, Elsner
and Charniak (2008) introduced one of the earli-
est annotated datasets derived from Internet Relay
Chat (IRC) and applied a graph-theoretic clustering
method using hand-crafted features such as tim-
ing, participant identification, and lexical patterns.
These initial techniques validated the feasibility of
automated disentanglement, although their perfor-
mance was inherently limited due to reliance on
simplistic features and assumptions.

Early machine learning solutions, such as those
described by Mehri and Carenini (2017), employed
traditional classifiers (e.g., random forests) to deter-
mine reply links, supplemented by neural sequence
models (recurrent neural networks) for thread for-
mation, thereby surpassing heuristic methods.

Significant progress followed the creation of
larger and more systematically annotated datasets.
Kummerfeld et al. (2019) developed the now pub-
licly available IRC Disentanglement Corpus, com-
prising 77,563 messages with explicitly annotated
reply-to relationships. This corpus, substantially
larger than previous datasets combined, solidified
the shift towards data-driven, supervised learning
methods. Their best model on various metrics (the
same metrics that we use for our experiments) was
based on combining GloVe embeddings with hand-
crafted features.

With the rise of transformer-based architectures,
pretrained language models, particularly BERT (De-
vlin et al., 2019), have substantially improved per-
formance on disentanglement tasks. Thus, Li et al.
(2021) proposed Dialogue BERT (DialBERT), a
model integrating local and global semantics. This
model was based on a combination of BERT (cap-
turing the matching information in each sentence
pair) and a bidirectional long short-term memory
(BiLSTM) network (incorporating context informa-
tion). It outperformed the models developed by
Kummerfeld et al. (2019) for certain metrics.

Jiang et al. (2018) were the first to use convo-
lutional neural networks (CNNs) for conversation
disentanglement on a dataset they created from
Reddit posts (see below), as well as on the dataset
used by Elsner and Charniak (2008). In partic-
ular, they used a Siamese hierarchical CNN to
capture both local and global semantics, and thus
estimate the conversation-level similarity between
closely posted messages. Tan et al. (2019) used
an utterance-level LSTM network on a modified ver-
sion of the Reddit dataset created by Jiang et al.

(2018). Zhu et al. (2020) proposed a masked hi-
erarchical transformer based on BERT but they
evaluated their model only on the development set
of the Ubuntu IRC corpus. Note that Ubuntu IRC
is a subset of the IRC Disentanglement Corpus
(Kummerfeld et al., 2019).

Yu and Joty (2020) developed a method based
on Pointer Networks that does not rely only on hand-
crafted features. Pointer Networks use additional
information such as the fact that a speaker could
mention another user’s name in a message, which
helps the model perform better. Again, using the
Ubuntu IRC corpus, Zhu et al. (2021) found that
a feedforward model with BERT embeddings and
hand-crafted features achieves high performance.
This model is very similar to one of the models that
we have developed for our experiments (with small
differences in implementation).

Ma et al. (2022) designed a model for conver-
sation disentanglement taking into account struc-
tural information. Specifically, they used BERT and
modelled two structural features, namely, speaker
property (i.e., user identities of messages), and ref-
erence dependency (i.e., mention of users in mes-
sages). The assumptions are that some speakers
may interact only with a limited number of other
speakers, and that mentioning a user’s name in a
message is useful information that can help with
disentanglement. Note that, as mentioned above,
Pointer Networks (Yu and Joty, 2020) also encode
mentions of user names in messages.

Lam and Yang (2025) investigated the effective-
ness of BERT, XLNet, ELECTRA, RoBERTa, De-
BERTa, and ModernBERT in conversation disen-
tanglement. Similarly to Zhu et al. (2021), they used
a feedforward neural network and hand-crafted fea-
tures. DeBERTa outperformed all other models.

All of the above approaches are designed to opti-
mize local decisions only (reply-to link predictions),
except for the models of Li et al. (2021) and Jiang
et al. (2018) which capture both local and global
semantics. Bhukar et al. (2023) employed Rein-
forcement Learning (RL) on top of the “Structural
BERT” approach mentioned above (Ma et al., 2022).
They used a thread-level reward function that di-
rectly optimizes global metrics (such as variation of
information and adjusted rank index) without ignor-
ing local decisions. Their model resulted in state
of the art performance on the Ubuntu IRC dataset.

Several researchers have created synthetic
datasets for testing disentanglement. These in-
clude Jiang et al. (2018) who created a dataset from
Reddit posts, and Liu et al. (2020) who created a
dataset by intermingling different “sessions” from
movie scripts. While these datasets cover different
topics and communication media than IRC, they
unfortunately do not really address the real disen-
tanglement problem. They both make assumptions
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that all utterances from one source (comments un-
der a Reddit post or a movie session) are part of
the same thread, while utterances from different
sources represent different threads. While this may
often be the case, there are many examples where
more than one thread (when viewed in terms of
topic, content, and relation to previous messages)
are present in a session or Reddit comments. More-
over, the utterances themselves are taken out of
their original context. The speakers/composers
may have phrased them differently if in a merged
context where it may be less clear which previous ut-
terance they are referring to. Likewise, addressees
and other participants may have tried to clarify if
they saw confusing messages in this content.

Below, we present other recent work related to
the task of conversation disentanglement. Kawano
et al. (2023) built a neural dialogue structure parser
with an attention mechanism and multi-task learn-
ing to automatically identify the dialogue structure
of multi-floor dialogues in a collaborative robot
navigation domain. Dialogue structure parsing in-
cluded predicting the correct antecedent of an ut-
terance as well as their relation type. Kawano et al.
(2023) used the publicly available SCOUT (Situated
Corpus Of Understanding Transactions) corpus of
human-robot dialogues in this domain (Lukin et al.,
2024). This corpus includes dialogue structure an-
notations such as transactional units and informa-
tion about how utterances are related to each other
(Traum et al., 2018).

Georgila et al. (2024, 2025) presented annotation
schemes for team dialogue processing in military
domains. These annotations include transactional
units as well as how information is passed up or
down the chain of command. In addition, there are
explicit links between utterances marking the initia-
tion and resolution points for events (commands,
suggestions, and requests).

Recently, LLMs such as GPT-3.5 and GPT-4
have attracted attention in the task of conversa-
tional disentanglement. Li et al. (2024) conducted
initial experiments (only using 100 utterances for
testing) employing GPT variants without fine-tuning
(specifically GPT-3.5-turbo-03-01 and GPT-4-0125-
preview), revealing poor performance. This out-
come highlighted that, despite substantial language
understanding capabilities, general-purpose LLMs
require task-specific fine-tuning to handle the com-
plexities inherent in disentangling conversations.

To our knowledge, no prior work on conversa-
tion disentanglement has systematically compared
the effectiveness of fine-tuned LLMs with bespoke
neural models trained from scratch under compa-
rable conditions. Addressing this gap, our study
compares fine-tuned and non-fine-tuned variants
of GPT models (GPT-4o Mini and GPT-4o respec-
tively) against neural architectures explicitly de-

Figure 1: Example annotation in the IRC Disen-
tanglement Corpus taken from Kummerfeld et al.
(2019). Curved lines show the reply structure.
Blue and green colors denote different conversation
threads.

signed and trained for conversation disentangle-
ment, investigating the trade-offs between leverag-
ing pretrained knowledge and learning task-specific
knowledge anew.

3. Task and Dataset

We use the IRC Disentanglement Corpus (Kummer-
feld et al., 2019), a large-scale dataset consisting
of multi-participant chat conversations annotated
with reply links, for training our neural models (at-
tention and feedforward), fine-tuning GPT-4o Mini,
and testing all our models. The task is framed as
antecedent selection: given an utterance and a list
of prior utterances in the same channel, the model
must identify the utterance it is replying to (or mark
it as starting a new thread).

Figure 1 shows an example annotation in the
IRC Disentanglement Corpus taken from Kummer-
feld et al. (2019). Here we can see two entangled
conversation threads (in blue and green respec-
tively) and their graph structure. A message can
respond to multiple messages and receive multiple
responses. Also, users may participate in more
than one conversation thread. Some messages
are “system” messages indicating actions (e.g., en-
tering or leaving the channel) such as the third
message in the example. Of the “user” messages
some are directed to a specific named user such
as the fifth message in the example.

The IRC Disentanglement Corpus contains
77,563 messages: 74,963 messages from the
Ubuntu IRC channel and 2,600 messages from
the Linux IRC channel. For our experiments we
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used the messages from the Ubuntu IRC channel
(67,463 in the training set, 2,500 in the development
set, and 5,000 in the test set).

4. Experiments and Results

We perform experiments with new models and com-
pare to previous results from the literature on the
Ubuntu IRC dataset, which is a subset of the IRC
Disentanglement Corpus described in the previous
section.

4.1. Evaluation Metrics

We use the official evaluation script provided by
(Kummerfeld et al., 2019) to compute several met-
rics measuring performance in determining how
messages are connected (links-related metrics),
and in clustering messages into conversations
(conversation-related metrics). This script ensures
a standardized evaluation procedure, consistent
with prior work on this dataset.

4.1.1. Links-related Metrics

The script evaluates system output against gold-
standard reply links by calculating precision, recall,
and F1-score over directed utterance pairs. Given
a set of system automatically predicted links and a
set of gold links, the script matches utterance pairs
across files. Each pair is represented as a directed
link from a source utterance to its antecedent (or
to itself, in case of thread initialization).

Below we define precision, recall, and F1-score.
Note that G is the total number of gold links, A is
the number of automatically predicted links, and M
is the number of correctly matched links.

• Precision: The percentage of predicted links
that are present in the gold standard, com-
puted as Precision = M

A .

• Recall: The percentage of gold-standard
links that are correctly predicted, computed
as Recall = M

G .

• F1-score: The harmonic mean of precision
and recall, computed as F1 = 2·Precision·Recall

Precision+Recall .

So for example, suppose the gold file contains
the links (5,2), (6,3), (7,2), and (7,5), while
the system output contains (5,2), (6,4), and
(7,5). The matched links are (5,2) and (7,5),
so G = 4, A = 3, and M = 2. Thus, the resulting
scores are: Precision = 66.7%, Recall = 50%, and
F1-score = 57.2%.

4.1.2. Conversation-related Metrics

The script also calculates metrics on conversation
level rather than just link level. Based on the gold
links, it generates clusters of messages (“gold clus-
ters”), where each cluster includes messages be-
longing to the same conversation. Likewise, based
on the automatically predicted links, the script gen-
erates “automatically predicted clusters” of mes-
sages. We use the following metrics:

• Modified Variation of Information (VI) (Meilă,
2007): This measures the information gained
or lost when going from one clustering to an-
other. It is the sum of conditional entropies
H(Y |X) +H(X|Y ), where X and Y are clus-
terings of the same set of items. We used the
bound for n items that V I(X;Y ) ≤ log(n), and
present 1− V I so that larger values are better.

• One-to-One Overlap (1-to-1) (Elsner and
Charniak, 2008): This measure is computed
by pairing up conversations (clusters) from
two annotations to maximize total overlap, and
then reporting the percentage of overlap found.

• Exact Match Precision, Recall, and F1-
score: This is computed using the number
of perfectly matching conversations (clusters),
excluding conversations with only one mes-
sage (mostly system messages). Two con-
versations are considered as matching when
they include the same messages without nec-
essarily having the same link structure. This
is a very challenging but easy to understand
metric which directly measures performance
in terms of perfectly extracted conversations.

4.2. Model Architectures

We experiment with GPT-4o, GPT-4o Mini, and two
neural models that utilize BERT-based utterance
representations along with a set of auxiliary hand-
crafted features derived from the earlier implemen-
tation by Kummerfeld et al. (2019). These features
capture structural and temporal characteristics of
IRC conversations, providing complementary infor-
mation to the semantic representations from BERT.
For example, such features encode whether a mes-
sage is a system message or a normal message,
whether the message is targeted or not, whether
there is a previous message from the user of the
current message or not, how long ago in minutes
was the previous message from the user of the
current message, etc. For details, see Kummer-
feld et al. (2019). Henceforth, these features are
referred to as “standard hand-crafted features”.
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4.2.1. GPT-4o and GPT-4o Mini

We conducted two different experiments with GPT.
In the first experiment, we crafted a prompt for the
system that contained the description of the prob-
lem, the description of the edge cases (see the
documentation in the GitHub repository1), and a
short snippet from an IRC log file (20 messages) to-
gether with the corresponding set of links. We used
this system prompt together with each individual
test file as an input to the GPT-4o model. The re-
sults were significantly below previous state of the
art, with roughly 3/4 of the messages misclassified
(see Table 1).

For our second GPT experiment, we fine-tuned
the model. Fine-tuning a GPT model requires pro-
viding it with a set of dialogue examples. Each
example consists of a system prompt, a sequence
of user and assistant messages for context, and the
desired assistant output. We created a dialogue
example from each of the training IRC chat logs.
We used the same prompt as in the first experiment
(minus the 20 messages) as the system prompt.
The full text of a chat log was the user message,
and the list of links was the desired output. In this
way we had 153 examples (chat logs) for tuning
(the full training set of Ubuntu IRC). At the time of
our experiments GPT-4o was not available for fine-
tuning, so we fine-tuned the GPT-4o Mini model.
We evaluated the fine-tuned model on the test set
of Ubuntu IRC. The results of the evaluation are
shown in Table 1. The fine-tuned model performs
noticeably better.

Note that in both experiments, GPT annotates
messages “in batches” – it takes a log file of several
thousand messages and produces a list of links be-
tween messages in one call. An alternative setup
would be to feed some portion of a log to GPT and
ask it to link the last message to some of the previ-
ous ones. We believe this might be an easier task
for the model to handle, however, it requires run-
ning the model separately for each individual chat
message, which we deemed to be too expensive.

4.2.2. Neural Models Learned from Scratch

We implemented and tested two neural models
that use BERT embeddings along with the auxil-
iary standard hand-crafted features (same as the
ones used by Kummerfeld et al. (2019), see above).
These BERT embeddings represent messages and
antecedents as vectors that can be used as in-
put to the neural networks. The neural models in-
clude a novel attention-based model (BERT+ATT)
as well as a refinement of the models from Kummer-
feld et al. (2019) to use BERT rather than GloVe
(BERT+FF).

1https://github.com/jkkummerfeld/
irc-disentanglement

Attention-based Model (BERT+ATT). This
model applies multiple layers of multi-head self-
attention and position-wise feedforward networks
to contextualize each candidate antecedent with
respect to the query (current message of interest).
The input to the model consists of the BERT
embedding of the query, concatenated with the
standard hand-crafted features. Each attention
layer computes attention from candidate utterances
to the query, and the resulting representations are
passed through residual connections and layer
normalization. The final link prediction is obtained
via Softmax over similarity scores computed from
the contextualized representations.

Feedforward Model (BERT+FF). Here, we con-
catenate the BERT embeddings of the query and
candidate antecedent, along with standard hand-
crafted features, and feed the result into a deep
feedforward network comprising three fully con-
nected layers with ReLU and Softsign activations.
The final scalar output is treated as a relevance
score, and the most relevant antecedent is selected
via Softmax.

Each of the two small-size neural models is
trained using a cross-entropy-style loss over candi-
date antecedents. We run five independent training
instances per model using the random seeds {0, 10,
42, 86, 523}. Optimization is performed using the
Adam optimizer. Note that in both neural models,
sentence embeddings were calculated by averag-
ing over BERT word embeddings from the final layer
of BERT. Results for Single Models shown in Ta-
ble 1 are based on the best instance of BERT+ATT
and the best instance of BERT+FF, both of which
used seed 42.

4.2.3. Ensembling Strategies

To improve robustness and reduce variance, we
ensemble model outputs using the following strate-
gies:

• Union: A link is predicted if any of the ensem-
ble members predict it.

• Vote: Majority voting is used over the predicted
links from individual models.

We evaluate six ensemble configurations: four
that ensemble five models of a single architecture
(either BERT+ATT or BERT+FF), and two that com-
bine all ten models (five of each type). For each
setting, we compare the Union and Vote strategies
described above.

https://github.com/jkkummerfeld/irc-disentanglement
https://github.com/jkkummerfeld/irc-disentanglement
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Model Links Conversations
P R F1 VI 1-to-1 P R F1

Single Models
GPT-4o 26.2 18.9 22 59.4 20.9 0 0 0
GPT-4o Mini fine-tuned 75.3 73.5 74.4 92.5 78 42.6 48.5 45.3
GloVe+FF (Kummerfeld et al.) 73.7 71 72.3 91.3 75.6 34.6 38 36.2
Glove+FF+self-links (Yu and Joty) 74.2 71.5 72.8 92 70.4 41.9 40.1 41
BERT+FF prev (Zhu et al.) 73.9 71.3 72.6 92 77 - - 40.9
DeBERTa+FF (Lam and Yang) 73.6 71 72.3 91.8 - 36.6 41.8 39
Structural BERT (Ma et al.) - - - 94.6 84.2 51.8 51.7 51.7
Structural BERT (Bhukar et al.) 75.3 75.5 75.4 93 - 46.7 47.6 47.1
Structural BERT + RL (Bhukar et al.) 83.3 83.3 83.3 96.2 - 51.5 52.3 51.9
Pointer Networks (Yu and Joty) 74.5 71.7 73.1 94.2 80.1 44.9 44.2 44.5
DialBERT (Li et al.) - - - 93.2 79.7 42.1 47.9 44.8
BERT+FF 73.8 71.1 72.4 90.2 72.5 30.5 33.2 31.8
BERT+ATT 69.6 67.1 68.3 89.6 71.5 26.8 33 29.6
Ensembles
GloVe+FF U x10 (Kummerfeld et al.) 64.3 79.7 71.2 86.2 62.5 40.4 28.5 33.4
GloVe+FF V x10 (Kummerfeld et al.) 74.9 72.2 73.5 91.5 76 36.3 39.7 38
BERT+FF U x5 63.6 78.9 70.4 86.7 60.8 39 27.9 32.5
BERT+FF V x5 74.3 71.6 73 91 74.6 32.4 36.9 34.5
BERT+ATT U x5 60.7 74.1 66.8 86.2 61.9 33 23.9 27.7
BERT+ATT V x5 70.2 67.7 68.9 89.9 71.8 27.3 31.8 29.4
BERT+ATT & BERT+FF U x10 56.9 80.9 66.8 84.1 55.8 38.4 22.3 28.2
BERT+ATT & BERT+FF V x10 73.2 70.5 71.8 90.5 73.2 29.4 34.7 31.8

Table 1: Results for single models and ensemble configurations. The best scores for each metric are
highlighted in bold black. For single models that use only local information, the best scores are shown
in bold blue. For single models, bold violet indicates when fine-tuned GPT-4o Mini outperforms models
that use only local information and standard hand-crafted features for this task. For ensemble models,
the best scores are shown in bold red. U: Union, V: Vote. For Structural BERT, the results generated by
Bhukar et al. (2023) are based on code released by Ma et al. (2022).

4.3. Results
Evaluation results for all model configurations are
presented in Table 1. We also include results
from Kummerfeld et al. (2019) (GloVe+FF), Zhu
et al. (2021) (BERT+FF prev), Yu and Joty (2020)
(GloVe+FF+self-links and Pointer Networks), Dial-
BERT (Li et al., 2021), DeBERTa+FF (Lam and
Yang, 2025), and Structural BERT with and without
RL (Ma et al., 2022; Bhukar et al., 2023).

We can see that of the single models, the fine-
tuned GPT-4o Mini outperforms for all metrics all
models based on the standard hand-crafted fea-
tures for this task (local information). Differences
in performance among GloVe+FF, BERT+FF prev,
and BERT+FF are negligible in terms of links-
related metrics but there are variations in terms of
conversation-related metrics. Differences between
BERT+FF prev (Zhu et al., 2021) and BERT+FF
(our model) are most likely due to variations in im-
plementation; for example, to calculate utterance
embeddings we use averages over BERT word em-
beddings whereas Zhu et al. (2021) use the BERT
[CLS] token. Note also that precision, recall, and

F1-score (conversations) are very sensitive met-
rics and minor differences in clusters may result
in large differences in these measures. For exam-
ple, two conversations that differ in only one mes-
sage will be considered as not matching (see 4.1.2).
GloVe+FF+self-links outperforms GloVe+FF for al-
most all metrics. This is because GloVe+FF+self-
links uses information from self-links (predicting
when an utterance points to itself), which plays an
important role especially in clustering performance.

Among the models that use additional informa-
tion, Structural BERT combined with RL performs
the best (Bhukar et al., 2023), which is not surpris-
ing given that it is optimized on both global and
local metrics. Structural BERT without RL also per-
forms well in both of its versions (Ma et al., 2022;
Bhukar et al., 2023). Note that Pointer Networks
(Yu and Joty, 2020), which rely on some of the
information used by Structural BERT but not on
hand-crafted features, overall perform worse than
fine-tuned GPT-4o Mini. Pointer Networks outper-
form fine-tuned GPT-4o Mini only in terms of VI,
1-to-1, and precision (conversation-related).
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Of the ensembles, GloVe+FF (x10 Vote) per-
forms the best in terms of precision and F1-score
(links-related), and VI and 1-to-1, but similarly to
BERT+FF (x5 Vote). However, GloVe+FF (x10
Vote) outperforms BERT+FF (x5 Vote) with regard
to precision, recall, and F1-score (conversation-
related); see discussion above on the sensitivity
of conversation-related precision, recall, and F1-
score metrics. Note that “x5 Vote” means that there
were five independent training instances per model
(using five different seeds) and “x10 Vote” means
that there were ten independent training instances
per model (using ten different seeds). Likewise for
the Union models. The Combined BERT+ATT and
BERT+FF (x10 Union) model performs the best
with regard to recall at the expense of precision
(links-related).

If we compare both the single models (with the
standard hand-crafted features for this task) and
the ensembles, for the links-related metrics, fine-
tuned GPT-4o Mini achieves the highest precision
and F1-score, and Combined (x10 Union) achieves
the highest recall.

For practical purposes the performance of fine-
tuned GPT-4o Mini is comparable to the perfor-
mance of the feedforward models (with GloVe,
BERT, or DeBERTa embeddings), Pointer Net-
works, and DialBERT. However, given that it is
much easier to fine-tune GPT than build a model
from scratch, this shows how powerful LLMs have
become. On the other hand, for applications that
require privacy or need to run on small devices with
limited memory, building a small-size model from
scratch seems like a good alternative. In addition,
the models that outperform fine-tuned GPT-4o Mini
(Structural BERT and Structural BERT combined
with RL) require more sophisticated training proce-
dures.

Another consideration is that most of the small-
size models (excluding Pointer Networks) require
hand-crafted features (in addition to the embed-
dings) to perform well. Zhu et al. (2021) showed
that performance drops significantly when only
BERT embeddings are used without any hand-
crafted features. Interestingly, Georgila (2024) also
found that combining hand-crafted features with
embeddings outperforms only using embeddings
for the task of predicting user ratings after their in-
teraction with dialogue systems, although in that
case relying only on embeddings did not result in
significant drop in performance.

5. Analysis

5.1. Categorization of Links

The task of disentanglement is to split a list of mes-
sages into conversations, where a conversation is

defined as a maximal set of messages connected
through antecedent links. In practice, systems only
annotate the antecedent links, and conversations
are inferred from these links. As discussed above,
Kummerfeld et al. (2019) use separate measures
for evaluating links and conversations: the link mea-
sures do not look at the overall conversations, while
the conversation measures do not consider the in-
ternal link structure within each conversation. The
analysis below is an attempt at understanding a
system’s performance using both links and con-
versations: it primarily looks at the individual an-
tecedent links, since these are what the systems
produce, but also at how the conversations match
for each annotated link. Each antecedent link is
categorized as one of the following:

Full Match: The system identifies the same link
as the gold annotation, and the two conversa-
tions are identical (exactly the same messages,
although links within each conversation may
differ). This category also includes messages
which both system and gold identify as singular,
that is, not linked to any other message.

Same Link: The system identifies the same link
as the gold annotation, and the two conver-
sations are not identical (although obviously
overlapping).

Same Conversation: The system identifies a dif-
ferent link (or links) than the gold annotation,
and the two conversations are identical (ex-
actly the same messages, although obviously
some different links).

Conversation Overlap: The system identifies a
different link (or links) than the gold annotation,
the two conversations are not identical, and
they overlap with more than one message in
common (that is, more than just the current
message).

No Match: The system identifies a different link
(or links) than the gold annotation, and there
is no overlap in the identified conversations.

For example, let us assume that the gold anno-
tation includes links 2 → 1 and 3 → 2 and the
system annotation includes links 2 → 1 and 3 → 1.
For utterance 2, the links are the same for gold and
system, and the conversation (set of messages) is
identical: {1,2,3}, so message 2 counts as Full
Match. But there are links in the conversation that
are different between the gold and the system, and
message 3 counts as Same Conversation.

The “No Match” category is further categorized
as follows:

Gold Single: The gold annotation identifies this
as a singular message (not linked to anything
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Test Set Full
Match

Same
Link

Same
Conv

Conv
Overlap

No Match Total
G-single S-single None N/A

GPT 10 Test Logs 1482 2140 202 880 26 240 27 3 5000
GPT 9 Test Logs 1323 2057 176 833 26 56 26 3 4500
ATT Union 804 2131 61 1859 28 81 36 0 5000
FF Union 901 2152 105 1729 24 70 19 0 5000
Combined Union 778 1956 80 2069 25 70 22 0 5000
ATT Vote 1027 2330 121 1325 28 91 78 0 5000
FF Vote 1117 2443 111 1173 24 84 48 0 5000
Combined Vote 1121 2378 115 1205 25 92 64 0 5000

Table 2: Categorizations of fine-tuned GPT-4o Mini and BERT (ATT or FF) antecedent links.

else), while the system identifies either a link
to a previous message or a link from a subse-
quent message.

System Single: The system identifies this as a
singular message (not linked to anything else),
while the gold annotation identifies either a
link to a previous message or a link from a
subsequent message.

None: Both the system and the gold annotation
identify at least one link (either to a previous
message or from a subsequent message), but
there is no overlap between the conversations.

Not Annotated: The system did not provide an
annotation.

The categorizations of links from fine-tuned GPT-
4o Mini and BERT (ATT or FF) appear in Table 2.

For fine-tuned GPT-4o Mini we distinguish be-
tween results with 10 test logs and 9 test logs (ex-
cluding 2010-08-17_18), because of an anomaly
with one of the test logs (2010-08-17_18), where
fine-tuned GPT-4o Mini identifies 184 messages
(37%) as singular while the gold annotation iden-
tifies them as part of a larger conversation; these
are mostly concentrated at the beginning of the
file (171 of the first 210 messages). Table 3 in
the Appendix includes results per test log for the
fine-tuned GPT-4o Mini model.

The discrepancies between fine-tuned GPT-4o
Mini and the gold annotation are fairly limited. Fine-
tuned GPT-4o Mini agrees with the gold annota-
tion on 72% of the links (75% excluding 2010-08-
17_18), and identifies a link in an overlapping con-
versation with the gold annotation in a further 22%
of messages (22% excluding 2010-08-17_18).

For the BERT+ATT and BERT+FF models, it is
expected that the voting ensembles would under-
produce links and that the union ensembles would
overproduce links. The results show that the voting
ensembles better match the exact links provided by
the gold annotations, presumably because multiple
linking is not so common in the gold annotations.

The feedforward voting ensemble is the BERT sys-
tem with the highest number of identical links (71%),
that is, messages for which the full set of links is
identical to that of the gold standard. This is still
lower than the corresponding value for fine-tuned
GPT-4o Mini when excluding the anomalous test
logs. Part of the reason for this lower performance
may be due to a structural limitation of the voting en-
semble: the gold standard has multiple antecedent
links for 183 messages (3.7%), and these can never
receive an exact match from a voting ensemble that
produces only a single antecedent for each mes-
sage. Fine-tuned GPT-4o Mini, on the other hand,
is able to exactly match messages with multiple
antecedents, while not overproducing multiple links
like the union ensembles.

Due to the problem with 2010-08-17_18 test log,
fine-tuned GPT-4o Mini (10 test logs) generated
the highest number of “no match” results (6% of
the test messages) followed by the attention voting
ensemble (4% of the test messages). For fine-
tuned GPT-4o Mini (9 test logs) only 2% of the test
messages were categorized as “no match”.

Thus, fine-tuned GPT-4o Mini (9 test logs) is the
best model, balancing having the highest number of
identical links and the lowest number of “no match”
outputs. The Union models also had a relatively
small number of “no match” outputs but their iden-
tical links were low compared to the rest of the
models.

5.2. Visualization
In addition to performance analysis, we wanted to
get a sense of how human (gold) and automatic
(system) annotations compare. Thus, we devel-
oped visualization software that shows the IRC chat
log messages together with the links between the
messages and individual conversations. In this
context, a conversation is a cluster of connected
messages – each message in a conversation is
connected to at least one other message from the
conversation and no message outside of the conver-
sation connects to a message in the conversation.
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Figure 2: Example visualization of fine-tuned GPT-
4o Mini output.

An example of the visualization is shown in Fig-
ure 2, with longer examples from different systems
in Figures 3, 4, and 5 in the Appendix. The mes-
sage id is followed by the message time, sender
id, and the message content. Most of the IRC mes-
sages are human generated and are shown in nor-
mal font. Some messages are system notifications,
and are shown in smaller lighter font.

The annotations are represented by the color
squares on the left side of the window. There are
two columns, left and right, corresponding to the
gold and system annotations, respectively. A col-
ored box with the number inside corresponds to a
cluster with multiple messages. A dark gray box is
a message that is a singleton cluster (not linked to
any other messages).

We also draw links between messages as gray
arcs connecting the boxes. As there are too many
links, the screenshot only shows the links that are
different between two annotations. For example,
Figure 2 shows that gold annotation connects mes-
sage 1007 to message 1006, while the system an-
notation connects 1007 to 1005. While both sys-
tems connect message 1008 to the same message,
in this mode (where we only see links that differ
between the gold annotation and the system anno-
tation) we cannot tell which one. A user can change
the mode and show all the links by changing her
selection in window toolbar menu.

We assign the numbers to clusters sequentially,
starting from the conversation with the earliest mes-
sage. We do it first for the gold annotation. For the
system annotation, we start with the longest cluster
and assign it both the number and the color of the
gold’s cluster that has the largest overlap with it.

Overall, we see some notable differences in links
between annotations, but conversations are rather
similar between gold and system annotations.

6. Conclusion and Future Work

We presented an experiment on conversation dis-
entanglement comparing GPT-4o and fine-tuned
GPT-4o Mini with small-size models learned from
scratch. We showed that, using the same amount
of training data, out-of-the-box GPT-4o performs
poorly, and fine-tuning GPT-4o Mini results in per-
formance comparable to learning small-size mod-
els from scratch (based on standard hand-crafted

features for this task). However, the fine-tuned GPT-
4o Mini model underperforms when compared to
models that utilize complex structural information.
Of course, it is much easier to fine-tune an LLM
rather than learn a model from scratch but in some
cases there can be advantages in opting for the
more complex approach of learning a model from
scratch (e.g., when there are privacy considerations
or device limitations).

We provided a new method for detailed analysis
of the successes and failures of our models, which
is an attempt at understanding a model’s perfor-
mance using both links and conversations, unlike
standard metrics which focus either on links or con-
versations but not both. We also presented a new
method for visualizing the outputs of all models
with respect to the gold-standard annotations. To
our knowledge, this is the first experiment in the
literature comparing fine-tuned LLMs (specifically
GPT-4o Mini) with small-size models learned from
scratch for conversation disentanglement.

There are several possible directions for future
work. First, it is important to test other LLMs in
this task, not only GPT-4o. Second, even though
our results show that fine-tuning an LLM results
in high performance, it is worthwhile to investigate
other methods for developing small-size models
from scratch, especially considering that generally
performance of machine learning models is largely
dependent on the size of the training set. In our
experiments we used the full training set of the
Ubuntu IRC corpus and we intend to repeat our
experiments varying the training set size. It is an
open research question if and how much perfor-
mance will be affected by using less training data.
Third, as mentioned in subsection 4.2.2, for our
experiments we used BERT embeddings where
a vector representation of an utterance is based
on averaging over word embeddings of the final
layer of BERT. It is worth investigating the effect
of other types of embeddings on performance. As
we saw in section 2, Lam and Yang (2025) investi-
gated the effectiveness of BERT, XLNet, ELECTRA,
RoBERTa, DeBERTa, and ModernBERT in conver-
sation disentanglement, and found that the type of
embedding model made a difference. Such com-
parisons have also been done for other tasks, for
example, for predicting user satisfaction ratings,
Georgila (2024) compared various types of embed-
dings, and again showed that performance can
vary depending on the embedding model. Thus, it
is possible that newer embedding models will result
in performance improvements.

We also want to examine other corpora involv-
ing multiple participants and threads, from other
media than IRC, including face to face and radio
communications as well as other forms of computer
messaging.
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7. Limitations

As discussed in section 6, our comparison between
LLMs (fine-tuned or not) and models learned from
scratch is only based on a handful of models. Ide-
ally there should be a comparison of different types
of LLMs (not only GPT-4o) and a variety of small-
size models learned from scratch. Moreover, the
effect of the training set size should be measured.

Last but not least, we use the standard Ubuntu
IRC dataset which has been used by other re-
searchers in the field, but we acknowledge the
need for testing on other appropriate corpora. For
reasons explained in section 2, we do not think syn-
thetic datasets (used by other researchers for this
task) are relevant, given the unnatural assumptions
in their creation and resulting unreliability of their
“ground truth” labelling. Thus, as a community, we
need to develop other realistic benchmark datasets
for this task.
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Test Set Full
Match

Same
Link

Same
Conv

Conv
Overlap

No Match Total
G-single S-single None N/A

2005-07-06_14 202 204 16 65 1 5 7 0 500
2007-01-11_12 184 205 2 99 4 3 3 0 500
2007-12-01_03 57 314 4 109 1 9 6 0 500
2008-07-14_18 95 268 7 119 0 5 3 3 500
2010-08-17_18 159 83 26 47 0 184 1 0 500
2013-09-01_02 95 252 15 123 1 14 0 0 500
2014-06-18_13 195 194 39 66 2 1 3 0 500
2015-03-18_05 123 240 15 99 13 8 2 0 500
2016-02-22_17 181 184 49 82 1 3 0 0 500
2016-06-08_07 191 196 29 71 3 8 2 0 500
Total 1482 2140 202 880 26 240 27 3 5000
Percent 29.64 42.80 4.04 17.60 0.52 4.80 0.54 0.06 100.00
9 Test Logs 1323 2057 176 833 26 56 26 3 4500
Percent 29.40 45.71 3.91 18.51 0.58 1.24 0.58 0.07 100.00

Table 3: Categorization of fine-tuned GPT-4o Mini antecedent links including results for each of the 10
test logs.

experimental design only messages with id 1000
and above were considered, the rest were provided
for context (Kummerfeld et al., 2019). A message
with id 1000 and above can still be connected to a
message with id below 1000.

An example of conversation overlap can be seen
in Figure 5, which shows that messages 1013,
1014, and 1015 are assigned to cluster 1 by both
annotations. But in contrast to the gold annotation,
the system does not connect them to messages
993 or 1002, so those two messages form a sepa-
rate cluster 44 in the system annotation.
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Figure 3: Example visualization of fine-tuned GPT-4o Mini output.
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Figure 4: Example visualization of BERT feedforward output (model instance using seed 42).
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Figure 5: Example visualization of BERT with attention output (model instance using seed 42).
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