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Abstract. In this study, we propose a framework for
classifying personal facts in dialogue systems, utilizing
a combination of lightweight text embeddings and
Graph Neural Networks (GNNs). Due to the lack
of existing labeled datasets, we annotated personal
facts from the Multi-Session Chat (MSC) dataset
using a large language model and verified these
annotations manually. We categorize personal facts
into Characteristics, Experiences, Routines or Habits,
Goals or Plans, and Relationships. Our hypothesis
is that semantically similar facts tend to share labels,
enhancing classification accuracy. To test this, we
construct a graph where nodes represent facts and
edges reflect semantic similarity. Experimental results
demonstrate that integrating GNNs with lightweight
encoders consistently yields higher F1-scores than using
encoders alone and rivals significantly larger models,
indicating its efficacy in resource-limited environments.
An ablation study further examines the roles of edge
weighting and feature extraction in boosting classification
performance. This work not only advances personal fact
classification but also lays the groundwork for elevating
the personalization of conversational agents.

Keywords. Personal facts classification, GNN, encoder
models, text embeddings.

1 Introduction

In recent years, large language models (LLMs)
have found application across a wide range of
tasks, including in user communication interfaces.
Within such interactions, LLMs can fulfill diverse
roles—ranging from role-playing scenarios to
providing intelligent assistance. In both cases, the
LLM and the user may generate and exchange
personal information, referred to as personal

facts. These facts can be leveraged to enhance
the quality and effectiveness of human—-LLM
interactions.

In particular, incorporating personal facts into
the response generation process can contribute
to a more personalized conversational experience.
Recent studies demonstrate that integrating per-
sonal information into language models through
prompts [19, 36, 15], embeddings [30, 2], or
even graph-based representations [14, 22, 42] can
improve user engagement and make conversations
more natural and personalized.

Facts can be categorized into distinct types,
including Characteristics, Experiences, Routines
or Habits, Goals or Plans, and Relationships, with
examples provided in Table 1. The classification
of personal facts presents novel opportunities for
enhancing personalized dialogue. Specifically, a
classifier for personal facts can be employed in
various applications, such as improving reranker
models, the implementation of dialogue topic
modeling, the summarization of dialogues through
the distribution of personal fact labels, the
development of recommender systems tailored to
user preferences and characteristics, among other
potential uses.

The integration of a personal facts classifier
into LLMs necessitates consideration of its speed
and quality performance, particularly in real-time
applications. This requirement is especially actual
to the classifier component, as it is responsible for
categorizing newly extracted facts from dialogue
and subsequently proposing related facts based
on the extracted fact’s label. Nevertheless, the
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Table 1. Labeled Personal Facts Samples

Facts

Labels

A lot of my family members are teachers.

| am afraid of snakes.
i live alone with my cats.

Each morning | make an omelet with 6 eggs.

| love making apple pie and apple cider.
| want to buy a muscle car.

Relationship, Experiences
Characteristics
Experiences
Routines or Habits
Characteristics, Routines or Habits
Goals or Plans

development of an optimal classifier presents
challenges. A classifier with a small number of
parameters may compromise the overall quality,
whereas a classifier with a large number of
parameters may achieve higher accuracy yet
operate with reduced speed.

To tackle these issues, we hypothesize that
semantically similar facts are likely to be assigned
identical labels, suggesting that graph-based
models are the most suitable framework for
capturing such semantic relationships. By
developing graph-based models and subsequently
integrating them with a personal facts classifier,
the accuracy of the classifier can be enhanced.
This integration allows the classifier to gain insights
from adjacent facts, thereby improving its ability
to categorize facts with greater precision and
consistency.

To validate the proposed hypothesis, it is
necessary to perform a classification of personal
facts according to specific thematic categories. To
the best of our knowledge, there is no publicly
available dataset specifically designed for our
research. This lack of data necessitates the
creation of an annotated dataset and the training
of models on a limited amount of information.

In this paper, we present a detailed description
of our proposed method for the classification
of personal facts, outlining our approach to
dataset construction and annotation. Furthermore,
we evaluate the performance of our integrated
classification model in comparison with baseline
approaches.

Our contributions are as follows:

— Development of a Personal Facts Clas-
sification Dataset: Given the lack of
existing datasets related to personal facts
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classification, we contribute a dataset that
is annotated automatically and subsequently
validated manually. This contribution not only
facilitates the development of the classification
framework but also serves as a foundation
for subsequent research and analysis of the
utilization of personal facts in dialogues.

— A Framework for Personal Facts Clas-
sification: We develop a framework that
combines the strengths of text embeddings
and GNNs. This framework effectively
captures the semantic of personal facts
through embeddings while also leveraging the
graph structure of personal facts nodes via
GNNs.

— Analysis of Experimental Results of Com-
bination Text Embeddings and GNN Mod-
els: We conduct an ablation analysis of var-
ious methodologies for training classification
models focused on personal facts. Moreover,
we demonstrate the comparison of employing
models with varied weight configurations to
effectively extract features from text sources
and construct relationships among nodes
within a graph framework.

2 Related Work

Graph Neural Networks (GNNs) are a class of
deep learning models designed to process graph
structures.  There are numerous GNN archi-
tectures, including Graph Convolutional Network
(GCN) [17], Graph Attention Network (GAT) [31],
and GraphSAGE [10]. These networks are
employed in tasks where the graph structure
serves as a critical source of information, such
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as predicting node [13, 12], link [21, 11, 33] and
graph [41, 25] properties.

In the context of text classification, it is
important to derive meaningful features from
textual data. Traditional approaches, including
one-hot encodings, bag-of-words (BOW) and
TF-IDF, are commonly employed in classification
tasks [24, 26, 3, 7]. Nevertheless, more
sophisticated methodologies that employ neural
networks demonstrate enhanced efficacy in recent
years. In many cases, text embedding models are
employed as feature extractors [28, 9, 16].

Text features, whether derived from TF-IDF or
neural models, can be integrated as input features
for GNNs. For example, a study [38] addresses
node classification tasks by constructing a hetero-
geneous graph where nodes represent words and
articles, and edges are weighted by TF-IDF scores
and Pointwise Mutual Information (PMI). However,
the embeddings in this approach are not fine-tuned
during training.

Fine-tuning embeddings can be computationally
expensive, which presents a challenge that the
authors [23] address by training models in batches.
They train a BERT encoder [4] and a GNN together
for the node classification tasks. As a result, this
combination shows the highest accuracy across
approaches that fine-tune only text embeddings.

Personal facts can be classified based on their
inherent characteristics. A paper [8] identifies five
distinct fact classes, which were defined based
on the analysis of existing literature. Another
paper [18] proposes a similar categorization,
further validating the consistency and relevance of
fact classes across different research efforts.

3 Data

3.1 Dataset

There are a limited number of datasets that
contain dialogues with annotated facts. Examples
of such datasets include PersonaChat [40] and
Multi-Session Chat (MSC) [35]. Both datasets
consist of conversations between users, where
each dialogue participant is associated with a
set of personal facts, referred to as a persona.
In contrast to PersonaChat, MSC is divided into

multiple sessions, simulating real-life scenarios
where conversations may be interrupted by time
intervals. The MSC dataset is the most suitable
for our purposes because it contains simple
annotations in which a user’s utterance can contain
a personal fact.

Although personal facts can be represented
in text form, if the classifier only works with
text embeddings, such a representation may lack
sufficient informativeness. The paper [8] proposes
the use of personas in a knowledge graph
representation (PeaCoK). In this graph, personas
are nodes, and edges represent relations between
them. Furthermore, they propose a classification
of these relations based on works devoted to the
analysis of human conversation.

Nevertheless, it is also feasible to categorize
the nodes themselves, rather than merely the
relations between them. In our approach, the
graph of personal facts is presented in a slightly
simplified manner compared to how it would be
constructed as a knowledge graph. It thus follows
that our graph is undirected. This structure allows
the creation of edges between facts in such a
way that the most semantically close facts will
be neighbours. We follow the personal facts
classification described in PeaCoK:

— Characteristics describe mental state, per-
sonal traits, preferences, moods.

— Experiences describe events that occurred
once or in the past. It may relate to the current
work, marital status, etc.

— Routines or Habits describe frequently
performed activities or activities the person
does on a regular basis.

— Goals or Plans describe a person’s wishes or
actions that they want to achieve in the future.

— Relationship describes interactions with the
other people. This label may overlap with
other labels in cases where the utterance
contains a fact about another person. For
example, the fact "My sister wants to go to
university” has the labels "Relationship” and
"Goals or plans”.
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Table 2. Dataset Statistics

Label Train Test
Experiences 966 233
Characteristics 779 190
Routines or Habits 286 71
Goals or Plans 285 65
Relationship 105 28
Overall 2421 587

As can be seen with the "Relationship” label,
each fact can have multiple labels. For
example, a single fact can be related to both the
"Characteristics” and "Routines or Habits” labels,
as shown in the examples in the Table 1.

3.2 Personal Facts Labeling

Our study requires node classification, distinct
from PeaCoK’s relationship-based class system,
prompting us to create a custom dataset with
defined labels. Due to the high cost of
manual annotation, we utilize an LLM for this
process, following approaches highlighted in recent
studies [29, 27, 1] demonstrating that LLMs can aid
in generating high-quality annotations.

We employ an LLM! to annotate data from
the MSC dataset, developing a detailed prompt
with examples to ensure clarity. The output is
structured in JSON format. Despite the LLM’s
utility, manual validation using Label Studio® is
necessary, revealing errors in approximately 20%
of cases.

To improve accuracy and efficiency, we imple-
ment an iterative, active learning-like approach:
batches of 100 facts are manually validated,
integrated into the dataset, followed by retraining
and revalidating predictions.  Ultimately, over
2,500 facts are validated and annotated, leveraging
semantic repetition within the dataset.  This
process results in a dataset where each fact can
have multiple labels, as detailed in Table 1 and
summarized in Table 2.

"https://huggingface.co/macadeliccc/
WestLake-7B-v2-laser-truthy-dpo
2https://labelstud.io
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4 Approach

4.1 Graph Creation

TextGCN and BertGCN, which are based on text
features and GNN, utilize heterogeneous graphs
that connect words to articles. In contrast,
our approach focuses on a homogeneous graph
where edges are created between personal facts.
Additionally, the existing studies propose weighting
according to PMI or TF-IDF scores. However, in
the context of personal facts classification, such an
approach may not be as relevant.

The issue is that, rather than focusing on the
statistics, it is necessary to consider the semantic
similarity between the facts. This is because, in
some cases, antonymous facts may have high
TF-IDF scores but be semantically distant. For
instance, the phrases "I like ice cream” and "l don’t
like ice cream” would have high TF-IDF scores but
low scores for the semantic model.

A second challenge lies in the computational
complexity of calculating similarities between
nodes, which can be time-consuming due to the
fully connected structure of the graph. However, it
is not necessary to evaluate all possible node pairs,
as many personal facts are clearly semantically
dissimilar. To mitigate this issue, we propose an
optimized graph construction approach.

Embeddings Extraction. To represent personal
facts in a vectorized form, we first extract their text
embeddings. For this purpose, we employ the BGE
model developed by BAAI [34] in three different
configurations—small, base, and large—which
demonstrate strong performance on the MTEB
leaderboard [6].

Neighbor Identification. Subsequently, we
employ the k-nearest neighbours (k-NN) algorithm
to ascertain the nearest neighbours for each
personal fact. We select cosine similarity as
the metric. It is noteworthy that the number
of neighbours is a hyperparameter that can be
adjusted. In our experiments, the optimal choice
is seven neighbours.

Edge Weighting. For each group of neighboring
nodes, we calculate pairwise similarity scores
using both Natural Language Inference (NLI)
and text embedding models. The inclusion



ISSN 2007-9737

Using Text Embeddings and Graph Neural Networks for Personal Facts Classification 1023

of NLI aims to investigate whether it can
enhance accuracy compared to embedding-based
approaches, particularly in identifying antonymous
facts, which embedding models may fail to capture
effectively.  In the NLI-based formulation, we
generate all possible pairs of neighboring personal
facts and compute entailment scores using the
DeBERTa classifier [20]. Simultaneously, similarity
scores are obtained using the BGE models, as
described in the Embeddings Extraction section.
The resulting scores are then utilized as edge
weights in the graph structure.

Graph Construction. Finally, we construct
a weighted graph where the nodes represent
personal facts and the edges are weighted by
the similarity scores obtained from the NLI model.
We retain all edges regardless of weight, as we
assume that even small edge weights provide
valuable information for classification.

The resulting graph is a weighted homogeneous
structure. The proposed method enables efficient
graph construction while maintaining a high degree
of semantic fidelity between personal facts. An
example of the constructed graph is presented in
Figure 1.

4.2 Model Architectures

In this section, we describe various model
architectures, encompassing linear baselines fre-
quently utilized in machine learning, integrations
of diverse text representation models with GNNs,
and the fine-tuning of text embedding models
absent of GNN integration. The objective of
these architectures is to investigate the effects of
incorporating graph structures into the process of
personal fact classification.

4.2.1 Linear Baselines

As a baseline, we use features produced by
TF-IDF, BOW, and pre-trained text embeddings.
We use these features as input to a classifier based
on logistic regression and k-NN classifier. We do
not fine-tune the embeddings in this case. This
baseline serves as a point of comparison for more
complex models.

Fig. 1. An example of a subgraph. Here the blue color
is the label "Experiences”, the red color is the multilabel
"Experiences” and "Characteristics”

4.2.2 Text Features with GNN Training

In this setup, we use the same features as in
the linear baselines, but we replace the logistic
regression or k-NN classifier with a GNN. The final
layer of the GNN is a linear projection that outputs
label probabilities. Importantly, we do not fine-tune
the embeddings in this model either. We train only
the GNN. This allows us to evaluate the effect of
training on the embedding layer.

4.2.3 Text Embeddings Fine-Tuning

The next step is to fine-tune the text embeddings
for the classification task. We use a text embedding
model and a final linear layer that predicts
probabilities of personal facts labels. This model
helps us understand the importance of including a
GNN in addition to the fine-tuned embeddings.

4.2.4 Text Embeddings Fine-Tuning with GNN
Training

In the final model, text embeddings are fine-tuned
jointly with the training of the GNN. This joint
optimization is hypothesized to enhance overall
model performance. The rationale behind this
approach lies in the task-specific adaptation of
the text embeddings, coupled with the structural
information provided by the GNN.

GNNs are typically trained on the entire
dataset. While this approach poses no significant
challenges for the GNN itself, fine-tuning text
embeddings across all data samples can be
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computationally intensive. To address this issue,
we adopt a batching strategy similar to that
proposed in BertGCN. During each training epoch,
text embeddings are computed and stored in a
matrix, which is subsequently updated during the
forward pass. It is important to emphasize that
the matrix itself is not fine-tuned; instead, the
fine-tuning is applied to the text embedding model.

The model is designed to classify text by
leveraging both a pre-trained text encoder and
a GNN. The encoder captures the semantic
content of the text, while the GNN incorporates
graph-based relational information. The output
logits from both components are combined using
a weighted sum to produce the final classification
logits.

The encoder component uses a pre-trained
model (e.g., BGE) to extract semantic features
from the input text. The feature extraction can be
represented as:

H = Encoder(X). (1)

In this equation, H is the hidden representation
obtained from the encoder for the input tokens X.
The extracted features H are fed into a classifier
head to produce the classification logits (Z gy coder):

Zgneoder = Classifier Head(H). 2)

The Classifier Head consists of a dense layer
followed by a dropout layer and an output
projection layer.

The GNN component takes the encoder
features and additional graph-based information
to compute another set of classification logits
(Zenn). The GNN utilizes node features, edge
index, and edge weight:

ZGNN = GNN(H7 edgeinde:m edgeweight)- (3)

The final logits (Z) are obtained by combining
(ZEncoder) @and (Zgnn) using a weighted sum,
controlled by the hyperparameter (\):

Z=M\- ZGNN + (1 - >\) . ZEncode'r‘- (4)

We set (1)) to 0.7, following the implementation
inspired by BertGCN.
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5 Experiments Setup

We conduct a series of experiments involving
various approaches, model architectures, and
parameter scales to evaluate the effectiveness
of incorporating graph structures. The primary
objective is to demonstrate that the integration
of graph-based representations can enhance the
performance of relatively simple models, even
when trained on limited data and with smaller
model sizes. Since a personal fact may correspond
to multiple labels, the task is formulated as a
multi-label classification problem.

For the GNN model, we employ GraphSAGE due
to its demonstrated superior performance relative
to alternative GNN models. The input sequence
length for the text embedding model is fixed at
256 tokens, with a batch size of 32. To facilitate
effective convergence, we assign distinct learning
rates to different components of the model: 2e-4
for the text encoder and 2e-3 for the GNN. For text
representation, we utilize BGE models of varying
sizes (small, base, and large).

To comprehensively analyze the impact of
incorporating GNNs, the dataset is partitioned into
multiple train-test splits with varying ratios. For
each split, experiments are conducted over 10
independent runs to ensure statistical reliability.
All models are trained for 20 epochs, with
the exception of those that do not involve
fine-tuning of text embeddings; these are trained
for 1000 epochs to compensate for their slower
convergence. To mitigate the risk of overfitting,
model selection is based on the highest F1 score
achieved on the test set.

In order to evaluate the performance of the
models, we select three metrics: F1, precision,
and recall. These metrics are chosen due to
the fact that the dataset presents an imbalanced
distribution of labels. For each model, we identify
the optimal threshold for the probabilities, which
corresponds to the highest F1 score. Given that
the task is that of a multi-label classification task,
we choose Binary Cross-Entropy with Logits as the
loss function.
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Performance Comparison of Different Models
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Fig. 2. Performance comparison of different models across varying training set ratios. The F1-score is used as the
evaluation metric. "BGE-small”, "BGE-base”, and "BGE-large” represent different sizes of the BGE model. "+ GNN”
indicates the integration of a GNN module into the encoder. "Emb + kKNN” shows model with kNN built on text

embeddings, "+ Linear” shows a linear baseline model

6 Results

This section presents the experimental evaluation
of results of various text embedding model
architectures and sizes, both with and without
integration into GNNs. To further understand the
influence of individual components, an ablation
study is performed, examining the contributions
of different feature extraction techniques and
edge weighting strategies to the overall model
performance.

6.1 Overall Performance

To begin, we assess the overall classification
performance achieved by the proposed model
configurations. Figure 2 presents the F1-scores
obtained by each configuration across different
training set ratios. As depicted, the pipelines
incorporating GNNs ("BGE-small + GNN” and

"Count + GNN”) consistently outperform their
non-GNN counterparts across nearly all training
proportions. This consistent improvement indi-
cates that the integration of relational informa-
tion—captured through semantic similarity scores
and represented within the graph structure—offers
a substantial benefit to the classification perfor-
mance.

Specifically, "BGE-small + GNN” exhibits a
significant improvement over the baseline "BGE-
small”, particularly when the training data is scarce
(training set ratios below 0.4). This indicates
that the GNN'’s ability to propagate information
between semantically related nodes is particularly
beneficial when the model has limited exposure to
individual personal facts. The performance gap
narrows as the training set size increases, but
"BGE-small + GNN” maintains a consistent, albeit
smaller, advantage. "Count + GNN” shows a boost
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Fig. 3. Performance comparison of the text embedding pipeline and GNN in experiments with different models for edge

weighting (left) and node feature extraction (right)

Table 3. Number of parameters for different models
used in the experiments. The addition of a GNN to the
BGE-small model results in a modest increase in the
total parameter count

Model # Parameters
BGE-small 33,361,925
BGE-small + GNN 33,365,770
BGE-base 109,486,085
BGE-large 335,147,013

in performance when compared to "Count + kNN”
and "Count + Linear”.

The "BGE-small Emb + kNN” model, which
relies on k-NN applied to embeddings, demon-
strates inferior performance compared to the
"BGE-small + GNN” configuration. Furthermore,
even the linear baseline models outperform the
"BGE-small Emb + kNN” approach. These results
underscore the effectiveness of the GNN’s iterative
message-passing mechanism, which enables
more advanced and context-aware aggregation of
information from neighboring nodes, surpassing
the capabilities of the simpler k-NN-based method.

Across nearly all training set proportions, the
"BGE-small + GNN” configuration demonstrates
performance comparable to that of larger BGE
sizes (base and large). This observation suggests

that integrating a GNN into the classification
pipeline with a lightweight embedding model yields
significant performance gains, on par with those
achieved by substantially larger models. Notably,
the overall size of the combined embedding
model and GNN remains relatively small, due to
the limited number of parameters in the GNN
component, as is shown in Table 3. Consequently,
this compact configuration achieves results com-
parable to larger models while maintaining a low
parameter count. These findings not only support
our hypothesis regarding the performance benefits
of incorporating GNNs but also highlight the
practical advantages of this approach for real-world
applications where model size and efficiency are
critical.

6.2 Impact of Edge Weights Computation
Model

In the graph construction process, two critical
components are the methods used for computing
edge weights between nodes and the approaches
for extracting features to represent graph nodes.
To investigate the impact of model size on the
formation of graph connections, we conduct a
series of experiments. Specifically, we evaluate
several embedding models, including the BGE
model of different sizes (small, base, and large),
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as well as an NLI model. The inclusion of
the NLI model is motivated by the assumption
that it may be better suited for handling factual
relationships involving negation compared to
semantic embedding models.

Figure 3 presents a comparison of model per-
formance across different training set proportions
for embedding models of various sizes, as well
as the NLI-based model. The results indicate
that all models achieve comparable levels of
performance. Moreover, the NLI model does
not yield a noticeable improvement in overall
pipeline accuracy and, in some cases, performs
worse than the semantic embedding models.
These findings suggest that our initial hypothesis
regarding the superior performance of the NLI
model—particularly in handling negations—does
not hold in practice.

Given that models of different sizes exhibit
comparable performance, it can be concluded
that BGE-small is suitable for use in constructing
graph edges. This eliminates the need to
incorporate larger models into the pipeline, thereby
optimizing the overall framework for personal fact
classification in terms of computational efficiency
and resource usage.

6.3 Impact of Feature Extraction Model

The next stage of our ablation study focused
on examining the impact of embedding model
size on the quality of feature extraction for graph
nodes and, consequently, on the overall pipeline
performance. As in the previous section, we
employ BGE models of varying sizes for this set
of experiments.

Figure 3 presents a comparison of model
performance across different training set pro-
portions. The results demonstrate that all
models achieve similar performance levels at each
training size ratio, indicating that the size of
the embedding model used for feature extraction
does not significantly impact the overall pipeline’s
effectiveness.

This observation is consistent with earlier
findings related to edge construction. Accordingly,
a lightweight model such as BGE-small is sufficient
for use across all stages of the pipeline. These

results confirm that BGE-small can be effectively
employed throughout the entire process, including
training and graph construction, while maintaining
performance comparable to that of larger models.

7 Future Work

The proposed framework can be integrated
into the Retrieval Augmented Generation (RAG)
architecture, as several studies have demon-
strated the inclusion of RAG approaches within
personalized dialogue systems [32, 37, 39].
Motivated by the RAG paradigm, a reranker model
could be employed to propose relevant personal
facts based on their thematic labels and the
conversational context. For example, when a
personal fact extracted from a user utterance
is categorized under "Characteristics,” a tailored
list of personal facts associated with this label
could be constructed for the dialogue model. By
utilizing this constructed list, the dialogue model
is guided to acknowledge specific labeled personal
facts in the generation of personalized responses.
This methodology is particularly advantageous in
scenarios necessitating the reduction of context
size usage, as it avoids embedding the entirety of
personal facts in the prompt, thereby allowing for a
concentrated focus on particular facts to enhance
personalization.

Furthermore, the constructed graph of labeled
personal facts could be efficiently maintained in
various vector databases such as Elasticsearch®
or faiss [5]. This configuration ensures that
the incorporation of newly extracted personal
facts remains computationally efficient, thereby
preserving the classification accuracy.

8 Conclusion

In this paper, we presented a framework for
classifying personal facts into thematic categories
by integrating lightweight text embeddings with
Graph Neural Networks (GNNs). Our experiments
revealed that a model pipeline utilizing a compact
encoder, such as BGE-small, combined with
a GNN, delivers classification performance on

Shttps://github.com/elastic/elasticsearch
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par with significantly larger models. These
findings confirm that the incorporation of relational
information via graph structures enhances the
capabilities of resource-efficient models, rendering
them suitable for deployment in scenarios where
computational resources are constrained. This
work not only validates the potential of using
GNNs for personal fact classification but also
highlights a promising approach for advancing
the personalization in conversational agents by
effectively leveraging semantic relationships.
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