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Abstract

Naive fairness criteria applied to machine learning (ML) models, such as low feature importance of sensitive
features, are not sufficient criteria for formal group fairness. On the contrary, the inclusion of group membership
can be justified in order to achieve group fairness. A currently relevant model architecture combining large
language model (LLMs) and graph neural networks (GNNs) is suitable for investigating this phenomenon. Not
only is this architecture showing promising results in the processing of knowledge graphs (KGs), it also combines
two different algorithmic perspectives on underlying data.

In this paper, we stage a scenario in which a given training dataset contains systematic bias. We assume that
when ML models are exposed to this bias during training, their fairness is affected. We propose that a fairness
criterion with regard to this bias should take into account systematic processing within the models. We argue
that if an ML model is exposed to systematic bias, it should be better able to process this systematic bias in a
structured manner.

In a simple scenario using explainable AI (XAI) methods, we show that the hybrid GNN-LLM architecture
processes systematic bias in a structured manner.
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1. Introduction

LLMs such as Llama3 [1], GPT4 [2], Gemma2 [3] and DeepSeek [4] are already showing amazing
results in natural language processing (NLP). The processing of structured texts, such as in KGs, is also
being investigated further. In particular, the combination of GNNs and transformer models is enjoying
great popularity and promising success [5, 6, 7]. However, this technology requires transparency and
explainability in order to create trust and fairness and to comply with regulations [8].

XAI methods can be used under strict conditions for the investigation of fairness in LLMs. The basis
for the successful application of XAI to measure fairness are suitable fairness criteria combined with a
technical understanding of XAI methods and their significance [9]. The fairness criteria applied in this
paper refer to group fairness. First, we demonstrate that a significant proportion of all input edges are
directed toward a small number of nodes (its group membership). We then use XAI methods to show
that this bias is interpreted in a structured manner in the GraphPrompter model. We argue that this
property should be taken into account when evaluating the fairness of this model.

For our GraphPrompter implementation, we decided to use GraphSage [10] for the GNN and GPT2-
Medium' [11] for the Transformer. As a down-stream task, we train the models on link prediction in the
MovieLens dataset [12]. The structured form of the dataset allows us to design the applied XAl methods
in a concept-based way [8, 13]. Our implementation also has tendencies of explainable-by-design, as
the concept-based approach is trained in fine-tuning with the help of segments.
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2. Related Work

2.1. LLMs (Transformer)

In 2017, [14] proposed the application of the Transformer architecture in NLP and showed great success
compared to the trends of sequential models. The architecture is largely based on the so-called multi-
head-attention mechanism. This allows the learning of relationships between all positions within the
texts and thus creates a semantic understanding of words and their context. The original form of this
transformer architecture consisted of an encoder and decoder. The encoder was intended for embedding
the input text in the vector space and the decoder for the autoregressive generation of the output text.
Modern generative transformer architectures are usually based only on the decoder [1, 2, 3, 4]. GPT2
[11] is a decoder-only model that can effectively be understood as a multitask model. The Hugging Face
Transformers [15] implementation of GPT2? supports text and positional encodings as well as segment
encodings as proposed in BERT [16].

2.2. Graph Representation Learning

Mapping graph structures to low-dimensional vectors [17, 18] allows back-end models to process the
complex relationships between entities [19]. Since KGs encode structured factual knowledge with
multirelational edges [20], multimodal nodes [21] and follow logical rules, constraints and ontologies,
we call low-dimensional vector representations of KGs Knowledge Graph Embeddings (KGEs) [20].
KGs are structured data where entities are related to each other and facts (data points) are referred to as
triple (h,1;t), where h represents the head (source node), r the relationship (edge) between nodes and ¢
the tail (target node) [22].

In the link prediction task, missing entities (h,,?) or (7rt) are defined as fact triples [23]. Link prediction
can be used for recommender systems [24, 25] or KG completion [26], among other tasks. This decision
is often based on the similarity between the KGEs of two nodes, whereby nodes that share an edge are
closer to each other than if they do not share an edge [27]. A typical measure for the similarity of two
KGE:s is the dot product [20], whereby cosine similarity is widely used [28].

GNNss often aggregate the node embeddings of their neighborhood using the message passing concept
[18, 29]. GraphSage [10] interprets the message passing concept in the following way

hi = Wlhi + W2 * meanjeN(i)hj

Where h; are the KGEs after aggregation over the sampled neighborhood N(i) with the trainable weight
matrices W and W,.

A combination of GNN and Transformer can happen under various aspects. The GraphPrompter archi-
tecture [7] interprets the GNN as an encoder and the Transformer as a predictor. The KGEs generated
in the GNN are transferred to the Transformer via soft prompts [30] within the input embeddings.
The trainable weights of the transformer are frozen during fine-tuning and only the weights of the
GNN are trained. The authors of the paper demonstrate an increase in performance of this architec-
ture in graph representation learning tasks, but do not show the internal learned strategies of the models.

In a Pytorch Geometrics (PyG) tutorial for Link Prediction®, the authors implement a GraphSage
model [10], and train it on the MovieLens dataset [12]. The model was trained to generate KGEs of
nodes connected by an edge with high similarity and KGEs of nodes not connected by an edge with
low similarity. During preprocessing of the MovieLens dataset, all users and movies are assigned
consecutively numbered IDs. The tags are also ignored and the ratings are replaced with a label has
rated and has not rated. The dataset is then split into training, test and validation, whereby some of the
training data is excluded for message passing.

*https://huggingface.co/docs/transformers/v4.52.3/en/model_doc/gpt2#transformers.models.gpt2.modeling_gpt2
3Link accessed 09.08.25, released under MIT License: https://colab.research.google.com/drive/1xpzn1Nvailygd_P5Yambc_oe4VBPK_ZT?usp=shar-
ing



2.3. XAl in Transformers

Despite their supposed neutrality, KGs exhibit biases [31]. These can manifest themselves in the models
trained on them [32]. To strengthen trust in this technology, ensure fairness and comply with regula-
tions, experts and laypersons must be able to understand and explain the underlying mechanisms and
decision-making processes of Al models [8].

XAI methods can be divided into local and global methods, among others, in which the behavior of a
model is described for a specific data point or in general [33]. With concept-based XAI methods, input
texts can be mapped to concepts and allow us to summarize positions within the models [8, 13]. With
classifier-based probing, a classifier can be trained on a specific task in order to reveal properties in the
internal vector representation [8, 34].

T-SNE [35] maps high-dimensional vector representations to two- or three-dimensional vector repre-
sentations. The mapping is non-linear and keeps vectors close to each other that are close to each other
in high-dimensional space.

In [13] the authors combined local XAI methods, such as attention maps, with concept-based XAI
methods to aggregate groups of concepts instead of individual items. These concept-based attention
maps allow global insights to be generated in a further aggregation over the entire data set.

2.4. Fairness

A common fairness criteria is the absence of discrimination, which is often referred to as statistical
parity [36, 37, 38]. In this context, individuals of a population are divided into groups based on sensitive
features, like gender or race [9, 36, 39]. Statistical parity in ML is defined as the independence of group
membership in predictions [36]. A common misconception is that removing sensitive features from
the model improves their fairness. This misconception is refereed to as fairness through unawareness.
Sometimes, group membership can be predicted from other attributes [9, 36, 37] or including group
membership in the decision process has some legitimate and causal cause [9, 36].

Fair recommender systems operate in a field of tension between utility and exposure [40, 41, 42]. From
the perspective of users, a fair recommender system provides them with a wide range of mainstream,
niche and user specific information. From the perspective of providers, a fair recommender system
exposes items equally, independent of the producers’ popularity [41, 42]. Studies that examine the
fairness of recommender systems often focus on the exposure of items with low popularity [41, 43, 44],
mitigating the Matthew effect [45] and popularity bias [46].

3. Model Architecture

The GraphPrompter architecture [7] is based on a GNN and a Transformer model. The GNN generates
KGEs based on a KG and transfers them to the Transformer. This configures the transferred KGEs into
the input embeddings and generates an output based on this. Our implementation of the GNN in link
prediction is based on the PyG tutorial for link prediction. For each link prediction, this means that two
KGEs are produced by GNN and passed to the transformer, one for the start node and one for the target
node.

We use the Hugging Face Transformers [15] implementation of GPT2-medium SequenceClassification*
as the transformer. To do this, we expand the set of expected segments to include the concepts that we
want to distinguish in our XAI methods. In fine-tuning, we train the transformer to use the segment
embeddings, which, among other things, mark the positions of the KGEs. We base this idea on [13], in
which the authors have a structured data set in which recurring elements are expected in each data
point. Figure 1 describes the GraphPrompter architecture as we have implemented it for the MovieLens
data set. The movies are reduced to the properties (Movie-ID, Title and Genres). Each position in the
internal vector representation is assigned a segment according to its affiliation. For example, each
position that encodes a separator token is assigned an arbitrary number sep_id. The fact quadruples

*https://huggingface.co/docs/transformers/v4.52.3/en/model_doc/gpt2#transformers.GPT2ForSequenceClassification
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Figure 1: GraphPrompter architecture on the task of link prediction adapted from Can we Soft Prompt LLMs for
Graph Learning Tasks?, by Lio et al., 2024 and BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding, by Devlin et al., 2019

are reduced to the triples (User ID, Movie ID,has[not]rated). A request to GraphPrompter samples a
neighborhood for a given data point. Based on this, the GraphSage model generates two KGEs, one
for the user and one for the movie. The input positions are encoded in the Transformer. Instead of
concatenation, we use placeholders, which we replace with the KGEs generated by GraphSage. The
segments perform two tasks. 1) They act as a mask to replace the KGEs in a differentiable way with the
placeholders. 2) They offset the embedding and thus offer the transformer a semantic differentiation of
individual items within the input prompt.

Let S € R% be the segments in batch and W € R9%*%<dH be word embeddings, while dg € Ry is the
batch length, dg € Ry, is the sequence length and dy € Ry the hidden size (dy = 1024 for GPT2), then
we calculate the word-embedding W that embeds the KGEs with

- 1, f§:S
T=] "0 M)

0, otherwise

M; = Ti_l)dH (2)
KGE; = kge; 1, 3)
W= (Wo@{d-M,)+KGE,0M,)© (1-M,) + KGE, O M,, (4)

while

i € [u,m] is an index for either user or movie,

§i € R are the segments for user and movie (here 2 and 3),
i)dH is the unit vector of dimension dy,
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Figure 2: Segment-based aggregation of hidden states as an XAl method adapted from BERT: Pre-training of
Deep Bidirectional Transformers for Language Understanding, by Devlin et al., 2019

ids is the unit vector of dimension dg,

kfge; € R%*% are the user and movie KGEs of dimension dy distributed over the entire batch dg and
1 is the unit vector of dimension (dg x dg x dp).

In equation 1, we filter the segments in the batch by the segments of the KGEs and thus create a mask for
the respective positions. Then we scale both segment masks T via the hidden states dp and both KGEs
via the sequence length dg in the equations 2 and 3 by repeating. In equation 4, we then superimpose
the masked and scaled KGEs with the inverse-masked word embeddings and thus obtain the word
embedding with the KGEs at the placeholder positions.

4. Segment-based XAl

In this paper, we first focus on the XAI methods dimension-reduction of the hidden states. As suggested
in [13], concept-based XAI methods can be used to aggregate all positions of the same segments in
order to obtain a semantic-oriented view. For the hidden states, we calculate the average of all positions
in which the sequence is the same. Let SEG be the set of all segments, i € SEG an element from
SEG, d; € Ry the number of layers (here 24), H € R%*4s*duxd1 the hidden states of a batch, then the
following applies

i = st (H o (MildL))
1 = —> >
st (TildL)

In equation 5, we first mask the hidden states H and then add them up over the entire sequence length
ds. We then divide the sum by the number of all positions at which the segment is located and thus
obtain the average of all hidden states from the same segment H. Figure 2 illustrates a segment-based
XAI method in aggregating hidden states of the transformer model. Let’s assume that the movie title is
“SomeTitle” and will be divided into two parts in the vector representation: “Some##” and “##Title”. To
summarize and examine the internal vector representation of all positions related to the title, we filter
the segments and calculate the average using the masked output embeddings of the transformer.

()



5. Experiments

5.1. Goal

We will prove that there is a systematic bias in the MovieLens dataset, namely that the distribution
of the incoming edges of all movie nodes is subject to strong fluctuations. We use XAI methods to
demonstrate that the GraphPrompter model systematically processes the systematic bias and follows a
subjectively reasonable processing strategy.

5.2. Set-Up
5.2.1. Hyper Parameters and Hardware

For GraphSage, we adopt the architecture of the PyG tutorial, matching the layer size to GPT2-medium’s
hidden size 1024 on the output layer and thus also increasing the input layer size to 256. For the linked-
neighborhood sampler we keep 20 neighbors in the first hop and 10 neighbors in the second hop. For
training the GNN, we increase the batch size to 25600 in order to speed up training process The models
were each trained for 2 epochs. We chose the largest possible batch size for the LLM so that it can still
be trained on a single GPU which was 128. Training and forwarding took place on an Nvidia A100
SXM4 40 GB and lasted approximately four days in total.

5.2.2. Dataset

The authors of the MovieLens dataset [12] collected movie ratings over a publicly available website®.
MovieLens 32M includes 32 million movie ratings from 87,585 movies and 200,948 independent users
collected in 2023. Each user is identified by a random (user) ID. Each movie is represented by an
arbitrary (movie) ID, a title with year of release and a list of genres and tags. The users added tags and
ratings to the movies, resulting in facts of the form (user ID, movie ID, rating, timestamp).

5.2.3. Data Preprocessing

The preprocessing is largely based on the steps in the PyG Link Prediction Tutorial. First, new sequential
IDs are assigned to the users and movies. The genres are then one-hot encoded and transferred together
with the user and movie IDs and the labels has rated into a heterogeneous graph dataset. This is then
split 70-15-15 into training, test and validation and the test and validation splits are uniformly assigned
negative samples of not rated in a 1:1 ratio. In the PyG tutorial, 70% of the training data is only separated
for message passing. We refrain from this separation so that we can perform a uniform mapping of the
data set into the NLP data set.

The NLP data set is made up of the newly assigned IDs, the movie titles and genres in a fixed structure.
To enable the Transformer model to make decisions with or without KGEs, we introduce a special
placeholder token <user KGE> and <movie KGE>, as well as a separator token <SEP> for separation. This
results in the schema:

<user_KGE><SEP>user ID<SEP><movie_ KGE><SEP>movie ID<SEP>movie title<SEP>[movie genres]<SEP>.
We create the segments for each of these data points. We must note that not every feature has the
same length in encoded form. During tokenization, we also create the corresponding segments. The
segments that we want to keep apart are the separator tokens <SEP>, those of the KGEs, the user ID and
the NLP movie features movie-ID, title and genres. The NLP dataset is then compared with the graph
dataset and split accordingly.

5.2.4. Training

First, we train the GraphSage model and the transformer-Only model for two epochs and evaluate
their accuracy against the test dataset. Since our GraphSage model is trained as a regression problem,

SPermalink: https://grouplens.org/datasets/movielens/32m/
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we assume discrete thresholds that best map the regression to the classification. Finally, we train and
evaluate the Graphprompter model based on the pre-trained GraphSage and Transformer-only model
over two epochs. From the training process, we map the loss and the accuracy on a graph.

5.3. Results

Figure 3a confirms that the majority of all ratings were provided for only a few percent of the total
number of movies. In contrast, the distribution of all negative edges is uniformly distributed by design.
Figure 3b shows that the loss in the transformer-only model decreases continuously and then finds its
minimum at around 0.1. The loss then increases briefly when training the GraphPrompter model and
then stabilizes at around 0.11. Figure 3c shows that the GNN’s accuracy has the highest performance
at around 0.965. The Transformer-Only model achieves the lowest Accuracy of approx. 0.962. The
Accuracy of the GraphPrompter model improves by about 0.001 to 0.963 compared to the Transformer-
Only model.

Figures 4 show the distribution of the t-sne dimension-reduced hidden states of the movie KGE position
in the output layer of both models. Figure 4a shows the distribution of the transformer-only model. As
expected, this shows no comprehensible separation. Figure 4b shows the separation of the hidden states
of the movie KGE in the output layer of the GraphPrompter. This figure shows a clear (non-linear)
separation between movies with many incoming edges and movies with few incoming edges. We
conclude that the GraphPrompter model systematically incorporates the underlying bias in the dataset
into its decision making process.

6. Discussion

The experiments carried out in this paper show that there is a systematic bias in the MovieLens dataset
[12]. A few movies hold a majority of the ratings. This bias was established in our GraphPrompter
architecture [7] and can be clearly distinguished in its internal vector representation from the KGEs
passed in soft prompts. We interpret this separation as a sign that the model is able to interpret the
underlying bias in a systematic way. We can assume that this distinction can help the model to decide
between the features produced in the GNN and those produced in the transformer. We assume that the
GNN learns (global) neighborhood structures during training with neighborhood Sampling. We also
assume that the transformer tends to learn local contexts. We further assume that the Transformer-Only
model has a harder time deciding on movies with high input degree, since a global view is needed to
differentiate movies with high input degree. In the GraphPrompter model, we combine the strategies of
the local and global view of both model architectures. It is possible for the GraphPrompter model to
refer to the features generated in the GNN if it makes the decision for a movie with a high input degree
and to the transformer-generated features when making decision for a movie with low input degree.

If the GraphPrompter model actually learns such a strategy, then this architecture may lend itself to the
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use of a bias mitigation strategy or other fairness strategies. The discrimination in the model can also
be used to favor underrepresented movies, e.g. to promote cultural diversity.

7. Limitations

Figure 4 could be misinterpreted as indicating a lack of structured processing of bias. However, we have
only demonstrated that this processing is unlikely to occur in this particular segment. Comparatively
structured processing could still occur in other segments of the transformer. We can therefore only
conclude that certain properties are present within the GraphPrompter model.

The behaviors of GNN, transformer and GraphPrompter model assumed in this work still have many
gaps. The assumption that our transformer learns fewer global structures is based solely on the
assumption that it only ever sees one data point at each time during training. Though, the transformer
in this experiment is significantly more powerful than the GNN. Nevertheless, an investigation of the
actual scopes of all models is appropriate.

The question remains whether the structured processing of an underlying bias in the dataset is more
appropriate for fair processing. We assume that such a crucial bias will inevitably have an impact on
models trained on it and that structured processing tends to make the system more fair. However,
for a more thorough discussion of the fairness of this GraphPrompter implementation, more concrete
fairness criteria are needed.



8. Conclusion

The systematic bias in the MovieLens dataset prevails in the internal vector representation of our
GraphPrompter model. We argue that the structured processing of this bias rather indicates behavior
that increases group fairness. However, further experiments and more concrete fairness criteria are
needed to evaluate the practical implications of this perspective.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT (GPT-4o) for generating small chunks
of Python code, which were adjusted and used in the experiments. Further, the author(s) used DeepL
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