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Abstract

Graph-to-text generation focuses on creating
coherent and natural language text from graph-
based data. This study explores the appli-
cation of decoder-only pretrained language
models (PLMs), specifically GPT-2, and eval-
uates the effect of task-specific pretraining
strategies on their performance in graph-to-
text generation tasks. The work covers the do-
main of Wikipedia-based knowledge graphs,
WEBNLG.

1 Introduction

Graph-to-text generation is a challenging task at
the intersection of natural language processing
(NLP) and graph representation learning. Convert-
ing structured knowledge from graphs into coher-
ent, human-like text has applications in automatic
report generation, knowledge summarization, and
question answering. This report investigates the ef-
fectiveness of large pretrained language models
(PLMs), focusing on GPT-2, in generating text
from knowledge graphs. We also explore task-
specific pretraining and fine-tuning strategies to
enhance performance, particularly in domains such
as Wikipedia-based knowledge graphs and scien-
tific datasets.

Our contributions are threefold:

• Model Adaptation: We adapt GPT-2 to the
graph-to-text task by integrating graph embed-
dings.

• Task-specific Pretraining: We introduce pre-
training strategies using domain-specific cor-
pora.

• Evaluation: We provide a comprehensive
evaluation using standard datasets and met-
rics, comparing our approach with existing
methods.

2 Related Work

Graph-to-text generation has been studied exten-
sively in recent years, with approaches ranging
from rule-based systems to deep learning models:

• Rule-based Systems: Early methods relied
on templates and rules to convert graph data
into text. These systems often lack flexibility
and require extensive domain-specific knowl-
edge.

• Neural Network Models: Sequence-to-
sequence (Seq2Seq) architectures, particu-
larly those using attention mechanisms, have
shown promise. Models like Transformer and
its variants have set new benchmarks.

• Pretrained Language Models (PLMs):
More recently, PLMs such as BART and T5
have been fine-tuned for graph-to-text tasks.
However, decoder-only models like GPT-2
have received less attention in this context.

Our work extends previous research by applying
GPT-2 with graph embeddings and evaluating task-
specific finetuning strategies, aiming for improved
performance in specialized domains.

3 Problem Formulation

Task 1: The task of graph-to-text generation can be
formulated as a conditional text generation problem
where the goal is to generate a natural language
sentence or paragraph Y, summarizing the graph’s
content.

Y = {y1, y2, . . . , ym}

given a structured graph with nodes (entities) and
edges (relationships).

G = (V,E).

Here:
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• V = {v1, v2, . . . , vn} represents the set of
nodes in the graph.

• E ⊆ V × V represents the set of edges, with
each edge e ∈ E optionally labeled by a rela-
tion r.

Objective
Given G, the objective is to model the conditional
probability:

P (Y | G; θ)

where θ represents the parameters of the model.
The generated text Y should be:

1. Fluent: Grammatically correct and coherent
in natural language.

2. Faithful: Consistently reflect the semantics
of the input graph G.

Formally, we seek a function f : G → Y , where f
is implemented using a pretrained language model
adapted for this task.

Pretraining and Fine-tuning
Let

D = {(Gi, Yi)}Ni=1

be a dataset of N graph-text pairs, where each
pair consists of a graph Gi and a corresponding
reference text Yi. The model is trained to maximize
the conditional log-likelihood:

L(θ) =
N∑
i=1

|Yi|∑
t=1

logP (yt | y<t, Gi; θ)

where y<t denotes the sequence of tokens preced-
ing yt.

Task-Specific Adaptation
For task-specific pretraining, additional task-
relevant data

D′ = {(G′
j , Y

′
j )}Mj=1

is used to adapt the model. This involves:

1. Language Model Adaptation (LMA): Train-
ing on textual data {Y ′

j } without considering
graph structures, optimizing:

LLMA(θ) =
M∑
j=1

|Y ′
j |∑

t=1

logP (y′t | y′<t; θ).

2. Supervised Task Adaptation (STA): Fine-
tuning on graph-text pairs D′, optimizing:

LSTA(θ) =

M∑
j=1

|Y ′
j |∑

t=1

logP (y′t | y′<t, G
′
j ; θ).

4 Methodology

4.1 Task 1
In this task, we aimed to replicate and extend the
work presented in the paper by (Ribeiro et al.,
2021). The original study utilized BERT and T5 ar-
chitectures to translate graphs into coherent English
sentences. Our objective was to adapt and imple-
ment this methodology using the GPT-2 model (on
the WebNLG Dataset).

4.1.1 Initial Implementation
Our initial approach involved modifying the exist-
ing codebase provided by the authors to make it
compatible with GPT-2. However, the results were
unsatisfactory:

• Qualitative Assessment: Generated outputs
frequently deviated from the input graphs and
contained numerous grammatical errors.

• Quantitative Evaluation: Performance met-
rics, including BLEU and ROUGE scores,
indicated poor alignment with reference out-
puts.

4.1.2 Custom Implementation
To address these shortcomings, we implemented
the approach from scratch, closely following the
methodology outlined in the original paper. The
key modifications and strategies applied were as
follows:

1. Tokenizer Adaptation:

• Three special tokens, <H>, <R>, and <T>,
representing head, relation, and tail enti-
ties, respectively, were added to the GPT-
2 tokenizer.

• All edge labels were also incorporated
into the tokenizer’s vocabulary to ensure
accurate representation of graph struc-
tures.

2. Left Padding:
Given that GPT-2 is a decoder-only architec-
ture, the padding mode was adjusted to left
to align input sequences properly during train-
ing.
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3. System Instruction:
A system-level prompt, “Convert the triple
to grammatically correct english sentence:,”
was prepended to the input. This contextual
instruction significantly improved the model’s
performance, as reflected in BLEU scores.

4. Training Configuration:

• Optimizer: We employed the Adam op-
timizer with an initial learning rate of
3× 10−5.

• Learning Rate Schedule: A linear de-
cay schedule without warm-up was used.

• Hyperparameter Selection: Batch sizes
and beam search sizes were optimized
based on development set performance,
selected from the sets {2, 4, 8} and
{1, 3, 5}, respectively. The model
achieving the highest BLEU score on
the development set was chosen for fi-
nal evaluation.

4.1.3 Post-processing of Generations

While this custom implementation outperformed
our initial attempt, achieving better qualitative co-
herence, the BLEU scores remained suboptimal.
Consequently, we integrated successful strategies
from our custom implementation back into the
original codebase. Additionally, we applied post-
processing techniques to the generated outputs, in-
cluding:

• Removal of redundant text fragments.

• Trimming extraneous content beyond the gen-
erated sentence boundary.

These refinements led to a substantial improve-
ment in quantitative performance, yielding a BLEU
score of 23% on the test_all dataset (Refer 1).

4.2 Task 2: Graph Embedding Generation

4.2.1 Objective

The objective of this task was to investigate whether
generating specialized graph embeddings can en-
hance the performance of language models (LMs)
when processing graph-structured data. We hy-
pothesized that graph embeddings may retain more
structural information compared to text-based rep-
resentations. We tried two methods for this task.

4.2.2 Methodology - Method 1
1. In the first approach, each input graph was ini-

tially linearized into a specific format, <H>
node1, <R> edge, <T> node2, where
node1, edge, and node2 represent the enti-
ties and relations present in the graph. The
purpose of this linearization is to encode both
the structural and semantic information of the
graph in a text-based format that can be pro-
cessed by natural language models.

2. To facilitate graph processing, a NetworkX
graph object was created for each linearized
graph. The node-level information, represent-
ing the entities in the graph, was encoded as
node attributes, while the relation information,
describing the connections between entities,
was encoded as edge attributes (specifically,
edge types). This representation captured the
relationships between entities in a structured
format suitable for subsequent graph process-
ing tasks.

3. The NetworkX graph was then converted
into a PyTorch Geometric (PyG) graph ob-
ject, which is more suitable for graph neu-
ral network (GNN) operations. The PyG for-
mat enables efficient manipulation of graph-
structured data and supports operations like
message passing, which are essential for learn-
ing node and graph-level representations.

4. The graph was passed through a graph en-
coder, particularly GCN (Kipf and Welling,
2016), a neural network model that generates
embeddings for each node in the graph. The
node embeddings capture both the structural
information (i.e., the position and connectiv-
ity of the node) and the semantic information
(i.e., the entity represented by the node). To
obtain a single representation for the entire
graph, the embeddings of all nodes were ag-
gregated using mean pooling, where the node
embeddings were averaged to form a single
graph-level embedding.

5. This graph embedding, which is a fixed-size
vector representing the entire graph, was then
passed along with a text prompt to the GPT-2
model. The GPT-2 model, which is a pre-
trained language model, used the graph em-
bedding (and the textual graph) to guide the
generation of a target sentence. The idea was
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that the graph’s structural and semantic in-
formation, encoded in the graph embedding,
would provide context for GPT-2 to gener-
ate a relevant textual description or prediction
based on the given prompt.

6. Despite this structured approach, the perfor-
mance of this method was not satisfactory.
The graph-based embedding did not provide
sufficient or relevant context for the GPT-2
model to effectively generate meaningful out-
put. This highlighted the limitations of rely-
ing solely on a graph encoding approach for
generating high-quality textual data without
additional refinements in model architecture
or training procedure.

4.2.3 Methodology - Method 2

1. Graph Creation: To generate embeddings
that effectively capture the structure of graph-
structured data, we first constructed a com-
prehensive global graph by aggregating in-
dividual linearized graphs from the dataset.
Each linearized graph follows the format <H>
node1, <R> edge, <T> node2, where
node1, edge, and node2 represent entities and
relations within the graph.

Node and Edge Representation:

• Each component node1, edge, node2 in
a linearized graph is treated as a node in
the overall graph.

• We created directed edges to represent
the relationships between these entities:

– A directed edge is established from
node1 to edge.

– Another directed edge connects edge
to node2.

– The node features were initialized
with the average GPT-2 embeddings
of all tokens corresponding to the text
content of that node or edge.

– Further, we assigned GPT2 em-
beddings to different edges as
edge attributes. Specifically
we encoded relations such as
'subject to relation',
'relation to object',
'subject to category' and
'category to global'.

Global Graph Structure: To ensure com-
prehensive connectivity and facilitate informa-
tion propagation across the graph, we intro-
duced an entity registry and a global node:

• The entity registry contains all nodes
(entities) present in the dataset (nodes +
edges in the linearized graph), ensuring
unique representation.

• A global node is introduced, which con-
nects to all category nodes. Each cate-
gory node, in turn, connects to all indi-
vidual nodes (node1 and node2) within
that category. This hierarchical structure
helps capture broader relationships and
contextual information within the graph.

Example: Consider the following linearized
graphs representing relationships between en-
tities:

• <H> Azerbaijan <R> leader <T>
Artur_Rasizade

• <H> Azerbaijan <R> leaderTitle
<T> Prime_Minister

• <H> Abilene_Regional_Airport <R>
cityServed <T> Abilene,_Texas

The corresponding graph structure is depicted
in Figure 1, illustrating how nodes and edges
are connected to represent the relationships
within the data.

Figure 1: Graph representation of linearized data

2. Graph Embedding Generation and Train-
ing: The constructed graph is highly het-
erogeneous, containing both node and edge
types. These are challenging graphs to en-
code; hence, we tried to leverage a specialized
graph transformer architecture to encode the
graph’s structural and semantic information in
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the highly heterogeneous graph space instead
of resorting to vanilla GCN.

Graph Embeddings using GNN and Graph-
Transformer: The first step in our approach
involves learning graph embeddings using a
graph transformer. We adopt the same graph
transformer proposed in (Shi et al., 2020),
which enables the extraction of high-quality
graph embeddings that encapsulate both the
graph structure and node semantics. The
learned embeddings are then used as input
to GPT-2 for text generation.

Unsupervised GNN Loss: We use an unsu-
pervised loss function for the GNN training.
Specifically, we define two types of edges for
training:

• Positive edges: These are the actual
edges in the graph, representing relation-
ships between nodes (entities).

• Negative edges: These are randomly
sampled non-edges, which are pairs of
nodes that do not have a direct relation-
ship.

This approach ensures that the GNN learns
to differentiate between valid and in-
valid relationships, encoding both struc-
tural and semantic information in the
graph. This is the loss function that we
use: JG(zu) = − log

(
σ(z⊤u zv)

)
− Q ·

Evn∼Pn(v)

[
log
(
σ(−z⊤u zvn)

)]
where:

• σ is the sigmoid function,
• Pn is a negative sampling distribution,
• Q defines the number of negative sam-

ples,
• zu and zv are the embeddings for nodes
u and v, respectively,

• vn is a node that co-occurs near u on
fixed-length random walks,

• Evn∼Pn(v) denotes the expectation over
negative samples vn drawn from the dis-
tribution Pn(v).

Explanation: This loss function is used to
learn useful, predictive representations in a
fully unsupervised setting. The goal is to ap-
ply a graph-based loss function to the output
representations zu for each node u ∈ V and
tune the weight matrices W k of the aggrega-
tor functions via stochastic gradient descent.

The loss function encourages nearby nodes to
have similar representations, while ensuring
that the representations of disparate nodes are
highly distinct.

In this context, the representations zu are gen-
erated from the features contained within a
node’s local neighborhood, rather than train-
ing a unique embedding for each node (via an
embedding look-up). This approach is particu-
larly useful for situations where node features
are provided to downstream machine learn-
ing applications but are to be used only for a
specific task (e.g., cross-entropy loss for clas-
sification).

Entity Registry and Node Identification:
To facilitate the graph-based learning process,
we maintain an entity registry that keeps
track of the nodes in the graph. A dictionary
is used to map each node to its corresponding
node ID, which is crucial for efficiently re-
trieving node embeddings during the forward
pass of the GNN.

Embedding Generation from GNN: Dur-
ing the forward pass through the GNN, we ob-
tain an embedding for each node in the graph.
For a given triple (node1, edge, node2), we
can derive an embedding that combines the
embeddings of the nodes and their relation-
ship (edge). The resulting embedding is a
concatenation of the node embeddings and
edge embedding, forming a representation of
the entire triple.

Integration with GPT-2: The generated
triple embedding is then passed through a Mul-
tilayer Perceptron (MLP), which processes the
3D-dimensional embedding to obtain a vector
suitable for input into GPT-2 (batch size * 3
* GPT embedding size). The MLP output is
concatenated with a separator embedding fol-
lowed by the target embeddings generated by
GPT-2, which enables the model to effectively
condition the text generation on the graph em-
beddings.

Training the MLP: The GNN is frozen dur-
ing training, and only the MLP is trained. This
ensures that the graph structure is preserved
while the MLP learns to map the graph em-
beddings to an appropriate representation for
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GPT-2.

Text Generation with GPT-2: For the text
generation task, we concatenate the input em-
bedding (which represents the graph triple)
with the target text embedding. This concate-
nated vector is then passed to GPT-2, which
generates the corresponding text description
of the graph structure, similar to the task
of soft prompting in language models. The
model is fine-tuned using the standard objec-
tive P (y|y<i), where y is the target sentence.

Handling Seen and Unseen Triples: Dur-
ing inference, the triples presented to the
model can be either seen (previously encoun-
tered during training) or unseen (new triples).
For seen triples, we directly use the embed-
dings learned by the GNN. For unseen triples:

• If the triple’s relation has been encoun-
tered but the nodes are new, the triple is
added to the graph.

• If the triple’s relation and nodes are both
new, the entire triple is added to the
graph.

Once the graph is updated, the new embed-
dings are computed, and the GNN performs
a forward pass to obtain the updated graph
embeddings.

Generation of Descriptions: After the
graph is updated and embeddings are recal-
culated, we concatenate the new graph embed-
dings with a separator token and feed the com-
bined representation into GPT-2. The model
then generates a text description of the newly
added or updated graph structure, providing a
natural language interpretation of the graph.

5 Experimental Setup

5.1 Dataset

For the purpose of this study, we focus on the
WebNLG dataset (Gardent et al., 2017). Each in-
stance in the WebNLG dataset consists of a knowl-
edge graph (KG) derived from DBPedia (Auer
et al., 2007) paired with one or more target sen-
tences describing the graph. The test set is divided
into two partitions: seen, which includes only DB-
Pedia categories present in the training data, and

Figure 2: Example of the linearised WebNLG
graphs (Ribeiro et al., 2021), the input for the GPT-
2 model, and the corresponding text.

unseen, which comprises categories not encoun-
tered during training. The combined test set is
referred to as all.

In line with the baseline paper (Ribeiro et al.,
2021), special tokens 〈H〉, 〈R〉, and 〈T〉 are added
before the head entity, relation, and tail entity of
each triple, respectively (refer Fig. 2) for Task 1
(refer section 4.1.3). Further, in order to combine
actual structural information along with the tex-
tual information in the graph we utilize the graph
structure as defined in section 4.2.3.

5.2 Metrics

BLEU Score: The Bilingual Evaluation Under-
study (BLEU) score (Papineni et al., 2002) mea-
sures the similarity between machine-generated
text and reference text using n-gram overlap. It is
defined as:

BLEU = BP · exp

(
N∑

n=1

wn log pn

)
, (1)

where pn is the modified precision for n-grams
of size n, wn is the weight assigned to each n-gram,
and N is the maximum n-gram length (typically 4).
The brevity penalty (BP ) is given by:

BP =

{
1, if c > r,

e(1−r/c), if c ≤ r,
(2)

where c is the length of the candidate text and
r is the effective reference length. BLEU scores
range from 0 to 1, with higher scores indicating
better alignment with the reference.
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ROUGE Score: The Recall-Oriented Under-
study for Gisting Evaluation (ROUGE) (Lin, 2004)
is a set of metrics that evaluate text quality based
on the overlap between a candidate and reference.
Key variants include:

ROUGE-N: Measures n-gram recall, defined as:

ROUGE-N =

∑
S∈Refs

∑
ng∈S min(Ccand(ng),Cref(ng))∑

S∈Refs
∑

ng∈S Cref(ng)
.

(3)

where Ccand(ng) is the number of occurrences of an
n-gram in the candidate, and Cref(ng) is its count
in the reference.

ROUGE-L: Measures the longest common sub-
sequence (LCS) between the candidate and refer-
ence, capturing sentence-level structure. It is com-
puted as:

ROUGE-L = Fβ =
(1 + β2) · R · P
β2 · R + P

, (4)

where recall (R) and precision (P) for LCS are:

R =
LCS

Length of ref.
, P =

LCS
Length of cand.

. (5)

The parameter β determines the relative impor-
tance of recall and precision (commonly set to
β = 1).

Higher ROUGE-N and ROUGE-L scores signify
greater similarity to the reference text.

5.3 Compute:
For Task 1, replicating results of (Ribeiro et al.,
2021) with GPT-2 we used NVIDIA DGX Station
with four V100 GPU cards having 128GB GPU
memory, 256GB RAM, and a Intel(R) Xeon(R)
Gold 5218 CPU @ 2.30GHz running in Ubuntu
18.04.6 LTS.

All experiments for Task 2, incorporating graph
structure, were performed on an Intel Xeon Gold
6248 processor with 96 cores and 1 NVIDIA A100
GPU with 40GB memory and 377 GB RAM with
Ubuntu 18.04.

6 Results & Analysis

6.1 Task 1
Table 1 covers the results obtained for task 1 us-
ing GPT-2, followed by the results using T5 and
BART as report in (Ribeiro et al., 2021). We see

Model All Seen Unseen

GPT2 23 30.87 12.91
BARTbase 53.11 62.74 41.53
BARTlarge 54.72 63.45 43.97
T5small 56.34 65.05 45.37
T5base 59.17 64.64 52.55
T5large 59.70 64.71 53.67

Table 1: Comparison of GPT-2 with baseline models on
BLEU scores on the WebNLG dataset.

that the decoder-only model GPT2 is not as good
at converting the graph to the corresponding text.
Although adding in the system instruction did help
in getting better and comparatively more grammat-
ical outputs vs. not using them, qualitatively, we
observed that there is significant scope for improve-
ment in the fluency and grammatical correctness of
the implementation still. The rouge scores of our
model are given in the App. A.

6.2 Task 2

• Although we have not yet conducted compre-
hensive testing, the model pipeline is fully
implemented and operational.

• Below are some sample predictions generated
by the model:

1. “biased biased biased biased biased”
2. “ancialancialancialancialancialancial”
3. “610 610 610 610 610 610 610”

• The current outputs are either empty, repeti-
tive, or nonsensical.

• To improve performance, we may need to
combine text input embeddings with their cor-
responding graph embeddings. Using graph
embeddings alone has not yielded meaningful
learning outcomes.

Potential Improvements: Future enhancements
to this methodology may involve tokenizing the
triples themselves and concatenating the graph
embeddings directly with these tokenized triples.
Also, adding the system instruction proved useful
in getting slightly more grammatical outputs in
task 1, hence we can also add that for task 2. This
could further improve the quality of the generated
text and make the graph-to-text generation process
more seamless.
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7 Conclusion

In this study, we explored the application of the
GPT-2 model for graph-to-text generation, replicat-
ing and extending the methodology from Ribeiro
et al. (2020). Through an iterative process, we
identified key challenges in adapting the existing
codebase and addressed them by implementing cus-
tom solutions, such as tokenizer adaptations, left
padding, and contextual system instructions. These
enhancements led to significant improvements, cul-
minating in a BLEU score of 23% on the test_all
dataset.

Furthermore, we investigated the potential of
specialized graph embeddings to enhance language
model performance. Despite the structured ap-
proach and sophisticated graph-based methods, re-
sults indicated that additional architectural refine-
ments and training strategies are necessary for sub-
stantial gains. Overall, our findings underscore
the complexity of integrating graph structures with
language models and highlight areas for future re-
search, including more advanced graph encoding
techniques and hybrid architectures.
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A Appendix

A Task 1: ROUGE Score Evaluation

This section provides the detailed ROUGE score
results for both seen and unseen data, as well as
the combined performance across all data points.
ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) is a set of metrics commonly used
to evaluate the quality of text generation models
by comparing generated outputs against reference
texts.

A.0.1 Seen Data ROUGE Scores
The ROUGE scores for the seen data are as follows:

• ROUGE-1: Precision = 0.4558, Recall =
0.6257, F1 = 0.5125

• ROUGE-2: Precision = 0.2670, Recall =
0.3798, F1 = 0.3042
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• ROUGE-L: Precision = 0.3467, Recall =
0.4876, F1 = 0.3935

A.0.2 Unseen Data ROUGE Scores
The ROUGE scores for the unseen data are as fol-
lows:

• ROUGE-1: Precision = 0.3033, Recall =
0.3971, F1 = 0.3333

• ROUGE-2: Precision = 0.1084, Recall =
0.1503, F1 = 0.1222

• ROUGE-L: Precision = 0.2220, Recall =
0.2960, F1 = 0.2455

A.0.3 Overall ROUGE Scores
The ROUGE scores across both seen and unseen
data combined are as follows:

• ROUGE-1: Precision = 0.3828, Recall =
0.5163, F1 = 0.4268

• ROUGE-2: Precision = 0.1911, Recall =
0.2700, F1 = 0.2171

• ROUGE-L: Precision = 0.2870, Recall =
0.3959, F1 = 0.3227
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