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ABSTRACT: Knowledge graphs convey precise semantic information that can be effectively interpreted by neural
networks, and generating descriptive text based on these graphs places significant emphasis on content consistency.
However, knowledge graphs are inadequate for providing additional linguistic features such as paragraph structure and
expressive modes, making it challenging to ensure content coherence in generating text that spans multiple sentences.
This lack of coherence can further compromise the overall consistency of the content within a paragraph. In this work,
we present the generation of scientific abstracts by leveraging knowledge graphs, with a focus on enhancing both
content consistency and coherence. In particular, we construct the ACL Abstract Graph Dataset (ACL-AGD) which
pairs knowledge graphs with text, incorporating sentence labels to guide text structure and diverse expressions. We then
implement a Siamese network to complement and concretize the entities and relations based on paragraph structure
by accomplishing two tasks: graph-to-text generation and entity alignment. Extensive experiments demonstrate that
the logical paragraphs generated by our method exhibit entities with a uniform position distribution and appropriate
frequency. In terms of content, our method accurately represents the information encoded in the knowledge graph,
prevents the generation of irrelevant content, and achieves coherent and non-redundant adjacent sentences, even with
a shared knowledge graph.
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1 Introduction
A well-written abstract in a scientific paper enhances the understanding and dissemination of the

research work. As a part of the academic writing system [1], text generation for scientific abstracts has
garnered significant attention with the advancement of Natural Language Processing (NLP) technologies,
aiming to assist researchers in drafting and refining their academic works [2]. As a type of text summarization
task [3], the focus of generating a scientific abstract is on precisely summarizing the core content and
producing a complete and logically rigorous paragraph structure. This involves structured sentences that
follow a typical order, sequentially introducing the background, objectives, methods, and results [4].

Utilizing knowledge graphs (KGs) for text generation holds significant potential [5,6]. Knowledge
graphs explicitly represent core content, making structured information more accessible for people to
understand and control. They also serve as a unified intermediate form, allowing the input format (regardless
of text length or whether it is text at all) to be disregarded, thereby enabling the generation of fixed-pattern
text, which reduces training complexity for specialized models. Therefore, our work focuses on generating
well-described content paragraphs based on existing knowledge graphs, ensuring these paragraphs adhere
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to the writing characteristics of a scientific abstract. Practically, people can overlook issues such as grammar
and non-academic descriptions as long as they provide sufficient and explicit content to create a coherent
and fluent scientific abstract.

A primary focus in graph-to-text generation is developing structure-aware models [7–9]. These models
need to understand entities and relations and capture structural features. Meanwhile, some approaches
[10–12] leverage the powerful generation capabilities of pre-trained language models (PLMs) by linearizing
hierarchical knowledge as input, thereby transforming the graph-to-text generation into a text-to-text
generation. Most of these efforts focus on sentence-level generation, but applying it to paragraph generation
presents several issues: Firstly, entity repetition leads to unnatural expressions. In structure-aware models,
an entity with multiple relationships is considered a central node and gets higher weights when computing
attention in a transformer. This causes the entity to appear more frequently and prominently; for example,
“The proposed method” repeatedly appearing at the start of sentences results in an unnatural paragraph. For
models that linearize graph inputs, the discrete knowledge and the repeated entities can result in sentence
fragments having similar meanings due to the lack of structural awareness. At the same time, as a fixed
word combination, the entity needs to be adjusted according to the context of the paragraph, “The proposed
method” is a substitute for a certain method, Still, it should not appear multiple times within a paragraph
if this entity in a knowledge graph appears frequently (the case presented in [11]). These situations are
common due to overemphasizing content consistency and lacking diverse expression. This leads to the
second point: balancing content consistency and coherence within a paragraph. Generated sentences should
not have overly similar meanings due to adjacent sentences sharing similar knowledge, nor should semantic
separation occur due to discrete sentence knowledge. Especially in scientific abstracts, it is important to
preserve the content expressed by the knowledge graph while also constructing a coherent and logical
paragraph structure.

To address these issues, we first introduce label-guided text generation, where the entire paragraph
knowledge graphs are used as input, and sentence labels are injected for paragraph segmentation to hard
control the text structure and enrich its expression. Our model is a dual-task Siamese network [13], which
employs encoder-decoder PLMs like BART [14], T5 [15], and FLAN-T5 [16] to capture the mapping between
input and output better. These two tasks, graph-to-text generation and entity alignment, have complementary
focal points in their generative capabilities. Graph-to-text generation involves producing relation-descriptive
texts from specific entities and generalized relations. In contrast, entity alignment involves concretizing
entities within texts using generalized entities from specific relation-descriptive texts. The training with
shared parameters simultaneously enhances the concretization capabilities of both relations and entities,
while improving sentence generalization and maintaining the coherence and consistency of the content. Fig. 1
shows an example of the generation process; the model is flattened in sequential order. The graph-to-text
implementation enables content generation, followed by entity alignment, which focuses on adjusting entities
according to the context to ensure paragraph coherence and avoid issues such as repetition. Our work focuses
on generating abstract paragraphs in the field of NLP and computational linguistics, and our contributions
are summarized as follows:

• We implement a simple approach to construct a KG-Text paired abstract dataset using abstracts from
the ACL Anthology 1, expanding triples into quadruples by adding a sentence label element to mark the
knowledge graph differentially and for label-guided text generation 2.

1https://aclanthology.org/
2Our dataset is publicly available at http://lepage-lab.ips.waseda.ac.jp/projects/scientific-writing-aid/ (accessed on 31 March 2025).

https://aclanthology.org/
http://lepage-lab.ips.waseda.ac.jp/projects/scientific-writing-aid/
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• We propose a method based on a Siamese network that achieves both graph-to-paragraph generation
and entity alignment, guaranteeing the generation of a complete abstract while maintaining content
consistency and coherence.

• The experiments on ACL-AGD demonstrate that our method enables the appropriate position distribu-
tion and frequency of entities within a paragraph. The label provides rhetorical information that guides
the production of diverse expressions and contributes to a stable paragraph structure.

Figure 1: The generation process of the proposed method. On the left is the actual knowledge contained in a sentence
from the paragraph, while on the right is the process from the initial input to the final generated output

2 Related Work

2.1 Text Generation for Abstract
Text generation for abstract is a type of text summarization task [3], mainly focused on generating the

abstract section of a scientific paper; models are built to generate a complete abstract by assembling the key
information extracted from the input. The main difference among text generation tasks for abstract lies in the
length of input data; they can be categorized into: document-based [17], paragraph-based [18], and sentence-
based generation [19]. This also reflects the difference in information density, which is the proportion of
useful information in the total text. For example, the information density in a document may be lower due to
redundant or irrelevant information, whereas heuristic generation [19] based on associative ideas has a very
high input information density. However, the knowledge graph explicitly represents key information, making
the generation process more controllable and interpretable than the implicit extraction used in the text-to-
text mentioned above generation methods. It also provides a high-density information expression and serves
as a unified intermediate representation, allowing researchers to focus less on the length or format of the
text. Moreover, the ease of storage and scalability of knowledge graphs and their various other benefits, open
up numerous possibilities for future text generation [20]. Therefore, generating scientific abstracts requires
leveraging the capabilities of knowledge graphs to achieve comprehensive and accurate summarization of
complex research findings, facilitating better understanding and discovery within the scientific community.
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2.2 Graph-to-Text Generation
The knowledge graph is composed of entities, relations, and structure. Such hierarchical structures

are difficult for neural networks to capture and describe, so many efforts have focused on graph structure
awareness [7–9]. Specifically, the methods would encode a graph’s neighborhood information and decode its
corresponding textual representation. With the advent of PLMs such as BART [14] and T5 [15], these models
have been directly adapted and fine-tuned for the graph-to-text generation task. Considering the limitations
of sequence-to-sequence models in handling hierarchically structured graphs, leveraging PLMs requires the
linearization of knowledge graphs. These approaches [10–12] directly shift the input from knowledge graph
to text. While it may not enable a direct grasp of the knowledge structure, it significantly boosts the generated
text output’s efficiency and quality. Most related work focuses on sentence-level generation, and even when
training on databases that include paragraphs, such as Abstract GENeration DAtaset (AGENDA) [21,22], the
output remains sequential at the sentence level. Consequently, these models lack a holistic understanding of
abstract paragraphs, resulting in issues with readability and comprehension. Specifically, paragraph genera-
tion suffers from problems such as entity repetition, excessive semantic similarity, and lack of coherence. To
address these, we implement a Siamese network to enhance graph-to-text generation. Due to the necessity
of introducing sentence labels into the knowledge graph and aligning with the latest research abstracts, we
construct ACL-AGD that pairs the knowledge graph with text. Following this, in this paper, we then detail the
implementation process of the Siamese network, and the experiments validate the superiority of our method
in generating abstract paragraphs, demonstrating improved content consistency and coherence.

3 Data Construction
The initial work is to extract knowledge graphs from abstracts in the field of NLP and computational

linguistics. We introduce the ACL Abstract Graph Dataset (ACL-AGD), where the abstracts are derived from
the ACL Anthology. The BibTeX database on the official site catalogs 84,220 publications in computational
linguistics and NLP, encompassing a broad spectrum of ACL conference proceedings, journal articles, and
contributions from non-ACL events, covering the period from 1965 to 2023. The abstracts in the ACL
Anthology exhibit a technical, precise academic style. The detailed statistics of the dataset can be found
in Section 5.1. The process involved two steps to meet our requirements: zero-shot learning for knowledge
extraction and few-shot learning for sentence labeling.

3.1 Zero-Shot Learning for Knowledge Extraction
We utilized the Princeton University Relation Extraction (PURE) system [23] to construct the knowl-

edge graph. The pre-trained model of PURE was trained on the SciERC dataset [22]. Its vocabulary was
expanded to enhance coverage. The system utilizes a flexible text span estimation to predict entities, including
six types (shown in Table 1): Task, Method, Generic, Metric, Material, or Other Scientific Terms. Once
the entity types are predicted, the system estimates the relationships between the entities, which include
Compare, Used-for, Part-of, Feature-of, Hyponym-of, Evaluate-for, and Conjunction (shown in Table 1).
These relationships offer a clear understanding of the connections and dependencies among the entities in
the knowledge graph.
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Table 1: Overview of entity, relation, and sentence label types in ACL-AGD

Name Types
Entity Task, method, generic, metric, material, other scientific terms

Relation Compare, used-for, part-of, feature-of, hyponym-of, evaluate-for, conjunction
Sentence label Background, objective, methods, results, conclusions

3.2 Few-Shot Learning for Sentence Labeling
Labeling the sentences within the abstract is essential for assigning labels to the knowledge graph. A few-

shot learning approach trains a BART-based classifier [14]. The training data is sourced from the CS Abstracts
Dataset [4], which consists of 654 abstracts specifically about the field of computer science, collected through
crowdsourcing and collective intelligence. The sentences within these abstracts are categorized into five
classes (shown in Table 1): Background, Objective, Methods, Results, and Conclusion. We provide automatic
labeling for each knowledge point based on the classification results of the previous five classes. The labeling
pipeline operates under a fixed model configuration, guided by a minimal set of labeled examples from the
CS Abstracts Dataset [4]. During deployment, the model computes confidence scores for each class, selecting
the highest-confidence label as the final assignment. By standardizing label definitions and maintaining a
consistent model setup, this process ensures reproducibility and guarantees consistent performance at scale.

We ascertain the reliability of the automatic labeling process by having two Large Language Models
(LLMs) independently perform the same labeling task. We consider these LLMs, Deepseek-V2-16B and
Gemma2-9B, as additional judges and compute the inter-annotator agreement between our automated
labeling pipeline and these additional judges under the same label definitions and a small set of example-
based prompts. This setup was applied to 500 validation examples. We then aggregated the outputs from
these models and calculated Fleiss’ Kappa to measure the inter-annotator agreement, indicating how strongly
different annotation sources converge beyond chance. Our final Fleiss’ Kappa score of 0.64 suggests a
meaningful level of correlation among the models, indicating that the labeling process are reasonably reliable.

4 A Siamese Network for Graph-to-Text Generation

4.1 Problem Definition
In an abstract, the knowledge graph is represented as a set G = {G1 , G2, . . . , Gn}. At the same time, the

corresponding sentences are denoted by a sequence T = {T1 , T2, . . . , Tn}, where n represents the number of
text sequences. The objective is to convert knowledge graph G into a corresponding text sequence T through
the model f ∶ G → T . Each knowledge graph Gn is comprised of a set of quadruples Gn = {g(ei , ri j , ln , e j) ∣
for each g in Gn , ri j ∈ R, ln ∈ L}, where ei and e j denote the entities, and ri j represents the relation between
them, ln the label identifying the n-th text sequence, R and L are the sets of possible types mentioned
in Table 1. While the model generates text Tn utilizing a linearized knowledge graph Gn , it maintains output
control under condition ln . At each time step z, the decoder is required to generate the next word wt , adhering
to the sentence label ln :

P(Tn , ln ∣ Gn , ln) =
k
∏
z=1

P(wz ∣ ln , w1 , . . . , wz−1) (1)

This form of controlled text generation is frequently observed in the style transfer task [24]. Our work
deviates from the opposing text style transfer, f (Tl1 , l2) ←→ f (Tl2 , l1), as it involves multi-label transfer and
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operates on a knowledge graph that lacks an intrinsic style, f (G , l ∈ L) �→ f (T , l ∈ L). We implement a
strategy where specific conditions are rigorously applied, ensuring the generated text aligns accurately with
a pre-defined label [25].

4.2 Input Format Design
Our input consists of an entire paragraph of knowledge graphs segmented using sentence labels. The

format needs to be designed accordingly to ensure alignment between input and output. First, special tokens
divide the target sentence Tn into two parts. Tn ∶ <l>ln</l><s>w1 , w2 , . . . wk</s>.

As shown in Table 2, <l></l> and <s></s> are special tokens for marks of the label and sentence. To bet-
ter align the mapping Tn , the input Gn is formatted as follows: Gn ∶ <l>ln</l>< p>ei<r>ri j<q>e j < p > . . ..
The linearized knowledge graph is input in the same order as it is extracted in the dataset. The ln of the
quadruple knowledge is extracted to the beginning of the input, with the subsequent input remaining in the
form of [first entity, relation, second entity]. This requires special tokens to mark the components, which are
< p >, <r>, and <q>. Another input for our model is used for entity alignment. The main difference from
the target sentence Tn is the active masking of ln as <MASK>. This process aims to re-label the generated
sentence, facilitating mutual influence between the label and the sentence. To adjust the entities, randomly
mask them according to their type E ∈ E in Table 1, and align these entities based on the given sentence.
The entity type also needs special tokens to mark it, which is <w></w>. The input T′e is denoted as follows:
T ′e ∶ <l><MASK></l><s> . . . <w><E></w> . . . </s>.

Table 2: Special tokens for the input format design

Token Description
<l></l> Label mark
<s></s> Sentence mark
<w></w> Entity type mark
<p> First entity
<q> Second entity
<r> Relation

4.3 Overview of the Model
As illustrated in Fig. 2, a dual-task Siamese network model performs two main tasks: graph-to-text

generation and entity alignment. The network leverages pre-trained language models built on the encoder-
decoder frameworks of BART, T5, and FLAN-T5, we name them as Siamese-BART, Siamese-T5, and
Siamese-FLAN. Previous researches [10–12] have shown that these models possess a notable ability to adapt
to graph-to-text tasks. ϕ(⋅) represents the density distribution of the average word embedding vector [26], the
closer ϕ(⋅) is to ϕ(T ), the more similar it is to the target text T . Fig. 2 provides an example of this distribution
for a specific result. Here, ϕsing l e(Tg) denotes the distribution by our independently trained model (flan-
t5-large) only for graph-to-text generation. However, achieving high similarity is challenging due to the
limited capacity of ϕsing l e(Tg) to approximate ϕ(T )using only entities and generalized relations. To improve
the similarity, we introduce entity alignment, which focuses on complementing and concretizing entities
within the target text during training. It replaces all entities in the target text T with their corresponding
entity types to obtain T ′e . As most of the text is preserved, ϕ(Te) is sure to closely approximate ϕ(T ).
It provides the model with detailed relations and the capacity to concretize entities. This approach differs
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from related works [27] that seek entity alignment at the graph level. Utilizing a Siamese network ensures
the symmetrical behavior of the sub-networks and allows for comparison within the same feature space,
facilitating complementary capabilities. Therefore, in training, the goal is for ϕ(Tg) to approximate ϕ(Te)
while both also approach ϕ(T ).

Figure 2: An overview of the Siamese network. The text generation processes for training and testing are distinguished
by blue and red, respectively. During training, G and T ′e are simultaneously input into the pre-trained language model
(PLM) with shared weights. In testing, we implement a flattened process to achieve graph-to-text generation

A flattened generation process is implemented during the test as outlined in Eq. (2). The input is a
linearized paragraph knowledge graph G used for content generation to obtain Tg . We adjust 30% of the
entities in Tg to obtain T ′e ; the percentage is confirmed as optimal through our experiments. The latter part
T ′e → T involves the adjustment of entities, primarily focusing on reevaluating the suitability of entities as
fixed word combinations based on the context and minimizing entity repetition. During training and testing,
entity alignment also masks the sentence labels as special tokens. This strategy aims to enhance that sentence
generation closely adheres to its corresponding sentence label. If the label in Tg matches the re-predicted label
in T, it is considered to have stable sentence features. Through the proposed method, our ϕ(T�) approximates
more closely ϕ(T ) compared to ϕsing l e(Tg).

f ∶ G → Tg → T ′e → T (2)

Tg = f1(G , θ) and Te = f2(T ′e , θ) are the outputs of two models that share the parameter θ. Our goal is
to make the texts generated by the two models as similar as possible while also aligning the outputs with the
target text T :

θ̂ = arg min
θ̂
[H(Tg , T , θ̂) +H(Te , T , θ̂) + dis(Tg , Te , θ̂))] (3)

dis(⋅) is the distance measurement function, and H(⋅) is the cross entropy function. KL-divergence is to
measure the similarity between the two outputs. For the k-th sample in the dataset, the inputs are the graph
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Gk and the entity-masked text T ′e ,k , the outputs of the two models are Tg ,k = f1(Gk , θ̂) and Te ,k = f2(T ′e ,k , θ̂).
The formula for calculating the average KL divergence loss for all samples is:

LKL(Tg∥Te , θ̂) = 1
N

N
∑
k=1
∑

z
P(Tg ,k(z)) log

P(Tg ,k(z))
Q(Te ,k(z))

(4)

P(Tg ,k(z)) and Q(Te ,k(z)) are the probability distributions of the z-th output for the k-th sample from
models f1 and f2. Cross entropy measures how close each output is to the target sentence T , and the loss
function is defined as follows:

LH(Tg , T ; θ̂) = − 1
N

N
∑
k=1
∑

z
log P(Tk(z) ∣ Tg ,k(z); θ̂) (5)

LH(Te , T ; θ̂) = − 1
N

N
∑
k=1
∑

z
log P(Tk(z) ∣ Te ,k(z); θ̂) (6)

Tk is the target text for the k-th sample. Thus, our overall loss function incorporates the three losses
mentioned above and is defined as follows:

L(Tg , Te , T ; θ̂) = LH(Tg , T ; θ̂) +LH(Te , T ; θ̂) +LKL(Tg ∣∣Te) (7)

Knowledge Graph Completion: We adopt a zero-shot learning method to extract knowledge graphs.
Still, it does not rely on retraining the model, causing some texts not to adapt to the task, which results in
difficulties in entity extraction and relation recognition, leading to some sentences lacking corresponding
knowledge graphs. This paper will complete the knowledge within the paragraph to address the issue of
paragraph coherence caused by missing information. This work is inspired by the paragraph completion
task [28], where adjacent sentences share certain information to maintain coherence.

We designed an Algorithm 1 to extract adjacent knowledge graphs. First, the positions of the adjacent
sentences are located based on the position i of the sentence with missing information. The number of
quadruples extracted is the average number of adjacent quadruples, with a priority given to quadruples
containing high-frequency entities. If the quantity is insufficient, filling is done according to the input order.
Finally, the labels in the quadruples are replaced with the current sentence label.
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Algorithm 1: Knowledge graph completion for missing information in a paragraph
1: Input: Knowledge graphs in paragraph G = {G1 , G2, . . . , Gn}. i is the missing information position
2: Output: Graphs(Gi): with completed knowledge graphs.
3: Gi ← ∅

4: AdjGraphs(G) ←

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

{Gi+1 , Gi+2} if i is at the beginning
{Gi−1 , Gi−2} if i is at the end
{Gi−1 , Gi+1} otherwise

5: AvgQuadruples← ∑AdjGraphs(G)
2

6: Graphs(Gi) ← prioritize by EntityFreq{AdjGraphs(G)}
7: if ∣Graphs(Gi)∣ < AvgQuadruples then
8: Add {AdjGraphs(G)(next in order) ∩Graphs(Gi)} until reaches AvgQuadruples
9: end if

10: for each quadruple g in Graphs(Gi) do
11: Replace labels in g with the current sentence label
12: end for
13: return Graphs(Gi)

Our training is based on linearized discrete knowledge and does not provide the structural information
of the knowledge graph, which enables the model to adapt to randomly assembled knowledge. Additionally,
using sentence labels to guide diverse sentence expressions and adjusting for entities reduces semantic
repetition issues between adjacent sentences, even when sharing knowledge graphs.

5 Experiments

5.1 Analysis of ACL-AGD
Table 3 presents the statistics for ACL-AGD. By filtering, 35,063 abstracts were obtained, excluding

non-English articles and those without extracted abstracts. These abstracts comprise 189,601 sentences, each
corresponding to an equal number of sentence labels, with an average of 5.41 sentences per paragraph.
In total, 552,749 entities were extracted, averaging 15.76 entities per abstract. In addition, these abstracts
collectively contain 258,394 relations (quadruples), averaging 7.37 per abstract.

Table 3: Statistics for ACL-AGD. The table focuses on three aspects of the data: the number of sentences, relations, and
entities. Each aspect shows the total, average, and standard deviation per abstract

Aspect Total number Ave. per abstract ± std. dev.
Abstracts 35,063

Sentences (labels) 189,601 5.41 ± 1.76
Relations (quadruples) 258,394 7.37 ± 4.52

Entities 552,749 15.76 ± 5.79

Fig. 3 illustrates the distribution of the number of sentences, relations, and entities within an abstract.
We find that 812 abstracts (2.3% of the total) do not produce any knowledge graph, and 42 abstracts (0.1% of
the total) do not deliver any entity, indicating that identifying entities does not necessarily imply obtaining
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knowledge graphs. Because a quadruple contains two entities, it is reasonable that the average number of
entities in an abstract is approximately twice that of relations. The number of sentences should correlate with
the number of knowledge graphs. The more sentences there are, the more knowledge graphs can potentially
be extracted. Fig. 3 shows that the count of abstracts in terms of sentences and the count of abstracts in
terms of relations follow a similar trend, validating the sustainability and stability of the method applied for
extracting knowledge graphs.

Based on the Taxonomy of Fields of Study in NLP [29], we classify the abstracts into 13 fields, with the
results shown in Fig. 4. The category “Others” includes abstracts that could not be confidently assigned to
any specific field. The classification is performed using DeepSeek V2-16B.

Figure 3: Distribution of the number of sentences, graphs, and entities within an abstract, indicating the maximum,
minimum, and average values for the corresponding attributes

Figure 4: Distribution of research fields in ACL-AGD

5.2 Experimental Setup
The experiments were conducted on ACL-AGD, with the train/test/dev randomly split into

33063/1000/1000. Our models were trained on two Nvidia RTX A6000 GPUs (48 GB each). The training
process was conducted with the following hyperparameters: a learning rate of 3e-5, 30 training epochs,
a batch size of 2, a maximum sequence length of 512, a beam size of 4, and a repetition penalty of 2.0.
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Following related work [11], we employed Supervised Task Adaptation (STA) training before fine-tuning our
model to enhance its domain-specific text understanding. Instead of using a knowledge graph (KG) as input,
the model was trained with target texts containing 15% masked tokens, aiming to reconstruct the original
domain-specific text as output.

Baselines: For our experiments, we employed Siamese models using base and large variants of
BART [14], T5 [15], and FLAN-T5 [16], with model parameters obtained from Huggingface’s GitHub 3. BART
is a transformer-based model trained with a denoising objective, making it well-suited for text generation
and summarization. T5 treats all NLP tasks as text-to-text transformations, offering a versatile approach to
tasks like translation and question answering. FLAN-T5 extends T5 by incorporating instruction tuning,
allowing it to generalize better across different tasks, especially in zero-shot and few-shot settings. As baseline
models, we included those trained directly on ACL-AGD, meaning they mapped the linearized knowledge
graph directly to text. We also retrained the Grafomer [30], which leverages shallow networks to capture
global structural patterns. T5-Adaptation [11] incorporates task adaptation for optimizing text generation
from linearized knowledge graphs and uses PLMs such as BART and T5. We selected the optimal T5-large
model from this paper. This model had been fine-tuned on the AGENDA dataset [21,22], and we further fine-
tuned it on ACL-AGD. In addition, as another baseline to evaluate the capability of a general-purpose large
language model for our task, we investigate the performance of a GPT-based model. We adopt the prompt
design and parameter settings of [31], which examines GPT models in graph-to-text generation, and apply
them to our ACL-AGD dataset.

Evaluation Metrics: We followed previous work [8,11] and primarily measured the similarity between
the generated and reference texts. The evaluation metrics utilized, implemented using Hugging Face’s
evaluate library, are BLEU-4 [32], which calculates n-gram precision with a brevity penalty to balance fluency
and accuracy; METEOR [33], which incorporates synonym matching and stemming for a more flexible
evaluation; chrF++ [34], a character-level F-score metric well-suited for morphologically rich languages; and
ROUGE-L [35], which measures recall based on the longest common subsequence. In addition, we employ
BERTScore’s precision [36] to evaluate the semantic similarity of texts, aligning meaning rather than exact
wording using contextual embeddings.

5.3 Results on ACL-AGD
The results, as shown in Table 4, illustrate the different performance in generation quality across

various methods and models. Both Graformer [30] and T5-Adaptation [11] validate the effectiveness of our
ACL-AGD, demonstrating that knowledge extraction under zero-shot learning can effectively describe the
corresponding text. Moreover, the performance of pre-trained language model [11] exceeds that of non-
pretrained language model [30]. GPT-3 [31] achieves a relatively high BERTScore (90.91), indicating strong
semantic alignment with reference texts. However, as a non-finetuned model, its BLEU score (7.52) and
ChrF++ (38.61) are the lowest among the models, suggesting that while prompt-based generation preserves
meaning, it lacks lexical precision and surface-level similarity to the target abstracts. Single-BART, Single-T5,
and Single-FLAN represent models trained only for graph-to-text generation, with the input being quadruple
knowledge graphs. Compared to our method, these models do not incorporate knowledge completion and
entity alignment. However, Single-T5 and Single-FLAN produced the poorest results because the input is
a sequence of paragraph knowledge graphs rather than being split into individual sentences. They excel at
generating continuous long texts, which, for our task, leads to the generation of much irrelevant content,

3https://github.com/huggingface (accessed on 31 March 2025)

https://github.com/huggingface
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as a single sentence label can result in multiple sentences. In contrast, BART-based models do not exhibit
this issue.

Furthermore, when training the Siamese network, the model, with shared weights for entity alignment,
effectively restricts the generation of overly long texts, and the output sentence format aligns well with the
designed input format of this paper. Fig. 5 presents the statistical distribution of the number of sentences
in the output generated by various models. The Siamese-T5-large and T5-Adaptation models exhibited
significant fluctuations in the number of sentences generated, though the Siamese network structure partially
mitigated this variability. Conversely, Siamese-BART-large models consistently produced a lower range of
sentence counts, demonstrating a propensity for generating more concise text. Remarkably, the Siamese-
FLAN-large model maintained a moderate and stable range of sentence counts, highlighting its superior
stability and consistency, making it particularly well-suited for tasks requiring reliable output.

Table 4: Performance comparison of various methods and models on ACL-AGD

Model BLEU METEOR Chrf++ ROUGEL BERTScorePScale, Architecture
Graformer [30] 9.75 28.30 42.97 35.86 89.17
T5-Adaptation [11] 13.42 34.21 46.78 38.20 87.32
GPT-3 [31] 7.52 30.16 38.61 35.45 90.91
BART [14]

Base, Single 12.12 35.81 44.79 36.40 86.53
Large, Single 11.56 34.18 42.67 37.22 87.71
Base, Siamese 12.28 32.28 42.25 38.90 88.23
Large, Siamese 13.40 38.59 47.98 40.89 87.30

T5 [15]
Base, Single 5.87 24.12 39.45 37.98 80.75
Large, Single 8.46 30.48 40.97 40.14 87.45
Base, Siamese 16.58 37.16 50.46 45.16 90.44
Large, Siamese 17.09 38.16 52.01 45.20 90.01

FLAN [16]
Base, Single 4.73 22.98 38.45 33.44 79.03
Large, Single 10.75 31.89 46.11 35.79 87.12
Base, Siamese 16.86 36.82 50.01 44.89 90.10
Large, Siamese 17.29 37.73 52.93 44.75 91.21

Note: Bold numbers represent the optimal values for each metric, and gray rows highlight the
best-performing model.

In our method, T5-based models outperform BART-based models and significantly exceed the per-
formance of the Grafomer and T5-Adaptation models. In Table 4, the bolded numbers represent the best
values for the corresponding metrics. Siamese-FLAN-large demonstrates optimal performance, achieving
the highest BLEU-4, Chrf++, and BERTScore. These metrics demonstrate that our method’s output is
closer to the reference, providing preliminary evidence of its advantage in content consistency. However,
excessive consistency is not always desirable, so further investigation into content coherence and related
issues is needed.
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Figure 5: The distribution of sentence count in outputs from different models

5.4 Evaluating Content Coherence with Entities
In this part, we will analyze paragraphs from the perspective of entities, focusing on two main aspects:

frequency and position distribution. We first assume that entities have a strong correlation with semantic
content. If an entity appears consecutively in adjacent sentences, this can be considered an indication of
content coherence. However, there should be an appropriate frequency: an entity should not appear too
frequently within a sentence for content consistency, nor should it be too dispersed to maintain content
coherence. For graph-to-text generation, the frequency should be comparable to the reference text’s. Too low
a frequency results in information loss, while too high a frequency leads to redundancy.

Fig. 6 is an intuitive example that demonstrates the frequency and positional information of entities
within a paragraph, comparing the models Graformer [30] and T5-Adaptation [11], our method (Siamese-
FLAN-large), and the reference. The top four figures show the “Entity Frequency Ratio”, which measures
the ratio of an entity’s frequency in the paragraph to its frequency in the knowledge graphs. The bottom
four figures show the “Entity Grid”, which illustrates the position of an entity in the sentences along with its
frequency. In summary, our entity frequency ratio (b1) is closer to the reference (a1). Although the position
distribution of Graformer (c2) is more similar than ours (b2) when compared to the reference (a2), ours
(b2) shows the consecutive occurrence of entities in adjacent sentences. While (d2) may indicate content
coherence, it also reflects redundancy and high repetition of entities.

To better quantify these analysis examples, we design four handcrafted features based on the entity grid
matrix Mb×v (where b is the number of sentences and v is the number of entities).

1. The frequency ratio, sum(Mgen)/sum(Mref). The closer it is to 1, the more similar entity frequencies
they have.

2. The maximum frequency, max(M), is the maximum value in the matrix.
3. The average length of runs. Runs refer to groups of consecutive identical elements in each column of

M (representing an entity). This can identify the occurrences of an entity in adjacent sentences, thereby
measuring content coherence. The average length of consecutive identical elements measures how many
sentences, on average, an entity spans consecutively.

4. Hamming distance, d(Mgen, Mref) = ∑n
i=1 δ(mgen, i , mref, i), where m represents the elements in the

matrix, δ is the indicator function, which is 0 if the values are the same and 1 if they are different. This
measures whether the position distribution is similar to that of the reference.
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Figure 6: An example comparing the entity frequency ratio (top) and the entity grid (bottom) for the reference and
the outputs of Siamese-FLAN-large, Graformer [30], and T5-Adaptation [11]

Table 5 shows the performance of the three models on our handcrafted features. Graformer [30]
achieved the smallest Hamming distance, indicating a similar entity position distribution to the reference
text. However, it has a frequency ratio of 0.94, which is less than 1, indicating information loss and sparse
position distribution. At the same time, it has the highest maximum frequency, implying that situations
like those in Fig. 6 (c2) often occur, where a single sentence has a high repetition of an entity due to the
model’s tendency to maintain content consistency excessively. Furthermore, the lowest average length of runs
value indicates that entities do not appear consecutively in adjacent sentences. Coupled with the previously
analyzed information loss, this suggests that the paragraphs generated by Grafomer [30] lack coherence.

Table 5: Comparison of three models (Siamese-FLAN-large, Graformer, and T5-Adaptation) across handcrafted
features

Models Frequency ratio Max (M) ↓ Ave.Len.Runs ↑ Hamming ↓
Reference 1 1.67 ± 0.90 1.29 ± 0.28 –

Graformer [30] 0.94 ± 0.26 2.07 ± 1.65 1.19 ± 0.20 ⧫ 3.03 ± 3.62
T5-Adaptation [11] 1.46 ± 0.77 1.51 ± 0.66 ⧫ 2.13 ± 1.72 8.23 ± 6.99

Siamese-FLAN-large 1.35 ± 0.53 ⧫ 1.45 ± 0.58 1.96 ± 1.28 8.19 ± 6.64

Note: ⧫ represents the optimal values for the corresponding features.

The results of T5-Adaptation [11] have strong content coherence, with the most extended average run
length. However, this leads to information redundancy because, although the maximum frequency of entities
is similar to our method, the high-frequency ratio means that entities are highly repetitive throughout the
paragraph, which also indicates that the entity distribution is too uniform, as exemplified in Fig. 6 (d2), the
entity “isotropy calibration” appearing consecutively in six sentences is unreasonable.
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Our method demonstrates a strong ability to balance content consistency and coherence. While our
average length of runs is not as high as T5-Adaptation’s, it is around 2, indicating that an entity frequently
appears in two adjacent sentences, leading to a uniform and reasonable position distribution. Our entities’
frequency is higher than the reference text, but we perform entity alignment, which leads to a reduction in
the maximum entity frequency. The content determines the substituted entity and falls within an appropriate
frequency range. Therefore, our method ensures a robust uniform position distribution and appropriate
entity frequency range, maximizing content and paragraph structure integrity.

5.5 Evaluation of Linguistic Quality and Diversity
This part assesses the quality and diversity of the generated text using Perplexity and Distinct-2.

Perplexity evaluates fluency and coherence by measuring the inverse probability of a text under the language
model, normalized by word count. Lower values indicate more predictable and natural text (1–10: fluent,
10–50: reasonable, 50+: unnatural). Distinct-n quantifies lexical diversity by computing the ratio of unique
n-grams to the total number of n-grams in the text. A higher Distinct-n value indicates more varied
expressions, while a lower value suggests repetitive patterns.

As shown in Table 6, FLAN-Siamese-large achieves the highest lexical diversity (Distinct-2: 0.78) while
maintaining a competitive perplexity (20.5), demonstrating its ability to generate varied and less repetitive
text without a significant loss in fluency. Compared to other models, Graformer shows the lowest perplexity
(12.3) but suffers from severe redundancy (Distinct-2: 0.35). T5-siamese-large, despite its high diversity
(Distinct-2: 0.72), has the highest perplexity (28.4), indicating lower confidence in generation. BART-
siamese-large offers a more balanced performance (Perplexity: 14.8, Distinct-2: 0.65) but does not surpass
FLAN-Siamese-large in diversity. These results highlight FLAN-Siamese-large as the most effective model
in producing diverse yet fluent text, making it a strong candidate for graph-to-text generation.

Table 6: Perplexity and Distinct-2 scores for different models

Model Perplexity Distinct-2
Graformer [30] 12.3 0.35

T5-Adaptation [11] 25.7 0.50
BART-siamese-large 14.8 0.65

T5-siamese-large 28.4 0.72
FLAN-Siamese-large 20.5 0.78

5.6 Ablation Study
Entity alignment: Here, we aim to validate two aspects: (1) whether the percentage of entities selected

for alignment affects the quality of the generated text and (2) what is the level of similarity between the
aligned entities?

Table 7 illustrates the impact of different alignment percentages on the quality of the generated text
using the Siamese-FLAN-large model. During training, 100% of entities were aligned to enhance the model’s
generalization ability. However, an excessively high replacement percentage during testing can alter the
context. If any of the preceding entities deviates, it can cause the entire sentence to deviate. We tested four
thresholds, 0%, 30%, 50%, and 100%, with 0% representing no alignment and 30% ensuring that at least one
entity per paragraph is aligned. As indicated in Table 7, when the percentage is 0% or 30%, the difference in
the generated paragraphs is minimal. A small amount of replacement does not significantly affect semantic
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content. However, if half or all entities are aligned and replaced, the similarity to the reference is severely
reduced, indicating that an excessive percentage of entities selected for alignment significantly impacts the
quality of the generated text.

Table 7: Impact of entity alignment percentage on output quality

Percentage of entities aligned BLEU METEOR Chrf++ ROUGEL BERTScoreP

100% 14.14 33.55 46.71 35.99 87.59
50% 14.73 35.00 47.99 41.37 87.80

✓30% 17.29 37.73 52.93 44.75 91.21
0% 18.12 38.46 52.75 45.42 90.24

Note: ✓ represents the selected percentage. This experiment is conducted on the model: Siamese-
FLAN-large.

We also measured the average similarity of aligned entities using Sentence-BERT [37] by calculating
their cosine similarity (ranging from 0 to 100). As shown in Fig. 7, we tested three models: Siamese-
BART-large, Siamese-T5-large, and Siamese-FLAN-large. At the same percentage of alignment, these models
exhibited similar alignment capabilities, with only minor differences in average similarity. However, as
this percentage increases, the aligned entities become increasingly dissimilar to the original entities. When
reaching 100%, Siamese-T5-large only achieved an average score of 58. Excessive replacement leads to content
generalization in sentences, thereby impacting the accuracy of identifying similar entities. Therefore, we
adjusted 30% of the entities during the generation process, as high similarity in experiments demonstrated
the effectiveness of this level of entity alignment.

Figure 7: The average similarity of aligned entities and performance variation for Siamese-BART-large, Siamese-T5-
large, and Siamese-FLAN-large across different alignment percentages

Sentence label and knowledge completion: Our proposed method involves two preprocessing steps
for the input of knowledge graphs. First, the sentence label in the quadruple serves as a prompt to guide
the model in generating sentences with corresponding sentence features. Second, to address the problem
of incomplete knowledge graphs, knowledge completion is performed to fill in the missing information.
Therefore, we investigate the impact of these two preprocessing steps on the generation results, results shown
in Table 8. Adding a label prompt and performing knowledge completion significantly improves these scores.
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The absence of knowledge graphs within a paragraph results in incomplete or randomly generated text, lead-
ing to lower metrics. Compared to results generated without label prompts, the performance is significantly
worse. This is because the label provides rhetorical information rather than semantic information. It can
guide the sentence to produce diverse expressions but cannot help with content completion and association.
Diverse expressions result in the generation of typical lexical bundles [38] in the text. For example, “we
propose” is commonly found in the “Methods”, and “our experiments show” is typical in the “Results”. Texts
with these lexical bundles further improve the scores.

As introduced in the data construction for ACL-AGD, a BART-based classifier was trained using
the CS Abstracts Dataset [4] to label our knowledge graphs. This classifier here aims to evaluate whether
adding labels can help the model generate sentences with corresponding features. Without labels and with
only knowledge completion, the generated sentences matched the reference labels only 56.12% of the time.
However, by adding labels, this probability increased to 89.45% and 86.17%, thereby demonstrating that
prompts can significantly influence sentence expression, but the prerequisite is that these expressions must be
discernible. Furthermore, the model was trained to predict the masked label in T ′e during entity alignment.
In testing, the label was consistent between To and Tg at a rate of 98.16%. This high accuracy is mainly due
to the label guidance provided during sentence generation.

Table 8: Ablation study for sentence label and knowledge completion

Method BLEU METEOR Chrf++ ROUGEL BERTScoreP ACC. (%)
Siamese-FLAN-large
+ label (w/o completion) 13.20 35.90 47.72 43.47 87.44 86.17
+ completion (w/o label) 15.69 35.41 49.00 43.29 90.13 56.12
+ label, completion 17.29 37.73 52.93 44.75 91.21 89.45

Label prediction – – – – – 98.16

Note: Label prediction reports the prediction of label masking during entity alignment.

5.7 Case Study
In this part, we present illustrative examples comprising three cases: generation guided by different

sentence labels under the same knowledge graph, an overall comparison of the generated outputs and the
generation process.

Generation based on sentence labels using a shared knowledge graph: As shown in Table 9, the model
can generate different texts with different modes of expression in the text under the guidance of labels. These
texts accurately convey the knowledge structure and relationships; the key difference lies in the additional
rhetorical information provided by the labels. For example, “In recent years” is a specific form of expressing
background information. In the “Objective” section, the simply present tense “we study” is used, while in
the “Results” section, the present perfect tense is employed. These variations align with the characteristics of
the corresponding sentences. This demonstrates that even with highly similar knowledge, our method can
maintain coherence rather than produce similar sentences.
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Table 9: Generation using various sentence labels with a shared knowledge graph

Input <p> large-scale vision-language pre-training <r> USED-FOR <q>multimodal
alignment tasks <p> image-text pair data <r> USED-FOR <q> large-scale

vision-language pre-training <p> image-text pair data <r> USED-FOR <q>
dual-stream architectures

Background <l>BACKGROUND</l>In recent years large-scale vision-language pre-training has
achieved impressive results on multimodal alignment tasks by leveraging image-text

pair data to pre-train dual-stream architectures
Objective <l>OBJECTIVE</l>In this paper we study the problem of multimodal alignment

tasks by large-scale vision-language pre-training on image-text pair data in
dual-stream architectures

Methods <l>METHODS</l> Existing large-scale vision-language pre-training mainly focuses
on multimodal alignment tasks by leveraging image-text pair data to train

dual-stream architectures
Results <l>RESULTS</l>The large-scale vision-language pre-training on large image-text

pair data has achieved remarkable performance in multimodal alignment tasks by
enabling the dual-stream architectures to align the representations of the two

modalities
Conclusion <l>CONCLUSIONS</l>To the best of our knowledge we are the first to conduct

large-scale vision-language pre-training on multimodal alignment tasks using
image-text pair data to pre-train dual-stream architectures

Generation process: Our text generation process follows: G → Tg → T ′e → T , ultimately achieving a
graph-to-text generation. In Table 10, the label positions and the entities needing alignment are differentiated
using color coding. We observed that only one sentence label changed during the second round generation,
which did not affect the overall generated text. The entity changes were minimal, and the replaced entities
were similar to the original ones, aligning well with the content. The generated texts exhibit high readability,
content consistency, and logical coherence, effectively summarizing the information conveyed by the
knowledge graphs.

Table 10: An example illustrating the generation process, using different colors to distinguish labels and entities

Process Content
Input G⇓ <l>METHODS</l> <p> TMU Japanese-to-English system <r> USED-FOR

<q>WAT 2021 restricted translation task <p> semi-autoregressive model <r>
USED-FOR <q> TMU Japanese-to-English system <l>METHODS </l>
<l>METHODS</l> <p> semi-autoregressive model <r> USED-FOR <q>
constraint <l>BACKGROUND</l><l>METHODS</l> <p> GIZA++ <r>

USED-FOR <q> RTVs <l>METHODS</l> <p> system <r> USED-FOR <q>
word alignment <l>RESULTS</l> <p> sorted order RTVs <r> USED-FOR
<q>model <l>RESULTS</l> <p> sorting RTVs <r> COMPARE <q> random

order RTVs <p> BLEU score <r> EVALUATE-FOR <q> sorting RTVs <p>
BLEU score <r> EVALUATE-FOR <q> random order RTVs

(Continued)
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Table 10 (continued)

Process Content
Output Tg⇓ <l>METHODS</l>The TMU Japanese-to-English system for the WAT 2021

restricted translation task uses a semi-autoregressive model to solve the
constraint that the input tokens must be in the same order as the output

tokens <l>METHODS</l> In order to solve the constraint a
semi-autoregressive model is trained to sort the input tokens according to

their order <l>BACKGROUND</l>However it is not clear how a
semi-autoregressive model handles the constraint when RTVs are sorted by
GIZA++ <l>METHODS</l> In this study we sorted the RTVs by GIZA++
and then trained the model with the sorted RTVs <l>METHODS</l>The
system performs word alignment between the input tokens and the output
tokens <l>RESULTS</l> Experimental results show that the model trained
with the sorted order RTVs performs better than the model trained with

random order RTVs <l>RESULTS</l> In addition sorting RTVs improves the
BLEU score over the random order RTVs

Input T ′e for Entity
Alignment ⇓

<l> <mask> </l>The TMU Japanese-to-English system for the WAT 2021
restricted translation task uses a semi-autoregressive model to solve the
constraint that the input tokens must be in the same order as the output

tokens <l><mask></l> In order to solve the <w><Generic></w> a
semi-autoregressive <w><Generic></w> is trained to sort the input tokens

according to their order <l><mask></l>However it is not clear how a
<w><Method></w> handles the constraint when

<w><OtherScientificTerm></w> are sorted by GIZA++ <l><mask></l> In
this study we sorted the RTVs by GIZA++ and then trained the model with

the sorted RTVs <l><mask></l>The system performs word alignment
between the input tokens and the output tokens <l><mask></l>

Experimental results show that the model trained with the sorted order RTVs
performs better than the <w><Generic></w> trained with random order
RTVs <l><mask></l> In addition sorting RTVs improves the BLEU score

over the random order <w> <OtherScientificTerm> </w>

(Continued)
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Table 10 (continued)

Process Content
Output T <l>METHODS</l>The TMU Japanese-to-English system for the WAT 2021

restricted translation task uses a semi-autoregressive model to solve the
constraint that the input tokens must be in the same order as the output

tokens <l>BACKGROUND</l> In order to solve the constraint a
semi-autoregressive RTV decoder is trained to sort the input tokens

according to their order <l>BACKGROUND</l>However it is not clear how
a semi-autoregressive RTV decoder handles the constraint when the RTVs

are sorted by GIZA++ <l>METHODS</l> In this study we sorted the RTVs
by GIZA++ and then trained the model with the sorted RTVs

<l>RESULTS</l>The system performs word alignment between the input
tokens and the output tokens <l>RESULTS</l> Experimental results show

that the model trained with the sorted order RTVs performs better than the
model trained with random order RTVs <l>RESULTS</l> In addition sorting

RTVs improves the BLEU score over the random order RTVs

An overall comparison of the generated outputs: Table 11 presents comparative results from
Graformer [30], T5-Adaptation [11], GPT-4 4, and our proposed method, along with the actual reference. A
GPT-4 model has been customized for generating scientific abstracts with a specific prompt. Its generated
structure is highly organized, but it tends to deviate from the content in terms of meaning, especially in the
first sentence when lacking knowledge graphs. Meanwhile, Grafomar generates many repeated entities, and
T5-Adaptation produces irrelevant content with paragraph structures that are also unreasonable. Our results
are closer to the actual reference despite some missing knowledge (the red indicates the information missing
from the knowledge graphs in the reference). However, our results demonstrate reliability, reducing content
redundancy compared to the baselines. Our model can generate a variety of sentence structures, maintains
logical coherence, and ensures smooth transitions between paragraphs, aligning well with the characteristics
of abstract writing.

4https://chatgpt.com/

https://chatgpt.com/
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Table 11: An overall comparison of the generated outputs

Methods: Metrics Content
Input G <l>BACKGROUND</l><l> BACKGROUND </l><p>modeling

methods <r> CONJUNCTION <q> pre-identified predicates <l>
BACKGROUND </l> <p>High-order features <r> CONJUNCTION
<q> structure learning <p>High-order features <r> USED-FOR <q>
correlations <p> structure learning <r> USED-FOR <q> correlations
<l> OBJECTIVE </l> <p> high-order graph structure <r> USED-FOR
<q> neural semantic role labeling model <p>model <r> USED-FOR
<q> isolated predicate-argument pairs <l> RESULTS </l> <p>

high-order structural learning techniques <r> USED-FOR <q> SRL
models <p> high-order structural learning techniques <r> USED-FOR

<q> baseline </l>.
Graformer [30]:

BLEU: 7.27
METEOR: 20.86
ChrF++: 53.30
Rouge-L: 26.15

BERTScore: 86.37

Using a high-order graph structure in a neural semantic role labeling
model enables the model to correctly label isolated predicate-argument
pairs which are not part of the predicate-argument pairs of a semantic
role labeling model. The high-order graph structure enables the model
to generalize to isolated predicate-argument pairs without the need for

predicate-argument pairs to be annotated in the same way as the
predicate-argument graph structure enables the model to generalize to

isolated predicate-argument pairs without predicate-argument pairs
being annotated in the same way as the predicate-argument graph

structure.
T5-Adaptation [11]:

BLEU: 12.55
METEOR: 40.25
ChrF++: 48.78
Rouge-L: 38.54

BERTScore: 86.44

Despite the recent advances in natural language processing (NLP) there
is still a lack of understanding of how the state-of-the-art models

perform when applied to real world data. Despite advances in
modeling methods and pre-identified predicates there is still a lack of
understanding of the inherent complexities and challenges of creating

and using these complex predicates in NLP. This paper analyzes the
implications of adopting modeling methods for a diverse set of

high-resource languages with a focus on the impacts of adopting
syntactically-informed predicates to the downstream task of named

entity recognition (NER). High-order features and structure learning
are complementary to methods for capturing correlations in natural

language processing (NLP). We introduce a neural semantic role
labeling model that leverages a high-order graph structure and show
that our model is able to labeling isolated predicate-argument pairs
without relying on any parallel data. We present SRL models with

high-order structural learning techniques which substantially
outperform the baseline baseline.

(Continued)
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Table 11 (continued)

Methods: Metrics Content
GPT-4:

BLEU: 8.99
METEOR: 31.98
ChrF++: 54.25
Rouge-L: 42.85

BERTScore: 88.87

Recent advancements in natural language processing have emphasized
the importance of enhancing modeling methods and pre-identified

predicates to improve semantic analysis. Notably, integrating
high-order features with structure learning has shown promise in

capturing intricate correlations within data. These high-order features
are crucial for understanding complex relationships and are effectively

used for identifying correlations. The objective of this study is to
leverage a high-order graph structure to enhance a neural semantic
role labeling (SRL) model. This approach aims to move beyond the

limitations of models that rely solely on isolated predicate-argument
pairs. The results demonstrate that employing high-order structural
learning techniques significantly enhances the performance of SRL

models, outperforming traditional baseline methods.
Ours:

BLEU: 16.46
METEOR: 43.98
ChrF++: 67.33
Rouge-L: 52.69

BERTScore: 92.54

Semantic role labeling (SRL) is the task of identifying and labeling
predicate-argument structures in natural language. Recent progress in
SRL has focused on modeling methods and pre-identified predicates

separately. High-order features and structure learning have been shown
to capture correlations between predicates and their arguments. In this

paper we propose a neural semantic role labeling model with
high-order graph structure which allows the model to learn more about
isolated predicate-argument pairs. We show that high-order structural

learning techniques improve the performance of SRL models and
achieve a new state-of-the-art performance against a strong baseline.

Reference Semantic role labeling is primarily used to identify predicates
arguments and their semantic relationships. Due to the limitations of

modeling methods and the conditions of pre-identified predicates
previous work has focused on the relationships between predicates and
arguments and the correlations between arguments at most while the
correlations between predicates have been neglected for a long time.

High-order features and structure learning were very common in
modeling such correlations before the neural network era. In this paper
we introduce a high-order graph structure for the neural semantic role
labeling model which enables the model to explicitly consider not only
the isolated predicate-argument pairs but also the interaction between
the predicate-argument pairs. Experimental results on 7 languages of

the CoNLL-2009 benchmark show that the high-order structural
learning techniques are beneficial to the strong performing SRL models
and further boost our baseline to achieve new state-of-the-art results.

Note: Green: repeated entities, blue: irrelevant content, red: information that disappears in the knowledge graph.
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5.8 Discussion and Research Limitations
Noise and Incompleteness in Knowledge Graphs: Noisy quadruples may arise from incorrect entity

linking or relation misclassification, leading to hallucinated content in the generated abstracts. Conversely,
missing quadruples can result in incomplete summaries, particularly when key background information
or experimental results are absent. A preliminary analysis of the extracted knowledge graphs (as presented
in Section 5.1) indicates that approximately 2.3% of abstracts in ACL-AGD lack any associated knowledge
graph, highlighting potential issues of missing or inconsistent information. While we are currently unable to
systematically quantify erroneous information, future work could explore potential mitigation strategies. For
instance, graph inference techniques [39] could be employed to infer implicit relationships and enhance the
completeness of the knowledge graph, while external knowledge integration [40] could supplement missing
quadruples using structured knowledge sources.

Challenges in Domain Adaptation: This study focuses on the generation of scientific abstracts within
the academic domain. When adapting graph-to-text generation to other domains, two key challenges must
be addressed. First, labels, which structure the logical flow of the generated paragraph, need to be redefined.
In other tasks, these labels could take the form of either textual descriptions or ordered terms that guide
the generation process. Second, our entity alignment strategy relies on special tokens to mask information,
facilitating content prediction. However, in other domains, a standardized masking approach using unified
special tokens could be directly applied. The effectiveness of this alternative strategy remains an open
question and warrants further investigation.

Limitations of the Siamese Network: Our study employs a Siamese network architecture for graph-
to-text generation and entity alignment; however, this approach introduces notable limitations. One major
drawback is the increased computational complexity resulting from the multi-task learning framework and
the additional similarity computation step, which can be incredibly challenging when mapping complex
graph structures into textual representations. Moreover, the network’s performance heavily depends on the
selection of negative samples, and given the substantial semantic differences among data samples, randomly
generated negatives may not adequately capture the nuanced relationships, potentially distorting the training
process and leading to suboptimal results in both graph-to-text generation and entity alignment tasks.

6 Conclusion
This paper explores the use of knowledge graphs for scientific abstract generation, with a focus on

maintaining content consistency and coherence. Through the development of the ACL Abstract Graph
Dataset (ACL-AGD), we introduced a structured method to align knowledge graphs with text, utilizing
sentence labels to guide text organization and improve expressive diversity. We introduced a Siamese
network to enhance entity and relation concretization within paragraphs by addressing the tasks of graph-
to-text generation and entity alignment. Our experimental results indicate that our method produces logical
paragraphs with uniformly distributed and appropriately frequent entities. The generated content accurately
reflects the information in the knowledge graph, avoiding irrelevant content and maintaining coherence
and non-redundancy between adjacent sentences. These findings underscore the potential of integrating
knowledge graphs with advanced neural network architectures to produce high-quality, coherent, and
consistent scientific text.
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