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Abstract

This paper addresses a key limitation in Natu-
ral Language Generation (NLG) systems: their
struggle with commonsense reasoning, which
is essential for generating contextually appro-
priate and plausible text. The study proposes
an approach to enhance the commonsense rea-
soning abilities of NLG systems by integrating
external knowledge framed in a constrained
commonsense generation task. The paper in-
vestigates strategies for extracting and inject-
ing external knowledge into pre-trained mod-
els, specifically BART and T5, in both base
and large configurations. Experimental results
show that incorporating external knowledge,
extracted using a simple strategy, leads to sig-
nificant performance improvements, with the
models achieving 88% accuracy in generating
plausible and correct sentences. When refined
methods for knowledge extraction are applied,
the accuracy further increases to 92%. These
findings underscore the crucial role of high-
quality external knowledge in enhancing the
commonsense reasoning capabilities of NLG
systems, suggesting that such integration is
vital for advancing their performance in real-
world applications.

1 Introduction

The rapid advancement of Natural Language Gener-
ation (NLG) systems has significantly transformed
the field of Artificial Intelligence (AI). Modern
NLG systems are capable of producing text in a
very similar way humans would do, with high co-
herence and fluency (Sepúlveda-Torres et al., 2025).
Moreover, these systems demonstrate impressive
performance across a wide range of tasks (Liang
et al., 2024). Despite these achievements, one criti-
cal area where such models continue to fall short is
commonsense reasoning for generating plausible
and fluent sentences (Miró Maestre et al., 2025;
Seo et al., 2024).

Commonsense knowledge plays a fundamental

Figure 1: Constrained commonsense text generation
task.

role in human communication, enabling individ-
uals to make inferences without the need for ex-
plicit elaboration. This intuitive ability is crucial
for effective and contextually appropriate commu-
nication. In the context of NLG, the absence of
commonsense reasoning can result in outputs that,
although plausible, often lack fluency or contextual
appropriateness, as illustrated by the examples in
the red box in Figure 1.

A common way to address this limitation is by
integrating external knowledge into NLG models
(Jiang et al., 2024). In this context, external knowl-
edge refers to information from knowledge bases
that helps enhance the model’s understanding. By
using such knowledge, NLG systems can produce
sentences that are more plausible and better aligned
with the given context.

This paper investigates strategies to improve
commonsense reasoning in NLG by incorporating
external knowledge into the constrained common-
sense NLG task. The goal is to generate a plausible
sentence that includes a given set of input words as
input. Figure 1 illustrates an example of this task,
highlighting sentences in the red box that are syn-
tactically correct but not semantically valid. This
task is challenging because NLG models often pro-
duce fluent text, but without a deep understanding
of what they generate. Adding external knowledge
can help models reason more effectively, resulting
in more coherent and contextually accurate outputs.
This study focuses on addressing two main research
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questions:

• Where should external knowledge be injected
into pre-trained models? To answer this, we
analyze the most appropriate stage for knowl-
edge integration—whether during fine-tuning,
inference, or both.

• How can external knowledge be effectively
retrieved? We conduct a study on different
extraction techniques and assess their impact
on the quality of the generated text.

2 Related Work

Constrained Commonsense Text Generation:
Constrained Text Generation is a subtask of NLG
that focuses on producing text under specific re-
strictions. These constraints can be lexical, length-
based, semantic, syntactic, or stylistic (Zhou et al.,
2023). Among the lexical-constrained text genera-
tion tasks, the CommonGen (Lin et al., 2020) task
emerges to test the commonsense reasoning ability
of generative NLG models. Given three keywords
as input, the system must generate a plausible sen-
tence containing those words.

The best approaches addressing this task have
relied on the one hand training a retriever of docu-
ments to identify relevant candidate sentences that
are then used for the generation process as a con-
text (He et al., 2022; Yu et al., 2022b), and on the
other hand, filtering the knowledge to input the
model and applying machine learning methods for
training those models (Li et al., 2021).
Knowledge Enhanced Approaches: Knowledge-
enhanced NLG aims to improve the relevance and
accuracy of generated text by incorporating exter-
nal knowledge (Yu et al., 2022a). This knowl-
edge can come from three main sources: struc-
tured knowledge bases, knowledge graphs, and
grounded text. Knowledge bases and graphs are
often organized as subject-predicate-object triplets.
In graphs, these elements are further connected in
a tree-like structure, which improves their interre-
lation. Grounded text refers to textual information
collected from online sources.

Different works proposed methods for enhanc-
ing NLG systems with external knowledge. KG-
BART is a NLG system which is built on the BART
model by replacing its standard Transformer with a
Knowledge Graph-Augmented Transformer. This
change allows the model to use grounded knowl-
edge graphs more effectively through a graph atten-

tion mechanism. Similarly, Wang et al. (2021) en-
hances pre-training by retrieving related sentences
from external corpora and uses a trainable retriever
during fine-tuning to improve results.

Despite promising outcomes, knowledge-
enhanced NLG still faces challenges (Hu et al.,
2023). These systems often depend on static
knowledge, which can become outdated. Addi-
tionally, if retrieved information is not properly
aligned with the context, it may introduce errors or
hallucinations. Finally, evaluating the true benefit
of external knowledge also remains difficult due to
the lack of faithful evaluation metrics.

3 Knowledge-enhanced NLG Strategies

In this section, we propose a three-stage approach
for addressing the task of lexically constrained com-
monsense NLG. The proposed approach is illus-
trated in Figure 2.

1. Knowledge extraction: We dynamically re-
trieve knowledge from an external knowledge
base by matching each word candidate to be
included in the generated sentence with rele-
vant entries in the knowledge base. We exper-
iment with different methods to retrieve the
knowledge.

2. Prompt Engineering: We combine the ex-
tracted knowledge with the corresponding
dataset entry using a prompt engineering
method based on knowledge contextualization.
In this approach, each keyword that needs
to be included in the generated sentence is
matched with the related extracted knowledge.
The obtained relations are then added to the
prompt to provide context. The prompt starts
with an initial premise “Generate a short sen-
tence using the following words”, and this is
followed by the concepts to be included in the
generated sentences and the retrieved most-
common relation for those words.

3. Knowledge Injection: A pre-trained model
is then fine-tuned on the dataset enriched with
this external knowledge. We conduct a series
of experiments to determine the optimal stage
for knowledge injection (during fine-tuning,
during the models’ inference, or in both). As
a consideration, incorporating knowledge dur-
ing the inference step ensures that the infor-
mation remains as up-to-date as possible.
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Figure 2: Proposed approach to enhance commonsense in NLG systems

4 Resources

This section describes the experimental setup for
evaluating the effectiveness of augmenting pre-
trained models with external knowledge.

4.1 Dataset

We frame our generation task within the Common-
Gen shared task (Lin et al., 2020), using its corpus
for our experiments. The task aims to generate co-
herent sentences that describe everyday scenarios
with a given set of keywords, testing the ability
of NLG systems to produce commonsense outputs
while including those keywords.

The dataset is split into training, validation, and
testing subsets, with each keyword set associated
with up to three reference sentences as targets.
Dataset details are summarized in Table 1.

Corpus Train Dev Test

Concept sets 32 651 993 1 497
Target sentences 67 389 4 018 N/A

Table 1: CommonGen Dataset distribution. N/A indi-
cates that no records are available.

Since the reference sentences for the Common-
Gen test subset are not publicly available, we used
the validation subset as our test subset, to be able to
perform an automatic evaluation of the generated
sentences. We also excluded one sentence from
the validation subset due to the word “cain”, which
was treated inconsistently in the original dataset as
“cane”. This led to the validation subset consisting
of 992 sentences, which composed our test subset.
Furthermore, we split the original training subset
into two subsets, using 90% for training and 10%

for validation. This split ensures model general-
ization by evaluating performance on unseen data
before final testing.

4.2 Knowledge Base

By leveraging external knowledge sources, NLG
models can generate more coherent and contextu-
ally appropriate sentences while reducing the like-
lihood of hallucinations. To achieve this, we in-
corporated ConceptNet (Speer et al., 2017), as the
external knowledge graph. ConcepNet is a widely
used knowledge graph that encodes commonsense
relationships between words in the form of triplets
(e.g. “Word - RelatedTo - Sentence”). Concept-
Net is particularly valuable for the CommonGen
task, as it provides structured, human-curated asso-
ciations that reflect real-world interactions. Since
CommonGen focuses on generating plausible sen-
tences describing everyday scenarios, ConceptNet
enhances the fluency and realism of generated sen-
tences.

4.3 Pre-trained Models

Pre-trained models are transformers trained on
large datasets, which acquire general knowledge
that can be fine-tuned for specific tasks with mini-
mal training. Compared to LLMs, pre-trained mod-
els are smaller and more efficient, requiring fewer
computational resources. Despite their smaller size,
fine-tuned pre-trained models can often achieve
comparable performance to LLMs in certain NLG
tasks (Li et al., 2024). This efficiency makes them
well-suited for scenarios with resource constraints.
Based on these strengths, we have chosen to exper-
iment with pre-trained models as the foundation of
our methodology.
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In the context of the CommonGen task, the ap-
proaches with the best results used BART (Lewis
et al., 2020) and T5 (Raffel et al., 2020) as foun-
dational models1. As a result, we selected these
models for our experiments, testing two versions
of each: BART-Base and BART-Large, as well as
T5-Base and T5-Large. The BART-Base model fea-
tures 6 encoder-decoder layers and about 140 mil-
lion parameters, while BART-Large has 12 encoder-
decoder layers and approximately 400 million pa-
rameters. For T5, the Base version contains 220
million parameters, while T5-Large has 770 mil-
lion parameters. Both models are encoder-decoder
architectures pre-trained for text-to-text tasks.

4.4 Fine-tuning
After successfully extracting and injecting the re-
trieved external knowledge, the next step is to train
the models to perform effectively on the Common-
Gen task. To achieve this, we fine-tuned the pre-
trained models mentioned in Section 4.3 using the
constructed inputs through the prompt-engineering
step. The hyperparameter configuration used dur-
ing the training process is as follows: we trained
our systems for a total of 4 epochs, with a batch
size of 32, a dropout rate of 0.1, a learning rate of
1e-4, and 1000 warm-up steps. All the experiments
were conducted on a single NVIDIA A100 GPU.

5 Experiments & Evaluation

In this section, we outline the experiments con-
ducted to address the research questions stated in
Section 1.

5.1 Where to Inject External Knowledge?
We conducted different experiments to evaluate the
impact of incorporating external knowledge in pre-
trained models. As previously mentioned, we used
the BART and T5 models in their base and large
versions. The objective was to determine whether
the inclusion of external knowledge impacts model
performance and to identify where knowledge in-
jection is most effective—during training, during
inference, or both. To this end, we designed experi-
ments under four conditions:

1. No external knowledge, where the models
were fine-tuned on the CommonGen train
dataset and the generated sentences were pro-
duced from the trained models over the de-
velopment set. This experiment serves as a

1https://inklab.usc.edu/CommonGen/leaderboard.html

baseline, where no external knowledge is in-
troduced.

2. Knowledge in Inference, in which we use a
base model without fine-tuning it, relying only
on external knowledge we extracted to assist
in the generation step (path A in Stage 3 of
Figure 2).

3. Knowledge in Train, in which our extracted
external knowledge is incorporated during the
fine-tuning process (path B in Stage 3 of Fig-
ure 2). The sentences are then generated using
the resulting model on the CommonGen de-
velopment set, without the help of the external
knowledge being provided during the genera-
tion step.

4. Knowledge in All that combines the injection
of external knowledge during both fine-tuning
and inference steps (refer to Path C in Stage 3
of Figure 2).

To evaluate the experiment on determining
where it is most optimal to inject knowledge, we
relied on automatic metrics. Moreover, we aimed
to compare our results using the same metrics em-
ployed in the CommonGen task. For this purpose,
we utilized two of the evaluation metrics proposed
in the CommonGen task: CIDEr (Vedantam et al.,
2015) and BLEU_4 (Papineni et al., 2002). Addi-
tionally, we also evaluated the generated sentences
using BLEU_1. BLEU_1 was included to specif-
ically assess unigram precision, providing insight
into basic word-level accuracy.

Moreover, we incorporate additional metrics be-
yond those originally employed in the Common-
Gen task. These supplementary metrics—ROUGE
(Lin, 2004), BERTScore (Zhang et al., 2020), the
Hallucination Evaluation Model (HHEM) (Bao
et al., 2024), and AlignScore (Zha et al., 2023)—al-
low for a more nuanced assessment of various as-
pects of text quality. By leveraging multiple eval-
uation metrics, we aim to mitigate the limitations
of any single metric and obtain a more holistic
understanding of the model’s performance.

5.2 How to Extract and Incorporate External
Knowledge Effectively?

After identifying the optimal phase for injecting
knowledge, we experimented with different meth-
ods of knowledge integration and examined to
which extent refining the extracted knowledge
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impacts the output. We followed two different
methodologies to extract the knowledge from Con-
ceptNet:

• Simple Extraction: For each keyword in the
CommonGen dataset, we queried the Concept-
Net API to retrieve its associated relations. In
this approach, we obtained only the first five
instances returned by the API without any fur-
ther filtering.

• Refined Extraction: We queried the Concept-
Net API for each keyword in the CommonGen
dataset. However, in this approach, we first an-
alyze and select specific types of relations to
ensure that the extracted knowledge is more
relevant to the context of general, everyday
concepts represented by the keywords. The
relations that are most suitable for everyday
scenarios are:

– IsA: Indicates that A is a subtype of B.
– RelatedTo: Denotes a general relation

between A and B when the specific type
of relation is undefined.

– PartOf: Specifies that object A is a com-
ponent or subset of B.

– HasA: Suggests that B is an inherent part
of A or represents a social construct of
possession.

– AtLocation: Describes A as a typical or
likely location for B.

– HasProperty: Declares that A can be
characterized as having property B.

For each of these selected relations, we ex-
tracted up to 20 instances.

To determine how refining the search for exter-
nal knowledge can be beneficial and to what extent
it improves the quality of the generated texts, we
conducted a manual evaluation. As demonstrated
in prior works (Martínez-Murillo et al., 2024; Sai
et al., 2022), automatic evaluation metrics do not
always align well with human judgments, particu-
larly for free-text generation tasks where the output
is not constrained to a specific style. Thus, we
manually classified the generated sentences into
three-level categories to obtain better insights into
the evaluation: 2, 1, and 0.

• 2 - Good sentences are grammatically and
semantically correct, exhibit commonsense
reasoning, and describe plausible situations.

• 1 - Regular sentences are semantically cor-
rect and describe plausible situations, but may
require improvements in grammar or clarity.

• 0 - Bad sentences are grammatically incor-
rect, describe implausible situations, or fail to
convey the intended semantic meaning.

6 Results and Discussion

In this section, we present the results obtained
based on our two research questions of our experi-
mentation.

6.1 Determining Where to Inject External
Knowledge

To identify where the injection of knowledge is
most effective, we conducted a preliminary auto-
matic evaluation of all model versions across the
different stages of knowledge injection—training,
inference, or both. We employed the metrics men-
tioned in Section 5.1 and evaluated the generated
sentences from each experiment using the refer-
ence sentences from the development set as the
gold standard. The results from this preliminary
evaluation are presented in Table 2.

The two pre-trained model families (T5 and
BART) exhibit a similar trend. The best results in
most of the automatic metrics are obtained injecting
the knowledge in both training and inference stages
(Knowledge in All experiment). This approach con-
sistently delivers superior performance across the
four model versions. Surprisingly, the experiments
with No External Knowledge achieved a similar
performance with automatic metrics than the exper-
iments Knowledge in All. Conversely, lower results
were obtained in the Knowledge in Inference exper-
iments. The reason is that the tested models have
not been trained to handle the CommonGen task,
thus generating sentences that are either unrelated
to the task or simply replicate the prompt we give
as input. In contrast, the experiments involving
fine-tuning pre-trained models on the CommonGen
dataset consistently yield outputs that better align
with the task requirements. Among the three exper-
iments, Knowledge in Train produces the lowest
performance. This can be attributed to the fact that,
although the model is exposed to relevant knowl-
edge during training, it lacks access to the appropri-
ate contextual knowledge at inference time, leading
to less accurate sentence generation.

Overall, the results demonstrate that T5 slightly
outperforms BART for all models’ versions. No-
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Model Model Size Experiment CIDEr BLEU_1 BLEU_4 ROUGE-L BERTScore HHEM AlignScore

BART

Base

No External Knowledge 0.150 0.694 0.266 0.516 0.543 0.567 0.631
Knowledge in Inference 0.076 0.478 0.127 0.397 0.519 0.382 0.29

Knowledge in Train 0.142 0.66 0.249 0.505 0.541 0.512 0.621
Knowledge in All 0.151 0.697 0.265 0.515 0.543 0.580 0.622

Large

No External Knowledge 0.148 0.69 0.253 0.506 0.543 0.594 0.602
Knowledge in Inference 0.04 0.411 0.099 0.354 0.511 0.361 0.158

Knowledge in Train 0.136 0.649 0.242 0.501 0.548 0.519 0.636
Knowledge All 0.146 0.692 0.247 0.508 0.541 0.598 0.589

T5

Base

No External Knowledge 0.164 0.726 0.295 0.543 0.549 0.613 0.679
Knowledge in Inference 0.029 0.267 0.065 0.187 0.418 0.257 0.246

Knowledge in Train 0.155 0.695 0.288 0.534 0.545 0.602 0.619
Knowledge in All 0.165 0.728 0.295 0.542 0.547 0.623 0.693

Large

No External Knowledge 0.168 0.734 0.307 0.551 0.549 0.664 0.677
Knowledge in Inference 0.06 0.436 0.141 0.376 0.477 0.533 0.317

Knowledge in Train 0.155 0.695 0.288 0.534 0.545 0.602 0.619
Knowledge in All 0.169 0.734 0.314 0.554 0.548 0.671 0.662

Table 2: Results obtained with the automatic metrics for the 992 generated sentences for each experiment. Results
in bold indicate the best performance for that model size according to each metric.

tably, even the T5-base model without external
knowledge achieves better performance than any
of the BART experiments. A manual analysis of
the generated sentences reveals that this difference
can be attributed to specific instances where BART
fails more often to generate plausible sentences.
For example, given the keywords “yard, kid, and
play”, BART-base without external knowledge gen-
erates the sentence, “A kid plays a ball in a yard”,
whereas T5-base produces a more syntactically and
semantically refined sentence, “A kid is playing
with a ball in a yard”. However, without external
knowledge, both base models sometimes generate
unnatural sentences. For example, given the key-
words “body, raft, water”, BART produces “body
in the water on a raft”, while T5 generates “body
of water on a raft”. These outputs demonstrate
that the models struggle to form contextually ap-
propriate sentences. Despite these shortcomings,
T5 generally produces more elaborate and coher-
ent sentences compared to BART. Additionally, the
larger T5 model outperformed the smaller version
in all experiments.

Therefore, based on the results obtained through
the automatic metrics, the most effective method
within this experimentation to inject the knowledge
is during both the training and inference steps.

6.2 Determining How to Extract and
Incorporate External Knowledge
Effectively Through a Manual Evaluation

We next proceeded to analyze in greater depth how
to retrieve the knowledge in our method. In this
context, we expanded our experimentation by re-
fining the concept retrieval process to identify the

most pertinent relations from ConceptNet and sub-
sequently fine-tuned the best-performing model
from the experiments in Section 6.1, T5-Large, by
integrating this enriched knowledge.

Moreover, to verify whether the injected knowl-
edge enhances the quality of the task, we conducted
a manual evaluation. Precisely, we manually an-
alyzed the sentences generated by the T5-Large
model without external knowledge and with knowl-
edge injected in all phases using both knowledge
extraction methods: simple and refined. Each gen-
erated sentence was ranked on a three-level scale
(0, 1, or 2) mentioned in Section 5.2. The results
are shown in Table 3.

Enhancing the pre-trained model with additional
knowledge significantly improves its performance,
as evidenced by the manual analysis of the gener-
ated sentences. The number of incorrect sentences
decreases from 168 without external knowledge to
89 with the incorporation of simple knowledge, rep-
resenting a reduction of 79 sentences. Furthermore,
with the injection of refined knowledge, the num-
ber of incorrect sentences decreases even further
to 62, amounting to a reduction of 106 sentences.
This corresponds to a 47% reduction with simple
knowledge and a 63% reduction with refined knowl-
edge. Similarly, the number of sentences that are
not entirely correct but also not incorrect improves
significantly. This category decreases from 49 sen-
tences without additional knowledge to 25 when
the model is enhanced with simple knowledge.
Moreover, with the inclusion of refined knowledge,
this number decreases further to 12 sentences. This
represents a 49% reduction with simple knowledge
and a 76% reduction with refined knowledge. The



700

T5-Large
Score No Knowledge Knowledge in All Simple Knowledge in All Refined

Incorrect 168 88 (-47%) 62 (-63%)
Regular 49 25 (-49%) 12 (-76%)
Correct 775 878 (+13%) 918(+19%)

Table 3: Results of the manual evaluation of the 992 generated sentences in the knowledge extraction experiment.

most substantial improvement is observed in the
category of correct sentences. Without knowledge,
the number of correct sentences is 775. With the
inclusion of external knowledge, the model im-
proves up to 878 correct sentences out of 992 total,
achieving an 88% accuracy rate for plausible and
correct outputs. This accuracy increases further
with the injection of refined knowledge, resulting
in 918 correct sentences—92% of the total gener-
ated sentences. Compared to the baseline model
without knowledge, the approaches incorporating
external knowledge achieve a 13% improvement
with simple knowledge and a 19% improvement
with refined knowledge.

Overall, the manual evaluation results suggest
that incorporating external knowledge has a greater
impact than indicated by the automatic evaluation
metrics. While the differences in automatic evalua-
tion were minimal, the manual assessment revealed
a significant percentage improvement.

To conduct a detailed study of the results, we an-
alyzed sentences that were initially incorrect but be-
came correct after the injection of external knowl-
edge, as well as those that were correct in the origi-
nal, non-enhanced model but became incorrect in
the knowledge-enhanced model.

In the first scenario, 116 sentences that were gen-
erated as incorrect or partially correct without ex-
ternal knowledge were corrected after the injection
of simple knowledge. This represents an improve-
ment of nearly 12%. Furthermore, the improve-
ment with the refined knowledge is bigger, being
178 the number of sentences that improved when
injecting the refined knowledge.

Figure 3 presents representative examples illus-
trating these improvements in rows 1, 2, and 3.

• In Row 1, the improvement lies in the model’s
recognition that a machine cannot perform the
action of wearing something, as this is a prop-
erty of humans. Both knowledge-enhanced
models correctly attribute the action of wear-
ing to a human, each using a different object

in the generated sentences.

• In Row 2, the implausible notion in the orig-
inal sentence of placing apples from a bag
onto a tree is corrected. The external knowl-
edge helps the model understand that a bag is
used for carrying items and that apples are a
fruit associated with trees, leading to a more
plausible scenario.

• In Row 3, the incorporation of external knowl-
edge enables the model to understand that the
net is the object fishermen use to catch fish,
rather than the location where they catch them.
Both knowledge-enhanced approaches recog-
nize this distinction.

On the other hand, there are a few cases where
sentences originally classified as correct without
external knowledge were generated as incorrect
after the injection of knowledge. This issue was
observed in 12 sentences (approximately 1% of
the total sentences) using the simple knowledge
approach and 31 sentences (around 3%) with the
refined knowledge approach. Examples of such
cases can be found in rows 4, 5, and 6 of Figure 4.

• Row 4: In this case, the sentence generated
using the simple knowledge approach is incor-
rect. This occurs because the external knowl-
edge provided to the model may have intro-
duced confusion. For the keyword “watch”,
the relations retrieved were solely associated
with the object referring to time rather than the
action of seeing. As a result, the model was
unable to generate a sentence that reflected
the correct meaning of the word. In contrast,
the refined knowledge approach, which pro-
vided a greater number of carefully selected
relations, enabled the model to interpret and
use the correct sense of the verb.

• Row 5: In this example, the sentence gener-
ated with the simple knowledge approach is
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Figure 3: Samples of improved generated sentences with knowledge.

Figure 4: Samples of worsened generated sentences with knowledge.

also incorrect. While it is plausible for a per-
son to wear a hat or something similar on their
head, it is uncommon to wear a shirt there.
This confusion may have been caused by the
external knowledge provided, as one of the re-
lations for "shirt" indicated that it is worn on
the upper body. This may have led the model
to incorrectly associate “head” with “upper
body”, resulting in an inaccurate sentence. In
contrast, the refined knowledge approach en-
abled the model to generate a correct sentence,
as it included additional relations that speci-
fied the location of a hat as the head.

• Row 6: In this sample, the incorrect sen-
tence is generated by the refined knowledge
approach. The error arises from the implau-
sibility of a giraffe being on a street with a
leash. This scenario is more common for dogs
or pets. In this case, the external knowledge
provided does not associate "leash" with a dog
or pet, which fails to assist the model in gen-
erating a plausible sentence.

As seen in the examples, selecting representa-
tive and relevant relations for injecting external
knowledge significantly improves sentence quality.
The more precise and relevant the knowledge is,
the greater the enhancement in generation it has.
Conversely, incorrect or ambiguous knowledge of-
ten leads to inaccurate outputs. Thus, refining the

knowledge extraction method is crucial for produc-
ing more plausible sentences.

7 Conclusions & Future Work

This study highlights the importance of incorporat-
ing external knowledge to enhance the performance
of pre-trained models on NLG tasks. By integrating
additional knowledge during training and inference,
sentence quality and plausibility improved notably.
The refined knowledge extraction method, which
prioritizes relevant relations, consistently outper-
formed the simpler approach, resulting in a 63%
reduction in incorrect sentences and increasing cor-
rect and plausible outputs to 92%.

Despite these improvements, in some cases am-
biguous or incomplete external knowledge some-
times led to inaccuracies, highlighting the need for
more precise knowledge extraction mechanisms.

In conclusion, the results confirm that external
knowledge enhances the capabilities of pre-trained
models in NLG tasks, particularly when using a
refined extraction approach. Future research could
explore advanced methods for dynamically select-
ing and injecting knowledge, as well as extending
these techniques to other NLG tasks and datasets.
Since this approach is language-independent—as
long as knowledge bases and datasets are available
in other languages—future work will also explore
its multilingual potential.
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