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Letter abstract Natural language generation (NLG) research has focused in the past on mainly two aspects: (i) the process of
language generation in itself (e.g., to give theoretical insights into models of human language) and (ii) the use of such approaches to
solve applied problems (e.g., generation of medical reports, weather forecasts, etc.). Since the advent of large language models (LLMs),
given their “generation capabilities”, there has been a tendency among researchers to use LLMs for an increasing number of novel
tasks. The use of LLMs raises questions for NLG researchers about which tasks, both theoretical and practical, are still considered
NLG tasks per se, and which are still relevant, given that LLMs have solved many former problems in language generation. Through
a structured literature search, we investigate domain shift in NLG before and after LLMs and discuss the positive and negative
aspects that arise from this, with the aim of providing researchers with greater clarity on where we stand as a field.

1 Introduction

The field of natural language generation (NLG) has
evolved significantly over the past 40 years. How-
ever, the aim of enabling computers to take underlying
sources of data and generate textual output systemat-
ically (Reiter and Dale, 2000; Gatt and Krahmer, 2018;
Reiter, 2025a) has remained constant. This focus on
how to get machines to generate language optimally
for readers has led to many sub-areas of research focus
within the field, where aspects of psycholinguistics are
also taken into consideration (Guhe, 2007). In addition
to how language should be generated, NLG has also
found applications in diverse applied settings, such as
weather forecasting (Reiter et al., 2005; González Cor-
belle et al., 2022), tutoring systems (Di Eugenio et al.,
2002; Mpagouli and Hatzilygeroudis, 2009; Maurya and
Kochmar, 2025), and healthcare reporting (Portet et al.,
2009; Gatt et al., 2009; Mahamood and Reiter, 2011;
Hunter et al., 2012; Lyu et al., 2026).

Historically, rule-based systems dominated NLG re-
search, relying on the data-to-text architecture (Re-
iter, 2007a) to separate the process of generating text
into a series of discrete steps that transform data into
knowledge/facts and then into narrative by selecting
the most relevant aspects to summarize. While these
systems were robust and interpretable, their domain
specificity limited their generalizability (Karanikolas
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et al., 2025). This limitation was broadly recognized
by the NLG research community and sought to be ad-
dressed with efforts such as semi-supervised learning
and deep learning (Weston et al., 2008). End-to-end
approaches were explored as an alternative to highly
domain-specific rule-based NLG systems, initially em-
ploying neural LSTM and sequence-to-sequence mod-
els (Wen et al., 2015; Dušek and Jurčı́ček, 2016; Mei et al.,
2016; Gehrmann et al., 2018) and later transformer-
based models (Liu et al., 2018; Song et al., 2019; Keskar
et al., 2019; Hoang et al., 2019).

Recently, large language models (LLMs) have taken
the natural language processing (NLP) landscape by
storm, leading researchers to explore their capabilities
across a wide range of tasks. NLG has been no ex-
ception, impacting both academia and industry (Dale,
2023). Since the release of GPT-3 (Brown et al., 2020),
the increasing capabilities of LLMs have led to their
adoption for language generation, also blurring tradi-
tional boundaries, e.g., by reframing tasks that were
previously not considered generative problems, such as
analogy resolution (Das and Balke, 2025).

Moreover, many problems previously treated as dis-
tinct research tasks, such as content determination
(Barzilay and Lapata, 2005) and surface realization
(Gatt and Reiter, 2009), are now often subsumed within
the use of a single generative model. This raises a press-
ing question in the NLG field: has the widespread adop-
tion of LLMs for aspects once studied as separate re-
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search problems led to a fundamental change in the na-
ture of research conducted by NLG researchers?

The rapid adoption of LLMs has also brought to the
forefront a number of challenges regarding evaluation.
The topic was actively explored within the NLG com-
munity, with findings such as researchers favouring in-
trinsic over extrinsic metrics (Gkatzia and Mahamood,
2015) and exploring methodological shortcomings in
human evaluations (van der Lee et al., 2019; Howcroft
et al., 2020; Belz et al., 2020). However, LLMs introduced
more prominently issues of output faithfulness and hal-
lucinations (Maynez et al., 2020), as well as the dif-
ficulty of evaluating generative systems reliably, both
automatically and through human judgments (Chang
et al., 2024). Additional concerns have been raised re-
garding data contamination (Balloccu et al., 2024), pri-
vacy, and broader ethical implications (Zubiaga, 2024).
At the same time, the reliance on increasingly large,
often closed, models has prompted questions about
the sustainability of scaling-based progress and about
the reproducibility and methodological soundness of
research that depends on systems with limited trans-
parency (Rogers, 2023; Friedrich, 2025).

To better understand the impact of the use of LLMs
in NLG research, we compare NLG research pre- and
post-LLMs by sampling papers from the ACL Anthol-
ogy database to see if there is a change in the distri-
bution of generation research tasks performed by re-
searchers. Whilst there has been interest in survey-
ing the broad trends of how LLMs have impacted re-
search (Lee et al., 2023; Movva et al., 2024; Kostikova
et al., 2026), we focus on determining what the con-
sequent trends are for NLG specifically as a research
field. Has the introduction of LLMs led to a spike in
interest in certain problems over others? What are the
positive or negative implications of these changes? Are
there areas of research in NLG that are now left under-
researched or considered “solved” by researchers? Our
discussion highlights the emergence of some tasks and
the relative decline of others, and reflects on the pos-
sible motivations behind these shifts. We also note the
growing prominence of evaluation and emphasize the
importance of addressing broader concerns, such as re-
producibility and data-related issues.

2 Literature Search
To explore changes in NLG research, we conducted a
keyword-based literature search with the goal of iden-
tifying which NLP tasks occur in papers related to the
NLG or LLM domains.1 We deliberately considered the
full range of NLP tasks, because assessing whether NLG

1Keyword-based searches have been used by other practitioners
to survey trends within NLP, such as work done by Reiter (2025b) or
Karamolegkou et al. (2025).

has expanded beyond its traditional scope requires ex-
amining it in relation to the broader NLP landscape.

To compare the difference in task proportions be-
tween pre- and post-LLM ages, the search was carried
out in two time periods: 1965-2020 and 2021-2025. As
the dividing year, we chose 2020, the publication year of
GPT-3. Drawing the exact line between pre- and post-
LLM ages can be hard. For instance, some might argue
that the release of ChatGPT in 2022 would make a bet-
ter inflection point. However, we chose 2020 because
the publication of GPT-3 already marked a major shift
in the scale and capabilities of language models. This
shift is reflected in the ACL Anthology, where the first
clear increase in research papers mentioning GPT ap-
pears in 2021 (Gururaja et al., 2023).

2.1 List of NLP Tasks

To ensure sufficient coverage and appropriate granu-
larity of NLP tasks, we gathered multiple sources, and
manually selected and aggregated the tasks listed in
them. The resources are the following: Reiter and Dale
(2000), Hedderich et al. (2021), Jurafsky and Martin
(2025), Vatsal et al. (2025), Qin et al. (2025), and the
Wikipedia article on Natural Language Processing. We
made sure not to remain too broad, for instance, by ex-
cluding broad tasks such as “natural language under-
standing”, and not to be too fine-grained, for instance,
by avoiding very specific tasks such as “aspect senti-
ment triplet extraction”. We also took care to include
spelling, synonymous, and acronymic variants.2

2.2 Methodology

To better understand the research trends of NLG across
different research tasks, we performed a search of rel-
evant papers. This was done by downloading the
ACL Anthology bibliography file on December 10, 2025,
which contained a total of 118,471 papers. Because
many papers published before 2020 lack an abstract
field in this file, we supplemented the data with infor-
mation from Rohatgi et al. (2023).3 This resource pro-
vides metadata for ACL Anthology papers up to 2022,
including abstracts that were extracted directly from
the PDF files. After this process, abstracts are available
for 90.55% of the papers published between 1965 and
2020, and for 91.78% of the papers published between
2021 and 2025, ensuring a comparable coverage.

From the supplemented bibliography file, we parsed
each paper reference to retrieve all occurrences of the

2E.g., “content determination” was also matched with “content se-
lection”, “content planning”, and “content specification”. The code-
base, including also the complete list of NLP tasks considered, can be
found at: https://github.com/Eduardo-Calo/nlg-future.

3We used the file https://huggingface.co/datasets/WINGNUS/
ACL-OCL/blob/main/acl-publication-info.74k.v2.parquet.
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keywords (1) “NLG” alone, and (2) “NLG” together with
“LLM” (including their spelling variants), where the
keywords can appear in the title, abstract, book title,
or URL.4 This allowed us to identify papers relevant to
our two domains: (1) NLG, and (2) NLG+LLM.5 We
then computed the proportion6 of these papers that also
mention an NLP task from §2.1 in their title or abstract.
This method covers cases where keywords can surface
either as a textual keyword or through a venue name,
for example, when locating papers on “paraphrasing”,
where “NLG” may appear in the paper (title or abstract)
or in the conference name (book title or URL).7

To assess the reliability of our keyword-based
methodology, we manually validated a stratified sam-
ple of 60 papers: 15 papers with task matches and
15 without, from each of the periods 1965-2020 and
2021-2025. The two authors independently annotated
whether each paper actually addressed the matched
task, achieving a Cohen’s𝜅 of 0.927 (58/60 agreements).
After excluding the two disagreements, the keyword-
based matches achieved an accuracy of 0.862 against
the human annotations. All errors were false negatives,
where relevant tasks are discussed but not explicitly
mentioned in the title or abstract (e.g., Amato and Arri-
eta (2023), who describes tasks such as surface realiza-
tion and multilingual generation without naming them
explicitly).8 Overall, the validation indicates that our
methodology is sufficiently reliable for our analysis.

3 Results
Table 1 provides an overview by domain and period. The
data show a clear surge in NLG publications in the last
four years, with the papers published between 2021 and
2025 amounting to roughly two-thirds of the total out-
put accumulated over more than five decades. Within
this recent literature, the NLG+LLM domain accounts
for 310 papers, corresponding to roughly one quarter of
all NLG papers published in the same period. This in-
dicates that LLMs are used as a core technology in ap-
proximately one out of four recent NLG studies. The

4We acknowledge that papers may be about NLG or LLMs even
without the presence of these keywords. However, the choice of these
keywords helps to ensure that the selected papers are actually about
these topics.

5The NLG+LLM domain is a strict subset of the NLG domain.
6We did not use absolute counts because the number of papers

between domains and time periods varies.
7We acknowledge that some tasks such as “machine translation”

have often been treated as separate research areas and not necessarily
framed as generation tasks. As a result, papers on these tasks may
not explicitly mention the “NLG” keyword, which could lead to an
underrepresentation of such work in our data.

8Although our manual validation did not identify any false
positives, they remain a possible limitation of the keyword-based
methodology. For example, a paper may mention “machine trans-
lation” in the abstract only to provide context, rather than because
machine translation is itself the main task.

proportion of papers focusing on the NLP tasks de-
scribed in §2.1 is broadly comparable between NLG and
NLG+LLM domains and across time periods. Moreover,
the data show that individual papers frequently address
more than one task, as reflected by the average number
of task matches per paper reported in the last row.

Several interesting patterns emerge from Figure 1.
Some tasks, such as machine translation, data-to-text,
and paraphrasing, have remained stable over time,
serving as cornerstones of NLG research. In contrast,
classical NLG tasks, like surface realization, content de-
termination, and referring expression generation, have
sharply declined, showing that certain traditional tasks
have become less central in recent research. Text sum-
marization has also seen a substantial increase in at-
tention. More notably, entirely new tasks are emerging
that were not previously within the scope of NLG re-
search, including text classification and mathematical
reasoning. Evaluation itself is also gaining prominence,
seeing marked jumps between the two periods, a trend
closely tied to the rise of hallucination concerns.

Breaking down the trends of the ten most fre-
quent tasks into five-year intervals provides a more
fine-grained view of these developments (Figure 2). Pat-
terns emerge from approximately 1981, becoming more
pronounced after 1986, with sparse earlier periods. For
example, the spike in paraphrasing in 1971-1975 is an
artifact of data sparsity, as only three papers fall into
that interval and one is on paraphrasing. Evaluation
shows a steady increase from 1995, with a further accel-
eration after 2002. Data-to-text gains prominence after
2001. Conversely, traditional NLG subtasks decline af-
ter 2015. Finally, research on text summarization and
hallucination detection grows after 2016.

4 Discussion
Our numbers show that the NLG field is drastically
changing and moving forward following the latest tech-
nological advancements, as illustrated for the tasks in
Figure 2. Some tasks like data-to-text have seen in-
creases that coincide with developments such as the
pipeline architecture for building NLG systems (Reiter,
2007a; Reiter and Dale, 2000) and the emergence of “big
data” in the early 2000s (Diebold, 2012). On the other
hand, we see significant declines in surface realization,
which could be attributed to a shift in interest as neu-
ral approaches come to the fore. In what follows, we
will try to distill the numbers and explore the positive,
negative, and broader implications our results suggest.

4.1 Positive Implications
From our results, there are several positive implica-
tions from changes observed pre- and post-LLM ages
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Statistic NLG (1965–2020) NLG (2021–2025) NLG+LLM (2021–2025)

Total papers 1,671 1,117 310
Papers with at least one task match 839 (50.21%) 685 (61.32%) 201 (64.84%)
Total task matches 1,172 983 267
Average task matches per paper 1.40 1.44 1.33

Table 1: Overview of papers and task match statistics in the NLG and NLG+LLM domains across time periods. Per-
centages are computed with respect to the total number of papers in each domain.

for NLG research. Firstly, there is a sharp increase in
the number of publications, as can be seen in Table 1.
One possible explanation for this growth is that spe-
cific NLG tasks have gained renewed prominence or
emerged anew in the age of LLMs, as reflected in Fig-
ure 1. Tasks such as story generation and code gener-
ation show substantial increases in attention, while en-
tirely new ones, like text classification and mathemati-
cal reasoning, appear as NLG tasks only since 2021. This
may be an indication that the concept of NLG might
be broadening due to possible convergence in terms of
methods with the use of LLMs. Yet, the emergence and
growth of these tasks is encouraging because many of
them can be considered of practical use, with the poten-
tial to support real-world applications in areas such as
education (Cambaz and Zhang, 2024), healthcare (Guo
et al., 2024), and engineering (Dong et al., 2025).

One reason tasks that were previously considered
unrealistic are now achievable is the confluence of in-
creased compute power and larger datasets, combined
with advances in language model architectures (Hagos
et al., 2024). In particular, generative pre-trained trans-
formers and their successors provide a unified frame-
work that can be fine-tuned or prompted for a wide
range of tasks (McCann et al., 2018; Brown et al., 2020;
Min et al., 2021; Liu et al., 2022), making it easier not
only for researchers but also for broader communities
to apply NLG methods. This pattern mirrors similar de-
velopments seen previously in the field of computer vi-
sion, where the advent of deep convolutional models
(Krizhevsky et al., 2012) led to rapid growth in both re-
search activity and practical applications (Se, 2024).

Another area showing substantial growth is evalu-
ation, which has received steadily increasing attention
since the mid-1990s (Figure 2), with further accelera-
tion after 2002, possibly coinciding with the introduc-
tion of the BLEU metric (Papineni et al., 2002), and an-
other rise after 2020 (Figures 1 & 2). We interpret this
second uptick as a consequence of the increased diffi-
culty of assessing the outputs of LLMs. Compared to
earlier approaches, the errors produced by these mod-
els tend to be more subtle, which has motivated the de-
velopment of new or more robust evaluation methods
to address challenges related to assessing output qual-
ity, particularly with respect to faithfulness and factu-
ality (Maynez et al., 2020; Augenstein et al., 2024). This

trend is closely linked to the growth of research on hal-
lucination, as can be seen by the subsequent interest in
hallucination detection post-2020 in Figures 1 & 2. The
generation of factually incorrect or unsupported con-
tent has emerged as a major concern (Ji et al., 2023;
Bouyamourn, 2023; Ravichander et al., 2025; Huang
et al., 2025), also with focused studies targeting specific
areas of NLG, such as data-to-text (Dušek and Kasner,
2020; Thomson and Reiter, 2020; van Deemter, 2024).
These patterns have also been highlighted in other re-
cent studies that emphasize the limitations of existing
evaluation methods when applied to LLM-generated
text (Schmidtova et al., 2025).

4.2 Negative Implications
Since 2021, roughly one quarter of papers have been
leveraging LLMs as part of NLG research (Table 1). This
indicates that while LLMs have had a big impact, there
is still NLG research happening outside the scope of
LLMs. Yet, not all tasks in NLG have seen increases post
2021. Some traditional NLG tasks, such as referring
expression generation, surface realization, and content
determination, have either declined or stopped being
addressed altogether (Figures 1 & 2). These declines
could be a natural consequence of researchers consider-
ing certain problems within NLG as “solved”, with pow-
erful LLMs able to produce very fluent text in a vari-
ety of contexts and domains (Chang et al., 2024), hence
solving tasks that once needed bespoke approaches.

However, treating these more linguistically-
oriented tasks as solved and no longer investing
research effort in them carries significant risks. In
particular, it may lead to reduced attention to domains
that deal with low-resource languages or resources
(Howcroft and Gkatzia, 2022). LLMs have been shown
to underperform in low-resource settings and scenarios
(Dar ‘gis et al., 2024; Azime et al., 2025), and shifting
focus entirely towards newer tasks may result in
longstanding linguistic challenges being overlooked.
Continued work on these foundational tasks remains
crucial, especially because support for low-resource
languages is lacking (Occhini et al., 2026) yet essential
for inclusive language technology for large portions
of the global population (Gala et al., 2023; Khan et al.,
2024; Issaka et al., 2025; Ojo et al., 2025).
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Figure 1: Focus of research in the NLG and NLG+LLM domains across time periods. Percentages indicate the share
of papers addressing each task in the respective domain/period. Numbers in green/red indicate tasks that have in-
creased/declined between NLG (1965–2020) and NLG (2021–2025). Only tasks with a representation of at least 1% in
at least one bar are shown.

Another concern is whether LLMs are truly the
most appropriate technology for every task. For in-
stance, research on referring expression generation has
shown that more traditional, non-neural approaches
can still remain competitive in certain settings (Same
et al., 2022). Similar observations have been made in
data-to-text. In the 2023 WebNLG shared-task on low-
resource languages (Cripwell et al., 2023), the submis-
sion for Irish described by Mille et al. (2023) relies on
a rule-based system that achieves competitive perfor-
mance compared with submissions based on neural ap-
proaches. Broader analyses also suggest that although
LLMs are highly versatile and perform strongly across
many benchmarks, they still fall short of fully solving
the breadth of NLP tasks robustly and reliably (Qin
et al., 2023; Basmov et al., 2024; Berglund et al., 2024).

Whether this trend is ultimately beneficial for NLG
research depends on how one interprets it. On the
one hand, declining interest in some classical tasks
may indicate that research effort is being redirected to-
ward pressing challenges such as evaluation and faith-
fulness. On the other hand, it could possibly signal
the emergence of a methodological orthodoxy in which
LLM-based approaches dominate to such an extent that

alternative, and sometimes more efficient or better-
suited, methods are no longer actively explored.

4.3 Broader Implications
The adoption of LLMs within research (Kostikova et al.,
2026) has also brought to the forefront broader concerns
that remain unresolved. The growing reliance on LLM-
based approaches, where models function as black box
systems whose internal mechanisms are difficult to in-
spect (Calderon and Reichart, 2025), raises pressing is-
sues of reproducibility (Branco et al., 2020; Belz et al.,
2021, 2022; Belz and Thomson, 2023, 2024; Belz et al.,
2025), which lies at the core of reliable evaluation, i.e.,
the fundamental basis for determining whether an NLG
system performs well (Reiter, 2026). These concerns
have become even more salient in light of our findings,
which show the increasing prominence of evaluation-
related research (Figures 1 & 2).

Other concerns relate to the data used to train
LLMs. Data contamination can undermine both fair
and appropriate benchmarking, calling into question
the validity of reported performance gains (Oren et al.,
2023; Li and Flanigan, 2024). These issues are directly
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Figure 2: Fine-grained task trends in the NLG domain. Percentages indicate the share of papers addressing each of the
overall ten most common tasks, across five-year periods.

relevant in the context of NLG, where, e.g., Balloccu
et al. (2024) show that a number of GPT models have
been globally exposed to millions of samples from hun-
dreds of benchmarks. Closely related are privacy risks,
where information from training data may be memo-
rized and inadvertently leaked by models (Yan et al.,
2025), with particularly serious implications in clinical
domains (Alber et al., 2025). This concern is especially
relevant for medical-related NLG applications, such as
medical note generation (Knoll et al., 2022; Moramarco
et al., 2022; Savkov et al., 2022), where generated texts
may involve sensitive information. Furthermore, train-
ing data are likely to contain biased or stereotyped
information regarding numerous demographic charac-
teristics, which may lead to harmful biases in LLMs’
outputs (Resnik, 2025). Specific work has been car-
ried out in NLG to evaluate demographic bias in gen-
erated texts, with methodologies for such evaluations
proposed in, e.g., Aggarwal et al. (2022).

With LLMs now constituting a quarter of NLG stud-
ies and only likely to increase, these multi-faceted con-
cerns should raise awareness among researchers. We
encourage researchers to both apply LLMs judiciously
and be open to exploring approaches beyond LLMs.

5 Conclusion

There have been concerns within the NLP community
about the increasingly inward-looking nature of NLP
research. It has been noted that some strands of current
research risk sidelining linguistic theory, even though
it remains relevant in many aspects (Opitz et al., 2025).
Relatedly, attention has also been drawn to the decreas-

ing interaction with other language-related research
communities (Reiter, 2007b), further reinforcing con-
cerns about the narrowing scope of the field. Espe-
cially at a time when AI research is at an all-time high
and questions are being raised about the sustainability
of academic conferences (Chen et al., 2025), our work
sought to understand whether, in the age of LLMs, NLG
research has become inward-looking as well. So far, the
use of LLMs for NLG research, while significant, does
not constitute the totality of NLG research. Addition-
ally, the arrival of these models has led to an increase in
interest in tasks, which could be explained by the new
opportunities for research presented by these models.
Evaluation has seen greater focus of researchers’ atten-
tion as the use of probabilistic language models poses
new questions and challenges in understanding how to
qualify performance and task fitness.

There is nevertheless a danger for NLG researchers
that placing our limited attention on one particular
language-generation paradigm may lead to a dead end
or underplay the true extent of what is attainable for
certain tasks, particularly as there is also a growing
symbiotic relationship between NLP research and the
few industry players that fund this research through
grants and internships (Abdalla et al., 2023). Further-
more, there is the broader question of whether the cur-
rent LLM paradigm of data and compute leads to low-
resource languages or other tasks being neglected.

Our message to researchers is that NLG needs
diversity of approaches and ideas beyond a singular
paradigm. There are opportunities for intrepid re-
searchers to take on problems or tasks that are seem-
ingly neglected by others that would enrich us all.
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