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Abstract

Natural Language Generation (NLG) evalua-
tion has changed dramatically since 1990, and
will continue to evolve in the future. In 1990,
when NLG had close ties to linguistics, there
was very little formal experimental evaluation
in the modern sense. In 2026, when NLG is
closely linked to machine learning, experimen-
tal evaluation is expected and indeed fundamen-
tal to research. Many evaluation techniques
were developed over this period, including most
recently LLM-as-Judge. I expect NLG evalu-
ation will continue to evolve in the future. In
particular, impact, qualitative, and safety eval-
uation will become more important as large
numbers of people routinely use NLG technol-
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1 Introduction

The evaluation of Natural Language Generation
(NLG) systems has changed dramatically over my
career. In 1990, when I got my PhD in NLG, most
NLG research papers did not include a quantitative
experimental evaluation of a research question. By
2026, NLG research papers are expected to include
structured experimental evaluations of hypotheses,
although the quality and validity of these evalua-
tions is variable. I expect that by 2036, impact,
safety, and qualitative evaluations will be much
more important, because NLG technology will be
widely used by large numbers of people. Table 1
summarises my view of NLG evaluation at differ-
ent points in time.

2 NLG Evaluation in the Past

2.1 1990: Little quantitative experimental
evaluation

The International NLG (INLG) conference in 1990
had 25 papers. None of them included a structured
quantitative hypothesis test. Instead, these papers
mostly presented an algorithm, technique, resource,
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or system, and justified it on engineering or lin-
guistic criteria. For example, McCoy et al. (1990)
proposed combining tree-adjoining and systemic
grammars, and justified this by arguing that their
approach did a better job of handling long-distance
dependencies (linguistics) and also makes it easier
to build grammars (engineering). Their argument
was qualitative, no numbers were given.

In the broader NLP world, the speech recogni-
tion community had adapted the idea of quantita-
tive comparisons of the performance of systems
(Waibel and Lee, 1990), but this was unusual in the
rest of NLP. Perhaps the most important NLP paper
in 1990 was Brown et al. (1990), which introduced
statistical machine translation, but even it did not
provide quantitative comparisons of the sort we
expect in 2026.

2.2 2000: Wide range of evaluation techniques

INLG in 2000 had 38 papers, and these included
many different kinds of evaluation, as well as one of
the first paper that was about evaluation (Bangalore
et al., 2000). Types of evaluation included

* Human evaluation (Cheng and Mellish, 2000)
e Metric-based evaluation (Minnen et al., 2000)
 Task-based evaluation (Carenini, 2000)

There were also papers which continued to assess
their contribution using engineering or linguistic
arguments, as in 1990.

In short, by 2000 experimental evaluations was
recognised as being important. However there were
no widely accepted standard evaluation techniques
in NLG.

A similar mix was seen at larger NLP events such
as ACL. Evaluation was clearly regarded as impor-
tant, but many techniques were being tried. The
broader NLP community focused more on metric-
based evaluation, including Gildea and Jurafsky

Proceedings of the 1st Symposium on Natural Language Generation Evaluations, pages 8—15
June 1-2, 2026 ©2026 Association for Computational Linguistics



year | NLG evaluation example paper and its evaluation
1990 | non-quantitative evaluation, often using | McCoy et al. (1990): qualitative argument
linguistic or engineering arguments that their grammatical approach handles long-
distance dependencies better
2000 | wide mix of different techniques, includ- | Cheng and Mellish (2000): use human ratings
ing metrics, human ratings, and task- | to evaluate different ways of expressing causal
based and temporal relationships
2010 | standardised evaluation techniques and | Belz and Kow (2010): results of GREC shared
shared tasks based on these task on generating referring expressions
2020 | research on evaluation becomes an im- | Howcroft et al. (2020): gives recommenda-
portant research area tions for reporting human evaluations, based
on meta-analysis of published evaluations
2026 | LLM-as-Judge, annotation by human | Bean et al. (2026): use medical evaluation
experts, safety, interdisciplinary techniques to assess system that answers
health queries
2036 | impact, qualitative, safety evaluation not yet written

Table 1: NLG evaluation over the years

(2000), which won a Test of Time award. However
ACL in this period also included papers reporting
complex task-based evaluations (Mani et al., 1999;
Reiter et al., 2001).

2.3 2010: Shared tasks and standard
evaluations

INLG in 2010 had 37 papers, many of which were
shared task submissions. Shared tasks (such as
the GREC challenge for generating referring ex-
pressions (Belz and Kow, 2010)) had become an
accepted part of NLG as well as NLP research, and
used metrics and/or human evaluations to evaluate
the performance of submissions. Some papers also
began to describe evaluations in considerable detail
(Murray et al., 2010).

The wider NLP community had embraced
ngram-based metrics for evaluation of text pro-
duction, and the BLEU and ROUGE metrics had
effectively become standards. Papers in machine
translation were expected to use BLEU, and papers
in summarisation were expected to use ROUGE.

Human evaluation had become unusual in ACL
conferences, although the annual WMT shared task
continued to use it. The NLG community, however,
insisted on using human evaluations, and could
point to papers which suggested that metrics were
not reliable in NLG (Reiter and Belz, 2009). When
doing human evaluations, most researchers either
used Likert scales or asked subjects to rank a set of
texts by a quality criteria; these became standard
techniques for human evaluation of generated texts.

2.4 2020: Evaluation is important research
area

INLG in 2020 had 46 papers (it has not seen the ex-
ponential growth that ACL has had in recent years).
Perhaps the most notable change compared to 2010
was that evaluation has become a very important
part of the community’s research agenda. Indeed
both of the INLG2020 best papers were about eval-
uation (Belz et al., 2020; Dusek and Kasner, 2020),
and there were several other papers about evalua-
tion methodology (Howcroft et al., 2020; Thomson
and Reiter, 2020) in INLG2020.

The wider NLP community also placed increas-
ing importance on evaluation as an important re-
search theme. For example the ACL 2020 best
paper was about testing (Ribeiro et al., 2020), and
one of the two honourable mention papers was
about evaluation (Mathur et al., 2020).

In short, evaluation was now not just something
which researchers had to do, but also an important
research topic in its own right.

3 NLG Evaluation in 2026

Reiter (2025a) summarised NLG evaluation in
2025, including links to papers that gave best prac-
tice suggestions. Large language model (LLM)
technology had become widespread and this had
changed NLG evaluation and introduced new chal-
lenges.



3.1 Evaluation challenges from LL.Ms

There are many challenges in evaluating LLMs,
including the following.

Higher quality generated texts: Texts produced
by LLMs are usually higher quality than texts
produced by previous technologies (rule-based,
LSTM), and can in some cases be human quality,
or even better-than-human. This means that many
traditional evaluation techniques, such as metrics
that compare generated texts against human-written
reference texts, no longer work well. If we expect a
generated text to be better than human, then evaluat-
ing it by comparing it to a human-written reference
text does not make sense.

Semantic and pragmatic evaluations: Texts pro-
duced by LL.Ms are almost always fluent and read-
able, so evaluating readability is less useful. In-
stead, there is more emphasis on evaluating seman-
tic and pragmatic quality criteria (Reiter, 2025a),
such as accuracy/hallucinations, omissions, and
contextual appropriateness.

Data contamination: Since LLMs are trained on
the Internet, an evaluation that uses Internet data
may not mean much, since the LLM may have
memorised the test data (Balloccu et al., 2024).

Worst-case and safety evaluation: The growing
real-world usage of LLMs in safety-critical con-
texts such as medicine (where flawed texts could
harm patients) means that we need techniques that
evaluate ‘worst-case’ performance of LLMs (Re-
iter, 2025a). If a medical LLM gives good output
in 99.9% of cases but harmful output in 0.1% of
cases, this is not acceptable.

Interdisciplinary interest and usage: The grow-
ing real-world usage of LLMs means that other
disciplines (such as medicine and law) want LLM-
based NLG systems to be evaluated using their
methodologies and expectations (Duggan et al.,
2025).

3.2 Changes in NLG evaluation

The above challenges have changed the way NLG
is evaluated.

LIM as Judge: The above problems have stimu-
lated interest in reference-free metrics which work
for semantic and pragmatic quality criteria, includ-
ing in particular using LLMs to evaluate the qual-
ity of texts produced by other LLMs (Gao et al.,
2025); this is called LLM as Judge. This seems to
work well in some cases but not others; unfortu-
nately many researchers use LLM evaluators with-
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out checking that they are effective in their use
case.

Human evaluation using expert annotations: Hu-
man evaluations in NLG have traditionally used
Likert-type rating scales. This seems to work less
well when evaluating semantic and pragmatic prob-
lems in high-quality LLM texts, especially with
crowdworkers (who may cheat by using LLMs to
do the evaluation task (Asher et al., 2026)). We
are seeing more human evaluations that instead ask
knowledgable people to annotate specific problems
in a generated text (Thomson et al., 2023).

Private test data: In 2020, test data sets were
typically published (e.g., on GitHub repos), which
made replication easier. But in 2026, data contam-
ination concerns mean that test data is sometimes
not published or shared.

Safety evaluations: Many techniques have been
proposed for safety evaluation. This area is heavily
influenced by cyber security, and includes tech-
niques for risk analysis (such as red teaming), risk
mitigation (e.g., monitoring), and risk governance
(such as incident reporting) (Bengio et al., 2026).

Interdisciplinary evaluations: High-quality eval-
uations of NLG systems are appearing in other
fields, notably medicine, that use medical evalua-
tion techniques such as randomised controlled trials
(which are very rare in the NLP literature (Reiter,
2025b)). Sometimes these give different results
from classical NLP evaluation, which raises impor-
tant questions about the best way to evaluate NLG

3.3 Ongoing challenges for NLG evaluation

The new evaluation techniques described above are
being adopted by many researchers and help in ad-
dressing some of the new evaluation challenges of
LLMs. But there are many problems and concerns
that still need to be addressed. These include

* Experimental rigour: Unfortunately, many ex-
periments are poorly designed, poorly exe-
cuted, or distorted by bugs (Thomson et al.,
2024).

* Replicability: Many experiments cannot be
replicated, in part because their authors do not
support replication (Belz et al., 2023).

Construct validity: Many evaluation tech-
niques, especially benchmarks, do not mea-
sure what they claim to measure (Bean et al.,
2025).



* Cheating: LLMs engage in behaviour such
as reward hacking (Arx et al., 2025), which
is essentially cheating. Asadi et al. (2026)
show that LLMs can get very high benchmark
scores even when input data is withheld, by
picking up on subtle clues in the wording of
questions in the benchmark.

* Commercial bias and incentives: A lot of eval-
uation research and development is funded by
Al companies such as OpenAl, who have an
interest in ensuring that their systems do well
on these evaluations (Cheng et al., 2025).

* Evolving benchmarks: New evaluation bench-
marks are constantly being proposed, and
existing benchmarks often become saturated
(Akhtar et al., 2026) and hence useless. It is
difficult for many researchers to stay up-to-
date on the best benchmark to use.

A generic challenge is that the research culture
in NLP is often not very supportive of high quality
evaluation. Many people feel pressure to publish
large numbers of papers, and reviewers often show
limited interest in quality of data sets, validity of
evaluation metrics, experimental rigour, etc. This
encourages researchers to conduct ‘quick and dirty’
evaluations.

4 NLG Evaluations in the Future

What will NLG evaluation be like in ten years time
(2036)? The above challenges will hopefully be
addressed, but more generally we also need to go
beyond measuring performance on a test set, which
dominates NLG and NLP evaluation in 2026. If
we care about how our technology affects the real
world, we need to do more of the following:

* Directly measure the real-world impact of
NLG systems.

* Use qualitative techniques to get insights
about the effectiveness of our techniques in
messy and complex real-world contexts.

* Analyse what happens in worst-case or adver-
sarial contexts, especially for safety criteria.

These techniques will help ensure that evaluation
is relevant and meaningful in a future world where
NLG is a widely-used technology.

Note that impact, qualitative, and safety evalua-
tions are not new, they are already being done in
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2026 to a limited degree in NLG; they are much
more common in Medicine, perhaps because medi-
cal research has had real-world consequences for
decades or indeed centuries. So the challenge for
the NLG community is to embrace these types of
evaluation and learn how to do them well in an
NLG context.

The spread of more types of NLG evaluation
may lead to the evolution of evaluation frameworks,
which show how different types of evaluation can
be combined to obtain a holistic understanding of
what a system can do (Reddy et al., 2021).

4.1 Impact evaluation

As discussed by Reiter (2025a), there is very little
evaluation of real-world impact in the NLP and
NLG research literature, by which we mean how
real-world usage of an NLG system changes key
performance indicators (KPIs). As NLG technol-
ogy improves and becomes more widely used, we
need more impact studies, especially if we want to
measure utility in messy real-world contexts.

A good example is Bean et al. (2026), which
measured how well LLMs can respond to health
queries based on scenarios. LLMs do well at this
task if given the scenario directly, or if they interact
with an LLM-simulated user. However, if they
interact with human users (who often communicate
in a confused way), their performance is much
worse. Hence if we want to genuinely evaluate how
well an LLM can respond to health queries, we
need to measure what happens when real people
interact with the LLM. Ideally, this should be based
on real patients asking about their health problems
(Brodeur et al., 2026).

There are many ways to evaluate impact, in-
cluding randomised controlled trials (RCT), A/B
tests, before-and-after (pre-post) studies, and ob-
servational studies (Reiter, 2025b). By 2036, we
hope that such evaluations will much more com-
mon. Most NLG evaluations will probably still use
simpler and cheaper techniques, but a significant
number will evaluate real-world impact.

4.2 Qualitative evaluation

Evaluation in NLG and NLP is almost always quan-
titative, and typically uses statistical hypothesis
testing. Such evaluation is very important, but
should be supplemented by qualitative evaluation,
which can provide additional insights which are
very useful in complex real-world contexts (Green-
haigh and Taylor, 1997; Tisdell et al., 2025).



Some qualitative evaluation techniques are al-
ready used in NLG, including error analysis (van
Miltenburg et al., 2023) and analysis of free-text
comments from participants (van der Lee et al.,
2021). But many other techniques are rarer, includ-
ing data collection techniques such as focus groups
(Sun et al., 2026) and (semi-)structured interviews
(Zhou et al., 2022), and analysis techniques such as
thematic analysis (Guest et al., 2011) and content
analysis (Sambaraju et al., 2011).

As NLG systems become more capable and are
used in a wider variety of complex contexts, we ex-
pect that qualitative evaluation and insights will be-
come more important, especially since many quan-
titative results will quickly become dated as newer
models are released.

4.3 Safety evaluation

Safety evaluation is not new, it is a rapidly grow-
ing area of evaluation, which looks at whether Al
systems can harm individuals (for example by en-
couraging suicide' or giving dangerous medical
advice (Bickmore et al., 2018)) or society (e.g., by
empowering hackers or terrorists) (Bengio et al.,
2026).

We expect that safety will become one of the
main foci of evaluation research. Ultimately, perfor-
mance evaluation is of interest primarily to compa-
nies and academics who develop NLG technology,
whereas safety evaluation is of interest to everyone
who uses NLG technology, which is a much larger
number of people. Safety evaluation is probably
more important to society than performance evalu-
ation. Indeed, governments have begun to impose
safety standards on Al systems?, and this may lead
to formal government involvement in Al evaluation
methodology.

Safety evaluation is also more challenging than
performance evaluation, because it is about worst-
case behaviour, and behaviour under adversarial
attack (e.g., hackers trying to break into a system).
Performance evaluations usually look at average
case performance, so they can be computed based
on a representative sample. Safety evaluation re-
quires looking for misbehaviour everywhere, in-
cluding edge cases, which are hard to predict for
complex stochastic black box neural models. It will
almost certainly require monitoring of the actual

'See https://www. thehumanlineproject.org/ stories,
such as Badshah (2026)

2https://www.gov.uk/government/publications/
generative-ai-product-safety-standards
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behaviour of deployed systems, as well as experi-
ments on test data or test subjects.

5 Conclusion

NLG evaluation has changed dramatically between
1990 (mostly lingiustic evaluation) and 2026 (LLM-
as-Judge and human annotation protocols). It con-
tinues to evolve, and the next ten years should be
exciting, with more focus on impact, qualitative,
and safety evaluation.
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