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Abstract

The field of natural language generation has
accumulated a rich ecosystem of automatic
evaluation metrics, yet it lacks a coherent the-
ory of what those metrics are actually measur-
ing. Drawing on measurement theory from the
quantitative social sciences, this paper argues
that current NLG evaluation practices suffer
from a fundamental construct validity prob-
lem: metrics are treated as proxies for out-
put quality without explicit specification of
the underlying constructs they are meant to
operationalize. We examine four dominant
evaluation paradigms (reference-based metrics,
embedding-based metrics, LLM-as-judge, and
human evaluation) and demonstrate that each
conflates construct definition with operational-
ization. Building on a long psychometric tra-
dition reaching back to Cronbach and Meehl
(1955) and on recent NLP work that has begun
to apply this tradition to bias measurement, di-
alogue evaluation, and benchmark design, we
propose that the field adopt a measurement
modeling perspective for NLG evaluation. We
borrow the concepts of construct validity, re-
liability, and consequential validity as a foun-
dation for more principled evaluation, and we
outline a preliminary taxonomy of NLG quality
constructs as a starting point for this work.

1 Introduction

In practice, the NLG community has relied on a
variety of operationalizations to assess output qual-
ity: n-gram overlap metrics, embedding similarity
measures, model-based evaluators, and human rat-
ings. Over the past two decades it has produced an
impressive array of automatic evaluation metrics,
from BLEU (Papineni et al., 2002) and ROUGE
(Lin, 2004) to BERTScore (Zhang et al., 2020) and
a growing family of LLM-based evaluators (Zheng
et al., 2023; Gao et al., 2025). Each new metric
is introduced with correlation studies showing rea-
sonable alignment with human judgment on some

benchmark, then propagated across tasks and do-
mains for which it was never validated.

What is missing is not better metrics. It is a
theory of measurement.

In psychometrics, any measurement instrument
begins with an explicit construct definition: a
theoretically grounded specification of the latent
property being measured. Researchers then ask
whether the operationalization captures that con-
struct, whether it is reliable across conditions, and
whether its use produces valid consequences (Cron-
bach and Meehl, 1955). These are preconditions for
any claim that a number means something. NLG
evaluation has largely skipped this step. The field
operates with an implicit and underspecified no-
tion of “quality” that different metrics operational-
ize incompatibly, without acknowledgment of the
theoretical commitments each operationalization
carries.

The argument we develop here is not new in
spirit. Cronbach and Meehl (1955) laid out the
foundations of construct validity seventy years ago,
and the resulting tradition has been refined in psy-
chometrics ever since. Within NLP, several recent
contributions have begun to draw on that tradition.
Jacobs and Wallach (2021) brought measurement
modeling to the algorithmic fairness community.
Van der Wal et al. (2024) applied construct va-
lidity and reliability to bias measurement. Brag-
gaar et al. (2026) systematically reviewed measures
and constructs in dialogue evaluation. Schlangen
(2021) questioned the methodological grounding
of benchmark-driven NLP. Zhuang et al. (2025) ar-
gued that Al evaluation should learn directly from
how psychometricians test humans. Belz et al.
(2025) proposed a standardised taxonomy of eval-
uation quality criteria, building on earlier survey
work by Howcroft et al. (2020). What has not yet
been done, and what this paper attempts, is to bring
that body of work to bear specifically on the four
dominant NLG evaluation paradigms, and to argue
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for a unified measurement-modeling stance for the
field.

This paper argues that NLG evaluation should
adopt a measurement-modeling perspective,
treating evaluation metrics as operationalizations
of explicitly defined quality constructs. Building
on Braggaar et al. (2026), Van der Wal et al. (2024),
and the psychometric tradition originating with
Cronbach and Meehl (1955), we apply this per-
spective directly to NLG and to the four evaluation
paradigms that dominate it. Progress requires three
shifts: (1) explicit construct definitions for proper-
ties such as fluency, adequacy, and faithfulness; (2)
validation through established measurement con-
cepts such as content, convergent, and discriminant
validity; and (3) transparency about the theoret-
ical commitments implicit in evaluation choices.
Our contribution is not a new metric but a concep-
tual reframing: the persistent difficulties of NLG
evaluation stem from the absence of a shared the-
ory of measurement, and adopting measurement-
modeling principles can provide that foundation.

2 The Metric Proliferation Problem

Without explicit measurement theory, evaluation
metrics function as ad hoc proxies whose meaning
shifts across tasks and communities, undermining
comparability and incentivizing optimization for
metrics that may not reflect genuine quality im-
provements.

The NLG community has long recognized its
evaluation problems. Reiter (2018) reviewed 284
correlations across 34 papers and concluded that
BLEU should not be used as primary evidence for
scientific claims in NLP. Novikova et al. (2017)
showed that common metrics only weakly reflect
human judgments for end-to-end NLG, with per-
formance varying across data conditions. Bowman
and Dahl (2021) argued that NLU benchmarking
is broken, with unreliable systems scoring highly.
Gehrmann et al. (2021) noted that models continue
to be evaluated with flawed metrics on divergent
corpora. Holistic efforts such as HELM (Liang
et al., 2023) address fragmentation through multi-
metric evaluation but still operate without explicit
construct definitions. Two notable exceptions illus-
trate that explicit specification is feasible. The Mul-
tidimensional Quality Metrics framework (Lommel
et al., 2014) decomposes translation quality into a
hierarchical error typology with defined severity
levels. More recently, the QCET taxonomy (Belz

et al., 2025) derives 114 standardised quality crite-
rion names and definitions from a combined survey
of 933 NLP evaluation experiments. A parallel
effort in the intelligent virtual agents community
has produced the ASA questionnaire and its 19
unifying constructs through several years of com-
munity work (Fitrianie et al., 2020), suggesting
that cross-disciplinary standardisation of evalua-
tion constructs is achievable when sustained collab-
orative effort is applied.

Earlier voices anticipated the same point. Paris
et al. (2006) argued that the NLG community
would be better served by enlarging its view of
evaluation to include common dimensions and met-
rics rather than only common corpora and tasks,
with end-user evaluation as a distinct concern. The
diagnosis offered there has aged well, but the un-
derlying problem of underspecified constructs has
persisted.

These critiques share an empirical orientation:
they document that metrics fail and benchmarks
saturate. What they do not provide is a theoretical
account of why this pattern persists. Without a
theory of what metrics are supposed to measure,
there is no principled basis for deciding whether
any new proposal represents genuine progress or
merely a different set of failure modes.

3 What Measurement Theory Offers

Measurement theory offers a principled framework
for the relationship between abstract constructs and
their operationalizations. The core insight is that
measurement is always indirect: we observe indi-
cators from which we infer unobservable proper-
ties. This inference is legitimate only when the
construct is explicitly defined, the operationaliza-
tion is justified relative to that definition, and the
measurements are empirically validated.

The modern theory of construct validity origi-
nates with Cronbach and Meehl (1955), who intro-
duced the concept to handle psychological tests for
which no obvious external criterion exists. They
proposed that validation requires building a nomo-
logical network: an explicit web of theoretical re-
lationships in which the construct is embedded,
against which observed measurement behavior can
be checked. Subsequent work in the social sciences
has elaborated this idea into a mature methodology
that distinguishes content, criterion, convergent,
discriminant, and consequential evidence of valid-
ity. Jacobs and Wallach (2021) ported this frame-
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Latent Construct (e.g., Faithfulness)
Operationalization (e.g., factual consistency)
Metric (e.g., QA%based evaluation)
Observid Score

Figure 1: The measurement modeling chain. Each ar-
row represents a theoretical commitment that must be
explicitly justified and empirically validated. NLG eval-
uation typically conflates all four levels.

work to computational systems, arguing that many
AT harms arise from construct-operationalization
mismatches. Van der Wal et al. (2024) carried it
further into NLP by applying construct validity and
reliability to bias measurement, showing how psy-
chometric tools can be used to interrogate whether
a given bias measure actually captures the under-
lying construct it claims to. Braggaar et al. (2026)
performed a systematic review of 122 task-oriented
dialogue evaluation studies and showed that the
same construct (for example, satisfaction or qual-
ity) is operationalized in incompatible ways across
papers, with limited attention to validity or reliabil-
ity.

Figure 1 shows the measurement modeling chain
that NLG evaluation should follow. Construct va-
lidity has four components relevant here: content
validity (the operationalization covers the full con-
struct scope); convergent validity (different opera-
tionalizations of the same construct agree); discrim-
inant validity (the operationalization distinguishes
the target construct from related but distinct ones);
and consequential validity (the measurement drives
research in appropriate directions). Current NLG
metrics fail on all four, yet this failure is rarely
framed in these terms within NLG itself.

4 Four Evaluation Paradigms and Their
Construct Problems

4.1 Reference-Based Metrics

Reference-based metrics such as BLEU (Papineni
et al., 2002) and ROUGE (Lin, 2004) operational-
ize output quality as lexical similarity to human-
authored references. The implicit construct is sur-
face adequacy: a good output resembles what a
human would write. This carries unacknowledged
commitments: that references cover the full space
of acceptable outputs, that n-gram overlap proxies
communicative success, and that the relationship
between surface form and quality is stable across

tasks and languages.

None of these assumptions have been theoreti-
cally justified. Papineni et al. (2002) were explicit
that BLEU was designed for corpus-level machine
translation evaluation, not as a general theory of
text quality. The subsequent migration of BLEU
and ROUGE to summarization, dialogue, and story
generation happened through convenience rather
than construct validation. Reiter (2018) docu-
mented this scope creep empirically, finding that
BLEU’s validity outside machine translation is not
supported by the literature. Schlangen (2021) sit-
uates this pattern within a broader benchmark cul-
ture in which task validation, the argument that
a dataset truly exemplifies a target task, is rarely
made explicit; the same diagnosis applies almost
word for word to metric validation.

4.2 Embedding-Based Metrics

BERTScore (Zhang et al., 2020) replaces exact
n-gram matching with contextual similarity, cap-
turing paraphrase and semantic equivalence that
reference-based metrics miss. However, it does
not resolve the construct validity problem:; it relo-
cates it. The implicit construct becomes seman-
tic similarity operationalized through a pre-trained
model’s embedding space, inheriting that model’s
theoretical commitments, training distribution, and
handling of ambiguity.

Such correlations are not meaningless: they can
serve as partial convergent validity evidence when
human ratings were collected against a clearly de-
fined construct. The problem arises when both
the metric and human ratings operationalize the
same underspecified notion of “quality,” in which
case high correlation confirms only that two im-
precise instruments agree. A concrete illustration:
BERTScore applied to faithfulness evaluation in
summarization rewards outputs semantically close
to the reference, even when the reference contains
claims not supported by the source. This is a dis-
criminant validity failure: the metric conflates faith-
fulness with reference similarity, constructs that are
related but theoretically distinct.

4.3 LLM-as-Judge

LLM-as-judge evaluation introduces a more acute
construct validity problem. Zheng et al. (2023)
documented position bias, verbosity bias, and self-
enhancement bias in MT-Bench and Chatbot Arena
evaluations. Gao et al. (2025) survey the broader
landscape of LLM-based NLG evaluation and iden-

1023



tify a set of recurring challenges including lack
of robustness across attack scenarios, sensitivity
to prompt formulation, and a tendency for evalu-
ator models to prefer outputs that resemble their
own generations. These are symptoms of a deeper
failure: the evaluator’s judgments reflect learned as-
sociations rather than a principled assessment of a
defined construct. Recent mitigations such as multi-
judge ensembles and rubric anchoring (Zheng et al.,
2023) can reduce some biases, but address symp-
toms rather than the root cause: without an ex-
plicit construct definition, no rubric can be properly
grounded. The evaluation construct is implicitly de-
fined by whatever the evaluator learned to associate
with quality during training, remaining opaque, un-
stable across model versions, and potentially circu-
lar when evaluator and evaluated system share the
same training distribution (Gehrmann et al., 2021).

4.4 Human Evaluation

Well-designed human evaluation protocols can pro-
vide meaningful evidence about constructs requir-
ing pragmatic judgment, such as utility. However,
the field’s typical practice falls short. Howcroft
et al. (2020) surveyed twenty years of NLG hu-
man evaluation across 165 papers and found that
researchers have used over 200 different terms for
evaluated aspects of quality, with the same term
meaning different things across papers. They re-
ported, for example, that what is labelled fluency
actually decomposes into a substantial number of
distinct underlying criteria depending on how the
term is defined and used in context, so that two eval-
uations both labelled fluency can target meaning-
fully different properties. Their conclusion was that
NLG human evaluation needs evaluation sheets and
standardised definitions before meaningful meta-
analysis becomes possible. The QCET work of
Belz et al. (2025) can be read as an attempt to de-
liver exactly such standardised definitions, derived
empirically from the existing literature rather than
imposed top-down.

The same diagnosis recurs in adjacent commu-
nities. Braggaar et al. (2026) found that within
task-oriented dialogue evaluation, the four most fre-
quent constructs (satisfaction, correctness, quality,
and efficiency) are operationalized through incon-
sistent and often unvalidated measures. Fitrianie
et al. (2020) reached comparable conclusions for in-
telligent virtual agents, motivating their multi-year,
community-wide effort to consolidate constructs
into a shared instrument. Across all of these set-

tings, the same pattern holds: without explicit con-
struct definitions, annotators interpret criteria how-
ever they wish, producing ratings that mix the in-
tended construct with irrelevant factors. Novikova
et al. (2017) showed that human ratings are unsta-
ble across tasks and annotator populations, under-
mining the assumption that correlation with human
judgment is by itself adequate metric validation.

5 A Measurement-Theoretic Framework

Evaluation metrics should be interpreted as oper-
ational indicators of latent quality constructs.
Quality is not a single construct; different methods
capture different aspects, and their validity depends
on the relationship between the operationalization
and the construct it claims to measure. We propose
three steps, each grounded in established measure-
ment theory.

Step 1: Explicit construct definitions. The field
needs explicit definitions for the properties NLG
evaluation assesses, distinguishing constructs such
as fluency, adequacy, faithfulness, coherence, util-
ity, and style, and acknowledging that these are
task-specific. For abstractive summarization, a min-
imally adequate framework specifies at least: faith-
fulness (factual consistency with the source), cov-
erage (proportion of key information retained), and
fluency (grammatical well-formedness). ROUGE-
L approximates coverage under limited conditions;
BERTScore blends faithfulness and coverage with-
out separating them; neither addresses fluency in a
theoretically grounded way. Stating these map-
pings explicitly reveals both what is measured
and what is not. Practical templates already ex-
ist: the QCET taxonomy (Belz et al., 2025) and
the human-evaluation sheets proposed by Howcroft
et al. (2020) can both serve as anchors for new eval-
uations rather than each paper inventing its own
vocabulary.

Step 2: Validation through measurement mod-
eling. Metric validation should address the ques-
tions of Cronbach and Meehl (1955) and Jacobs
and Wallach (2021): does the operationalization
cover the content of the construct? Does it con-
verge with other operationalizations of the same
construct? Does it discriminate from related but
distinct constructs? Does it produce valid conse-
quences? Van der Wal et al. (2024) provide a recent
worked example of porting these questions into
NLP, including practical strategies for assessing

1024



parallel-form, test-retest, and split-half reliability
of measurement instruments built from text. Sev-
eral of those strategies transfer directly to NLG
metrics: the same metric should produce compara-
ble scores under prompt paraphrasing, on equiva-
lent test partitions, and across model checkpoints
fine-tuned for the same task. For human evaluation,
this requires reporting inter-annotator agreement as
evidence of reliability: low agreement signals con-
struct underspecification rather than mere annotator
disagreement. Correlation with human judgment
is one piece of convergent validity evidence, not a
sufficient criterion on its own.

Step 3: Transparency about theoretical commit-
ments. When BLEU evaluates a summarization
system, this is a claim that surface lexical simi-
larity is an adequate operationalization of summa-
rization quality. When LLM-as-judge is used, this
is a claim that the evaluator’s implicit preferences
constitute an adequate operationalization. These
claims should be stated and scrutinized. Main-
taining shared construct definitions requires gover-
nance mechanisms such as construct registries and
metric cards documenting what each metric targets
and under what conditions it has been validated.
The standardisation efforts of Belz et al. (2025),
the evaluation sheets of Howcroft et al. (2020), and
the IVA community’s questionnaire-based instru-
ment (Fitrianie et al., 2020) all illustrate how such
governance can take concrete form.

Preliminary construct taxonomy. Table 1 illus-
trates how evaluation can be organized around the-
oretically defined properties rather than metrics.
Disagreements between metrics signal that they
capture different constructs or different facets of
the same one. The six constructs address tradi-
tional NLG tasks; agentic and long-context settings
will require additional constructs such as ground-
edness, instruction-following, and calibration. We
do not claim novelty for these construct names;
each appears in some form in the QCET taxonomy
and in earlier NLG evaluation guides. Our claim
is methodological: that any benchmark or paper
using such labels should commit to an explicit defi-
nition, identify which operationalizations partially
cover it, and report validity evidence accordingly.
The proposed constructs are not mutually exclu-
sive and may interact; for example, faithfulness and
coverage jointly determine adequacy in summariza-
tion tasks. Table 2 illustrates how each construct
maps to typical metrics, making explicit that each

Construct  Definition

Fluency Degree to which output conforms to
grammatical and stylistic norms

Adequacy Degree to which output conveys the
meaning of the source or prompt

Faithfulness Degree to which output is factually con-
sistent with a source document

Coherence  Degree to which output forms a logi-
cally unified whole

Utility Degree to which output is useful to the
intended end user

Style Degree to which output conforms to a

target register and style

Table 1: A preliminary taxonomy of NLG quality con-
structs. Each requires separate operationalization and
validation; a single metric as proxy for all conflates con-
ceptually distinct properties.

Construct Typical Metric(s)

Fluency LM perplexity, LLM judge
Adequacy BLEU, BERTScore

Faithfulness  QA-based metrics

Coherence Entity-grid, discourse metrics
Utility Human evaluation, impact study
Style Style classifiers, human judgment

Table 2: Construct-to-metric mapping. Each metric
captures only part of the construct space; using any
single metric as a proxy for overall quality produces
construct conflation.

metric captures only part of the construct space.

Implications for benchmark design. A
construct-first approach reverses current practice:
designers specify which constructs the benchmark
assesses, then select metrics that validly oper-
ationalize them. This determines what a score
means and what it does not. A leaderboard ranking
conflating fluency, faithfulness, and utility cannot
guide practitioners who need faithfulness but
not stylistic sophistication. Construct-grounded
benchmarks produce infrastructure that is more
interpretable and more useful for deployment.
Schlangen (2021) makes a parallel argument from
a slightly different angle, treating dataset and
benchmark design as a chain of explicit argumenta-
tion steps that should be made transparent rather
than assumed; that proposal is fully compatible
with the construct-first stance taken here.
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Implications for leaderboard culture. When a
benchmark score operationalizes an underspecified
notion of quality, improving that score becomes
a valid target regardless of whether improvements
reflect meaningful properties of generated text. Sys-
tems that score highly often fail in ways obvious
to human readers but invisible to the metric (Bow-
man and Dahl, 2021). From a measurement per-
spective, leaderboard optimization is consequential
validity failure: the community is shaping what
NLG systems learn without theoretical guidance
about whether that behavior is desirable. Zhuang
et al. (2025) argue that Al evaluation should take in-
spiration from how psychometricians test humans,
including adaptive test designs that estimate latent
traits rather than treating average accuracy as a gold
standard. Whatever one thinks of the specific pro-
posals in that line of work, the general point that
benchmarks need a clearer theoretical account of
what they are estimating reinforces the argument
made here.

Implications for reproducibility and real-
world impact. Construct underspecification un-
dermines reproducibility. When two papers evalu-
ate “quality” but operationalize it differently, their
results are not comparable even when the same
metric label is used. The ReproNLP initiative led
by Belz (2022) and colleagues has documented
how difficult NLG evaluations are to reproduce in
practice; measurement theory explains why: re-
producibility requires an instrument measuring a
stable, well-defined construct. Construct-grounded
protocols with explicit reliability statistics would
substantially improve this situation. A separate but
connected concern is that intrinsic metric quality is
not the only thing worth measuring. Reiter (2025)
reports that only a tiny fraction of ACL Anthology
papers contain any evaluation of the real-world im-
pact of the systems they propose, and argues that
the field would be more useful if it took such eval-
uations seriously. From a measurement-modeling
perspective, real-world impact corresponds to con-
sequential validity, and including impact studies
among the operationalizations the community val-
ues would broaden the definition of what successful
evaluation looks like.

6 Conclusion

The NLG evaluation landscape is rich with met-
rics and poor in theory. All four paradigms ex-
amined suffer from a structural construct validity

problem that no new metric can solve. What is
needed is a measurement modeling framework that
specifies what is being measured, justifies the oper-
ationalizations used, and validates their use through
established measurement science. The position
advocated here is not original to this paper; it in-
herits a long tradition starting with Cronbach and
Meehl (1955) and continuing through recent NLP
work on bias measurement (Van der Wal et al.,
2024), dialogue evaluation (Braggaar et al., 2026),
benchmark methodology (Schlangen, 2021), evalu-
ation taxonomies (Belz et al., 2025; Howcroft et al.,
2020), and adaptive testing (Zhuang et al., 2025).
The contribution of this paper is to bring those
threads together for NLG specifically, and to argue
that the four dominant evaluation paradigms must
be re-examined through a measurement lens. Fu-
ture work should pursue multi-trait multi-method
validation, construct-grounded benchmark design,
and stronger integration between intrinsic evalua-
tion and impact studies. The next step is not more
metrics. It is more theory.

Limitations

This paper is a conceptual position paper rather
than an empirical study. The proposed construct
taxonomy in Table 1 is illustrative rather than ex-
haustive, and the framework is intended as a start-
ing point for discussion rather than a complete mea-
surement model. The six constructs are not pre-
sented as a definitive set; reasonable disagreement
exists about how they should be defined, decom-
posed, or prioritized across NLG tasks, and richer
alternatives such as the QCET taxonomy of Belz
et al. (2025) already exist for use as anchors. Fu-
ture work should develop more precise construct
definitions and explore empirical validation meth-
ods such as factor analysis across metric scores,
multi-trait multi-method studies, and reproducibil-
ity audits aligned with efforts like the ReproNLP
track. The paper focuses on text generation and
does not address the additional complexities of mul-
timodal evaluation, though the core argument about
construct validity applies equally in those settings.
The paper also draws selectively rather than exhaus-
tively from the broader psychometric literature; a
deeper integration with classical test theory, item
response theory, and modern validity frameworks
remains an open task.
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