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Abstract

Language model capabilities have advanced
faster than the methods used to evaluate them,
particularly since the move from task-specific
systems to general-purpose models which are
deployed across an ever-widening range of
tasks. When models were built for a single task,
evaluation sat in a tight relationship between
the task, the data, and the model. General-
purpose models have weakened this relation-
ship, and the evaluation practices that were
built around it have not adjusted. This paper
argues that addressing this gap requires treating
evaluation, understood as quantitative perfor-
mance measurement, and assessment, under-
stood as the analysis of mechanisms and real-
world behavior, as complementary rather than
interchangeable. This distinction matters be-
cause evaluation is now often asked to stand
alone in settings where a benchmark score can-
not tell us what a model is doing, or how its
behavior will hold up outside the benchmark.

1 Introduction

Natural Language Processing (NLP) has in recent
years experienced an unprecedented expansion and
societal impact. Until recently, it was less visible as
a field, reaching the general public mainly through
specific applications such as machine translation,
autocorrect, or autocomplete. Today, a large share
of the population' has heard of NLP through com-
mercial models such as ChatGPT or Claude and a
growing part use them in their professional and per-
sonal life or in even more personal contexts such
as a substitute for consulting a physical or mental
health professional.

"Numbers vary depending on region and sources : 68% to
90% of European and American workers have heard of gener-
ative Al according to (Bick et al., 2026), while roughly 90%
of Americans have (Kennedy et al., 2025). These figures are
centered around North America and Europe, thereby creating
a picture that is likely inflated and not representative of the
global population, a pattern reflected in the data on investment
and impact (Microsoft Al Economy Institute, 2026).
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This broad adoption has outpaced the field’s abil-
ity to characterize what these models can and can-
not do, as well as how and why they succeed or
fail in the tasks for which they are used. Bench-
marks remain the main framework through which
the community tracks progress and compares mod-
els, and they have grown considerably in size and
scope, now covering capabilities ranging from gen-
eral knowledge and reasoning to instruction follow-
ing, coding, tool use, and more abstract dimensions
such as alignment and safety. Their logic, how-
ever, has mostly stayed the same: model outputs
are compared against gold references, and the re-
sult is compressed into a single figure per task or
benchmark. This is inherited from an era of task-
specific systems, where the task was fixed and the
reference was the right or at least reasonably attain-
able answer, and it was well suited to both the tasks
and capabilities of the models at the time. Applied
to general-purpose models that now saturate those
benchmarks (Akhtar et al., 2026), it continues to
produce rankings, but they tell us neither how a
model handles a given input, nor how its evaluated
behavior relates to its behavior in the open-ended
tasks they are used for in practice. For example,
ROUGE (Lin, 2004) was built for n-gram over-
lap on short extractive news summaries, where a
reference output was close to the system output
by design; it was stretched within summarization
to longer and more abstractive cases, and is now
reported as evidence of factual correctness in hal-
lucination detection (Janiak et al., 2025) and of
retrieval quality in RAG pipelines (Yu et al., 2025).
These are settings where many outputs can be cor-
rect and similarity to one reference cannot tell them
apart. The score keeps being produced, but is asked
to carry the weight of a much broader claim about
the model.

The position this paper takes is that filling this
gap does not require replacing benchmarks, nor
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scaling up the same logic. The question bench-
marks answer, how do models compare against a
reference, is not the only one worth asking, and
the question of how and why a model behaves as
it does calls for a different methodology. This is
done here by clearly separating the concept of “ex-
amining” models into two frameworks, evaluation
and assessment, which serve different purposes and
answer different questions, and by arguing that we
need to treat them as complementary rather than
interchangeable, in the sense that one is often asked
to do the work of the other.

The rest of this paper proceeds as follows. Sec-
tion 2 sketches how the relationship between tasks,
their associated data, inference methods, and evalu-
ation has evolved with the rise of general-purpose
models, and identifies the structural shift that mo-
tivates the rest of the argument. Section 3 defines
and presents the difference between evaluation and
assessment, and argues that the two are comple-
mentary rather than interchangeable. Section 4 dis-
cusses this distinction in relation to existing work,
from linguistic probing and fine-grained evaluation
to user-centered studies and more recent attempts
to formalize evaluation by “vibes”, and situates it
alongside adjacent methodological proposals.

2 From task-specific to generic models

The development of NLP methods can be described
through three main components, strongly interact-
ing with each other: the task, together with the
annotated or curated data that supports it, the in-
ference method used to produce outputs, which
today is largely a Large Language Model, and the
evaluation methods and metrics through which
outputs are judged. What is interesting is how
the interactions between these components have
evolved. Earlier in the development of NLP as a
field, research was primarily focused on the task.
When a new method was developed, the task was
fixed and relatively narrow, and the data was an-
notated specifically for that task, both for training
the inference method and for evaluating it. The ar-
chitectures themselves were often designed around
the task, with specific inductive biases for sequence
labeling, parsing, or machine translation, partly be-
cause model capacity at the time did not permit a
unified approach. The evaluation methods and met-
rics were tied just as directly to the task: a tagger
for named entity recognition, a translation system,
and a summarizer would not be evaluated in the
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same way. This made sense both because each
metric measured something specific to the task and
because model performance was lower, so compar-
ing systems against a few canonical references was
already challenging enough to produce meaningful
differences.

The first shift came with the arrival of early trans-
former (Vaswani et al., 2017) models on a moderate
scale, such as BERT (Devlin et al., 2019), BART
(Lewis et al., 2020) and RoBERTa (Liu et al., 2019).
Rather than training a model directly on the final
task, a pre-training stage was introduced on a much
simpler objective, typically predicting words hid-
den from their context, which was not itself a task
of interest but proved remarkably effective as a
"foundation" (Bommasani et al., 2021) for the real
tasks. On top of this foundation, what was done
was essentially the same as before, task-specific
training, now in the form of fine-tuning a model.

The major change came with the idea of general-
purpose models. T5 (Raffel et al., 2020) proposed
that every task, regardless of its nature, could be
cast in a single text-to-text format, while GPT-
3 (Brown et al., 2020) showed that tasks could
be specified at inference time through natural lan-
guage prompts and a few examples, without any
fine-tuning. Pushed to its limit through training
models on conversational data and human feed-
back (Ouyang et al., 2022), this idea moved from a
specialist-facing prompting paradigm to a general
interaction mode, where tasks are handled through
natural language interactions with a model never
explicitly trained on most of them.

This last shift, sketched in Figure 1, marks an
important change in which component is now driv-
ing the others. Research was previously organized
around the task: the data was annotated for it, the
architecture was designed for it, and the evalua-
tion was tied to it. It is now organized around
the model: the same system handles a wide range
of tasks through prompting, and the tasks, data,
and evaluations are defined in relation to what the
model can do. One consequence is that because the
model is generative, evaluation and task must be
generative-compatible, regardless of their underly-
ing structure. A classification or extraction problem
becomes, through those models, a text-generation
task, and the metric operates on the generated text
rather than directly on the format and context it
was originally about.
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Figure 1: The shift from task-centric to model-centric
NLP: the component that drives the others moves from
the task to the model, and task and metric are recast in
generative form to fit it.

A second consequence of this shift is the in-
creased diversity and abstraction of the tasks that
these models can now plausibly be asked to per-
form. Asking a model to read a long financial
document, identify the companies mentioned in
it, extract the relevant performance indicators, and
produce a summary in the form of slides with sup-
porting visualizations is not an unrealistic request
today (Egg et al., 2025; Zheng et al., 2025). Evalu-
ating such a task is another matter entirely. What
should be evaluated? Each atomic component? The
named entity recognition and table extraction steps
can probably be formalized, but are not as simple to
test in practice as this framing suggests, and more
abstract or open-ended components, such as data
cleaning, normalization, the choice of which indi-
cators are most relevant (relevant for whom, and
for what use?), the use of code tools to produce
visualizations, and the judgment of those visualiza-
tions, raise a deeper question: what would a gold
reference even look like? Even with expert human
annotators, it is unclear what should be annotated,
against what criteria, and whether two equally com-
petent annotators would agree on the answer. What
makes a visualization good, for instance, depends
on whether it is grounded in real data, readable,
communicative, and well-designed, criteria spread
across factual, aesthetic, and communicative di-
mensions that sit beyond the reach of the grading
formats we currently rely on. Cases like this are
part of what motivates looking more carefully at
what we mean when we talk about “evaluation”.

3 Evaluation and Assessment

Two practices are often discussed together under
the general heading of evaluation, but they serve
different purposes. The first, evaluation in a stricter
sense, is the established practice of quantitative per-
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formance measurement, and its canonical question
is: Does my model perform better than some other
model? Given a model and a reference, evaluation
produces a score, or a set of scores, that allows
models to be compared at a given point in time on
one or several criteria. Its primary function is com-
parative. The second, assessment, is broader, and
its canonical question is: How and why does my
model or method work, or fail to work? In the defi-
nition adopted here, it covers any method aimed at
answering that question, including linguistic prob-
ing, behavioral testing, human-centered studies,
and mechanistic interpretability, among others.

E3]

Beyond the definitions just given, “assessment
as a term is also increasingly common in recent
NLP writing. A keyword search across the ACL
Anthology, covering paper titles and abstracts of
the main *ACL venues, shows that the share of
papers using both terms has grown sharply in re-
cent years, from roughly 1.7% in 2020 to 10.6%
in 2025, a nearly sixfold increase in five years.’
Over the same period, the share of papers using
only “assessment” has stayed flat at 3-4%.

How to read this trend is not obvious. One read-
ing is that “assessment” is simply a more modern
term, adopted under the pull of topics like capabil-
ity assessment, risk assessment, or safety evalua-
tion (Shevlane et al., 2023), without any underlying
change in practice. Another is that the community
is not replacing one term with the other but adding
“assessment” alongside “evaluation” in contexts
where the latter alone no longer seems to cover
what authors want to say: on this reading, some-
thing closer to a second practice is in fact taking
shape. This data alone cannot decide between these
readings. Following the argument of this paper, set-
tling the question would itself require assessment
rather than pure quantitative description. The aim
in the rest of this section is therefore different: to
argue that the two questions just set out are differ-
ent in kind, and that clearly separating assessment
and evaluation in the way proposed here is useful
for thinking about model analysis, whatever the
vocabulary ends up doing in community practice.

Evaluation and assessment, on this distinction,
are not competing practices, and the argument of
this paper is not that one should replace the other.
Evaluation produces comparable numbers, which

*More detail and figures on this can be found in Ap-
pendix A



is what lets a field track progress and decide be-
tween methods. Assessment, by contrast, takes a
model as an object of study rather than a point on
a scale, and asks what it is doing, where it breaks,
and how its behavior looks in the settings where
it is actually used. Many of the questions about a
model are not comparative at the level of aggregate
performance, even when the methods used to an-
swer them are quantitative, as in probing accuracies
or behavioral test pass rates. A rounded account of
what a model is and does typically draws on both.

In current practice, however, the two are far from
balanced. Evaluation remains the dominant one,
inherited from task-specific systems where compar-
ing scores against a reference was both the natural
thing to do and a reliable indicator of progress. It
has continued largely unchanged, even as the con-
ditions that supported it have weakened. This is vis-
ible in benchmark scores reported for commercial
models that do not reliably return the same output,
or in capability claims staked on a single aggregate
number. The imbalance is not that evaluation is
done too much, but that it is often asked to stand
alone, in settings where a score on its own simply
cannot tell us what the model is doing or how its
behavior will hold up outside the benchmark. This
imbalance is visible in the literature itself: Reiter
(2025) reports that roughly 0.1% of ACL Anthol-
ogy papers evaluate real-world impact, and that
even these typically treat the impact finding as sec-
ondary to a metric-based one. When assessment
is done, it is often positioned as a supplement to
evaluation rather than a finding in its own right.

4 Existing Work

The distinction between evaluation and assessment
as drawn here is not a new one in the sense that the
practices it names already exist, and have for some
time. Assessment of NLP systems, and of genera-
tive systems in particular, has a long history. The
STOP system, which generated tailored smoking-
cessation letters, was evaluated in the early 2000s
through a randomised controlled clinical trial with
over 2,500 participants (Reiter et al., 2001, 2003).
The trial measured whether smokers receiving tai-
lored letters were more likely to quit than smokers
receiving a generic letter, rather than how the gen-
erated letters scored against a reference. It was
not, however, the dominant practice even then, and
mostly operated as a complement to metric-based
evaluation rather than driving the analysis. This
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distinction is even more necessary now, given that
modern models are expected to handle a wide range
of open-ended tasks through a single interface. In
fact, a substantial body of existing work is already
doing assessment, even when it is not labeled as
such, and the question is less how to build the prac-
tice from scratch than how to recognize it as a
coherent framework.

The clearest cases are "evaluations" that sit
closer to assessment than to evaluation in the
narrow sense, such as BLiMP (Warstadt et al.,
2020) and Holmes (Waldis et al., 2024), and
more generally the fine-grained evaluation tradi-
tion (Gehrmann et al., 2023; Ribeiro et al., 2020),
where what matters is the detail of what is being
examined rather than the overall ranking of mod-
els: no one really seems to care, in practice, about
a model’s rank on BLiMP. Human evaluation of
natural language generation outputs belongs here
as well, along with user studies and deployment
reports that track how systems behave once they
leave the lab, a concern shared with the broader
human-computer interaction community.

The same holds for probing and mechanistic in-
terpretability, where the goal is again not to rank
models but to understand how they function, this
time by looking at the model’s internals rather than
its behavior. Probing is routinely described as eval-
uation, but what it actually does is closer to as-
sessment in the sense defined here: the goal is
not to rank models but to characterise what they
have learned (Rogers et al., 2020). Mechanistic
interpretability is a different case: the field already
positions it as reverse-engineering rather than eval-
uation, which makes it a limit case for the fram-
ing in a different way, not because it has to be
reclassified, but because it raises its own validity
questions. In the line of work surveyed by Feld-
hus and Kopf (2025), which focuses on generating
natural-language concept descriptions for neurons,
attention heads, and SAE features, automation now
operates at two distinct layers: the descriptions
themselves are generated by other language mod-
els, and their quality is evaluated mostly through
automatic measures. They note that “concept de-
scriptions are for humans, making human judg-
ment essential for validating the meaningfulness of
automated metrics”, and yet observe that human
evaluation remains comparatively rare in this part
of the field. The practice fits our definition of as-
sessment, but the move to automate it should be



approached with care: the automated judges and
metrics are themselves measurement instruments,
and the validity questions Wallach et al. (2025)
raise for evaluation apply to them too.

One further approach deserves its own mention:
evaluation by “vibes”. Unlike most of the prac-
tices just mentioned, it did not originate in research
and move outward to users, but the opposite: it
grew out of informal discussions among users on
X/Twitter, where people shared their own practical
tests alongside a more diffuse sense of a model’s
competence. This includes the more classical di-
mensions of code and writing, as well as less tan-
gible qualities: the model’s capacity to interact in
ways that feel useful rather than flattering, avoid-
ing what work on language models describes as
sycophancy: the tendency of a model to adapt its
answer to the user’s stated beliefs or preferences,
including when this leads it to endorse incorrect
claims (Perez et al., 2023; Sharma et al., 2024). It
also includes the ability to avoid something closer
to a textual uncanny valley, where the output reads
as almost-right but not quite. Recent work has
begun attempting to formalize this (Dunlap et al.,
2025; Itzhak et al., 2026). These attempts raise a
question: what makes the practice interesting is
that it is grounded in the user’s own intuitive and
contextual judgment, and proposals to automate
it have to decide how much of that grounding to
preserve as it is turned into something reproducible
at scale.

Three recent proposals name a related gap, each
reaching for different vocabulary. Wallach et al.
(2025) argue that evaluating generative Al systems
should be understood as a measurement problem us-
ing the tools of social-science measurement theory.
Weidinger et al. (2025) call for a mature evaluation
science for NLP, and in particular for a behavioral
approach that overlaps with what is here called as-
sessment. Where these two are broad methodologi-
cal reframings, Reiter (2025) is narrower, drawing
a sharper binary between metric evaluation and
what fits here as one specific kind of assessment,
his impact evaluation: the measurement of real-
world performance indicators in deployed usage
rather than performance on a test set. Together
with the vocabulary shift documented in Section 3,
these proposals suggest that the community is ac-
tively trying to articulate and develop a practice
that current methods do not quite cover.
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5 Conclusion

This paper argues that evaluation and assessment
should be treated as complementary practices
rather than as a single one. The argument is not
about vocabulary: other words could be used in
place of these two, and several recent proposals
already rely on different vocabularies to describe
related concerns. The point is that evaluation is of-
ten used as a wide term, stretched to cover practices
ranging from scoring against references to probing
and behavioral testing, grouped together without
clear distinctions about what each is set up to do.

Naming the two apart matters because eval-
uation carries a lot of weight in NLP and in
benchmark-driven research more broadly. Com-
paring methods and tracking progress is what it
is set up to do, but it is also one of the forces that
direct research attention. What can easily be scored
against a reference becomes the natural target of
new work, and what resists that format is harder
to argue for in publications. The open-ended cases
sketched in Section 2 tend, on those grounds, to
be taken up through evaluation rather than assess-
ment, with the task reshaped until it produces a
comparable score even where that framing does
not really fit. Assessment, by contrast, is slower
to set up and produces findings that do not reduce
to a single comparable number, what Gehrmann
et al. (2023) call an “incentive mismatch between
conducting high-quality evaluations and publishing
new models or modeling techniques”. The asym-
metry between the two is not the problem in itself;
what follows from it is that the field’s overall direc-
tion, what gets researched and optimized, ends up
shaped largely by what evaluation can take up.

Recent proposals, from measurement theory to
evaluation science to impact evaluation, are visibly
trying to reach beyond evaluation as it is currently
used. Naming the two apart is a small move toward
that, and a reminder that not every question worth
asking about a model is one a benchmark score can
answer.

Limitations

The one piece of empirical material in this paper
is the keyword search reported in Section 3, and
it is too coarse and only quantitative to settle the
question, as already noted in Section 3. A search
over titles and abstracts cannot tell whether the
rise of assessment alongside evaluation reflects a



change in what authors are doing or a change in
what they call it. Settling what the trend actually re-
flects would itself require the kind of close reading
the paper places under assessment.
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A Anthology Search: Method and Data

The numbers reported in the main text come from a
keyword search run directly on the ACL Anthology
XML dump?, parsed at the per-volume level rather
than queried through the website. The corpus cov-
ers 117,273 papers from the main *ACL venues
(ACL, EMNLP, NAACL, COLING, TACL, CL,
LREC, and associated workshops) between 1952
and 2025; 2026 was excluded as only partially in-
dexed at the time of the search.

For each paper, the title and abstract were con-
catenated and matched against two case-insensitive
regular expressions with word boundaries:

\b(?:re)?(assess|assesses|assessed|
assessing|assessment|assessments)\b
\b(?:re)?(evaluate|evaluates|evaluated|

evaluating|evaluation|evaluations)\b

Each paper was then assigned to one of three
mutually exclusive buckets, evaluation only, as-
sessment only, or both terms, and yearly shares
were computed against the total number of papers
indexed for that year. An optional re- prefix is
allowed (matching reassess, reevaluate, and their
inflections). Other surface variants such as evalua-
tor, evaluative, or assessor were not included.

Abstract coverage in the Anthology XML is un-
even before roughly 2016. Several early volumes
carry titles only, with the abstract field empty or
missing, so pre-2000 rates under-count all three
buckets, since only titles contribute to the match.
Years before 1990 sit close to zero across all three
buckets and were trimmed from the figure to keep
the post-1990 trend readable. The post-2016 trend,
on which the main argument rests, is not affected.

Figure 2 shows the full series from 1990 onward
as the share of papers per year falling into each
bucket. Shares are the comparable view across
years given that the absolute number of papers
grows by a factor of roughly twelve over the period.

3https://github.com/acl-org/acl-anthology
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Figure 2: Share of papers in the ACL Anthology us-
ing the terms evaluation, assessment, or both, by year.
Buckets are mutually exclusive per paper. Based on
a keyword search over titles and abstracts of 117,273
papers across the main *ACL venues (1952-2025). The
share of papers using both terms has grown from roughly

1.7% in 2020 to 10.6% in 2025.
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