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Abstract

Recent years have seen rapid growth in evalu-
ation and benchmarking in NLP, driven by ad-
vances in large language models (LLMs). This
growth has shifted evaluation from measuring
generalization to tracking capability, often with-
out reference to training assumptions. We ar-
gue that this creates a conceptual gap: results
are frequently interpreted without considering
what models could plausibly have learned, ren-
dering many conclusions scientifically under-
determined. We propose an expectation-aware
view, where the informativeness of evaluation
depends on its relationship to training data,
model design, and tasks. We further distinguish
between evaluation for scientific understanding
and capability tracking, and provide recommen-
dations for aligning evaluation with its intended
purpose in the LLM era.

1 Introduction

Evaluation has long been central to progress in
natural language processing and machine learning,
traditionally tied to generalization: we evaluate to
infer what a model has learned beyond its training
data. The rise of large language models (LLMs)
has further elevated the role of evaluation—evident
in growing publication trends—while altering its
epistemic function. Modern models are trained on
massive, partially undisclosed corpora and evalu-
ated across diverse tasks, from question answering
and coding to multimodal reasoning and agentic
workflows. As a result, evaluation is often treated
as a standalone measurement, increasingly decou-
pled from learning assumptions, bringing both
new opportunities (e.g., capability discovery and
application-driven testing) and risks (e.g., misinter-
pretation and weakened scientific conclusions).

This shift introduces a key ambiguity: when
training data are unknown, what does an evaluation
result actually tell us? Strong performance may
reflect generalization, memorization, or distribu-

tional alignment, while failure may indicate model
limitations or unrealistic expectations. Without
grounding in what a model could plausibly have
learned, evaluation is difficult to interpret beyond
surface-level performance.

In this paper, we argue that evaluation should
be understood relative to expectation. The infor-
mativeness of an evaluation result depends on its
relationship to the model’s training data, design,
and the evaluation task. A benchmark score alone
is not a scientific conclusion; its value lies in how it
compares to what we would expect under these con-
ditions. We refer to this perspective as expectation-
aware evaluation.

From this viewpoint, we distinguish two roles of
evaluation in the LLM era. Evaluation for scientific
understanding aims to draw conclusions about gen-
eralization and model behavior, requiring training-
aware analysis. In contrast, evaluation for capa-
bility tracking treats models as black-box systems
and measures what they can do in practice. While
both are valuable, they support different claims and
require different standards of interpretation.

We analyze recent trends in LLM evaluation and
propose a framework to re-ground evaluation in
model exposure and expectation, along with rec-
ommendations for aligning evaluation design with
its intended purpose.

2 The Paradigm Shift: From
Generalization to Capability

Evaluation has become a central component of
NLP research in recent years. Figure 1 shows the
number and proportion of evaluation-focused pa-
pers in the ACL Anthology from 2015 to 2025,1

based on keyword matching.2 We observe a steady
1Data source: https://aclanthology.org/.
2We identify evaluation-related papers using keyword

pattern matching on paper titles, including variants of
eval*, benchmark*, leaderboard, test set, test suite,
assess*, metric*, scoring, annotation scheme, human
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Figure 1: Trends in evaluation-related papers in the ACL
Anthology from 2015 to 2025.

increase over time, with a sharp rise following the
emergence of large language models. This reflects
both the expansion of model capabilities and the
growing need to evaluate systems across diverse
tasks, including reasoning, coding, multimodal,
and agentic tasks.

However, while evaluation is more prevalent
than ever, its role has become less clearly defined.
This growth is not merely quantitative, but also
reflects a qualitative shift in how evaluation is de-
signed and interpreted.

From Generalization to Capability Tradition-
ally, evaluation in NLP is tied to generalization:
models are trained on well-defined datasets and
evaluated on held-out test sets, with performance
interpreted as what the model has learned beyond
its training data. For example, widely used datasets
pre-LLMs such as GLUE (Wang et al., 2018) for
language understanding, Squad (Rajpurkar et al.,
2016) for question answering, Wikitext-103 (Mer-
ity et al., 2017) for language modeling, WMT (Spe-
cia et al., 2020) for machine translation, etc. all
have explicit training and testing data split and fol-
low a controlled evaluation protocol.

In the LLM era, evaluation increasingly serves
a different role. Models are trained on large-scale,
heterogeneous, and often undisclosed data (Brown
et al., 2020; Achiam et al., 2023; Team et al., 2023),
making training distributions difficult to character-
ize. At the same time, evaluation spans a wide
range of tasks, from standard benchmarks to open-
ended generation (Chiang et al., 2024), dynamic
evaluation (Jain et al., 2024; Li et al., 2025), and
system-level applications (Xie et al., 2024; Pat-

evaluat*, automatic evaluat*, shared task, and
dataset. This heuristic is approximate and intended to cap-
ture general trends.

Metric 2018 2025

Train-eval Discussion 17/20 (85%) 3/20 (15%)
Capability-focused eval 0/20 (0%) 13/20 (65%)

Table 1: Small sample audit showing a clear paradigm
shift before and after LLM era for the role of evaluation.
Results are obtained from manual inspection of 20 ran-
domly sampled evaluation-focused papers from ACL &
EMNLP from respective years.

wardhan et al., 2025). As a result, evaluation is
often treated as a black-box measure of capabil-
ity—assessing whether a model can perform a task
in practice, rather than whether it generalizes be-
yond training.

Empirical Illustration of the Shift To illustrate
how evaluation practices have changed, we con-
duct a small-scale audit of evaluation-focused pa-
pers from the ACL Anthology. Using the keyword
evaluat for title matching, we sample 20 papers
from 2018 and 20 papers from 2025 by selecting
the first matching papers from ACL and EMNLP.
We then manually annotate each paper based on
whether it explicitly discusses the relationship be-
tween training and evaluation data, and its primary
evaluation purpose.

We observe a clear shift, illustrated in Table 1.
In 2018, 17 out of 20 papers (85%) explicitly frame
evaluation in terms of generalization, with consid-
eration of training–test splits or controlled settings.
In contrast, only 3 out of 20 papers (15%) in 2025
do so. Instead, most recent papers (approximately
13 out of 20) treat evaluation as a measure of ca-
pability, focusing on whether models can perform
tasks without reference to training exposure.

While limited in scope, this comparison high-
lights a clear trend: evaluation is increasingly de-
coupled from training assumptions and is now more
often used to characterize model capabilities rather
than to study generalization. Perhaps another well-
known example is the evolution of the GPT model
evaluations. GPT-2 evaluation (Radford et al.,
2019) clearly states “...so we report results on the
validation set which has no significant overlap...”,
GPT-3 (Brown et al., 2020) conducts experiments
“Preventing Memorization Of Benchmarks”, but
GPT-4 (Achiam et al., 2023) no longer includes
any mention of “overlap” or “memorization”. This
reflects a broader shift toward capability-oriented,
training-agnostic evaluation.
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3 What Can We Learn from Evaluation?
An Expectation-Aware Perspective

As evaluation shifts away from being grounded
in learning conditions and increasingly becomes
a standalone object, it introduces challenges for
scientific interpretation. From a knowledge acqui-
sition perspective, evaluation should enhance our
understanding of the learning process and guide
scientific progress, rather than merely reporting a
model’s performance on a task.

For example, GPT-5.4 from OpenAI, released in
March 2026 (OpenAI, 2026), is reported to achieve
“state-of-the-art computer-use capabilities,” with a
“75.0% success rate” on OSWorld-Verified, “sur-
passing human performance at 72.4%” (Xie et al.,
2024). While impressive, such results primarily in-
dicate that GPT-5.4 is a leading system on this task.
What we learn from these scores depends on what
we know about the model’s training. Computer-use
capabilities rely on specific interaction patterns and
training tailored to this setting.3 If such training
data and procedures are known, strong performance
may not be surprising, and the informativeness of
the evaluation depends on how it compares to our
expectations. In this sense, evaluation scores of-
ten reflect product capability, but provide limited
insight into the underlying scientific advances of
large language models.

Evaluation without expectation is uninter-
pretable. We argue that the meaning of an eval-
uation result depends on an implicit notion of ex-
pectation: what we anticipate a model to achieve
given its training data and design. Formally, we
view expectation as a function of training exposure
and learning procedure, and the value of evaluation
lies in how observed performance compares to this
expectation:

Veval = f(Dtrain,A,Deval)

=
∣∣P (Deval)− E(Dtrain,A)

∣∣

where Dtrain denotes the training data distribution
and content, A the learning algorithm or architec-
ture, and Deval the evaluation data. P denotes the
observed evaluation performance (e.g., a score or
set of judgments), while E represents the expected
performance given Dtrain and A.4 The value Veval

3See https://developers.openai.com/api/docs/
guides/tools-computer-use.

4For simplicity, we omit the model itself, which is implicit
in both the evaluation process and the expectation formulation.

thus reflects the knowledge gained from the evalua-
tion. In short,

The takeaway of evaluation lies in the
surprisal of results, not in the scores
themselves.

From this perspective, a benchmark score is not,
by itself, a scientific conclusion. Instead, it is a sig-
nal whose informativeness depends on its deviation
from expectation. To illustrate this mental model:

• Case 1, Low Value—Tracking: if P ≈ E, i.e.,
results match expectation, evaluation serves pri-
marily as “tracking.” It confirms that the model
behaves as anticipated (e.g., recalling Wikipedia
knowledge for an LLM trained on web-scale
data). While useful for monitoring progress and
deployment, such results carry low scientific sur-
prisal.

– Case 1.1, Success matches expectation:
evaluation scores are high but expected, con-
firming known effects. For example, it
is expected that fine-tuning improves per-
formance on domain-specific data (Devlin
et al., 2019).

– Case 1.2, Failure matches expectation: eval-
uation scores are low but expected, reflect-
ing known limitations rather than model
failure. For instance, LLMs trained primar-
ily on Wikipedia perform poorly on cod-
ing tasks due to domain mismatch. For an-
other example, novel instructions lead to
degraded instruction following performance
compared to observed ones during training
(Sun et al., 2024), which is reasonable.

• Case 2, High Value—Scientific Gain: if P ≫ E,
i.e., performance significantly exceeds expecta-
tion, this may provide evidence of generaliza-
tion or emergent capabilities. For example, GPT-
3’s strong few-shot generalization (Brown et al.,
2020) was not anticipated based on smaller lan-
guage models, yielding high scientific value and
advancing understanding of LLM behavior.

• Case 3, High Value—Diagnostic Insight: if P ≪
E, i.e., performance falls far below expectation,
this may reveal flaws in experimental design,
evaluation setup, or underlying assumptions, and
can lead to important diagnostic insights. For
instance, models aligned for safety may exhibit
unexpected unsafe behavior under certain condi-
tions (Greenblatt et al., 2024), highlighting gaps
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in alignment methods and motivating more ro-
bust approaches.

Expectation as a Function of Knowledge The
above categorization highlights a scientific versus
functional divide in the role of evaluation. Beyond
this, the expectation E is itself grounded in our cur-
rent state of knowledge. Formally, we can express:

E(Dtrain,A) = E(Dtrain,A | K(t, p))

where K(t, p) denotes the available conceptual
knowledge at time t for a given observer p. As such,
expectations are both time-dependent and observer-
dependent. For instance, the emergence of in-
context learning (Brown et al., 2020) was largely
unanticipated around 2019, but is widely expected
today. Similarly, advances such as DeepSeek-R1
(Guo et al., 2025), which show that reinforcement
learning can induce longer and more structured
reasoning, may provide new insights for academic
researchers, while being less surprising to industry
practitioners such as OpenAI, who have reported
similar effects (Chen, 2025) in their o-series mod-
els (OpenAI, 2024).

This dependence introduces an information gap
in evaluation. When training data and development
processes are not fully disclosed, common in indus-
try settings, different groups may form misaligned
expectations, leading to divergent interpretations
of the same evaluation results. Consequently, eval-
uation may reflect not only model behavior, but
also disparities in knowledge access. To support
scientific progress, evaluation and its interpreta-
tion should be grounded in shared assumptions and
more transparent contexts, enabling more aligned
comparisons and contributing to the broader de-
mocratization of scientific understanding.

Discussion on Operationalization Given that
expectations depend on individual knowledge, ex-
perience, and access to information, the proposed
expectation-aware evaluation framework is inher-
ently more conceptual than fully operational. In
practice, it is difficult to define or estimate expecta-
tions consistently across different observers.

Nevertheless, the framework serves as a criti-
cal mental model for grounding evaluation in per-
sonalized scientific knowledge acquisition. It en-
ables individuals to interpret results relative to
their own understanding and to integrate new find-
ings into their existing knowledge systems. At
the same time, to support knowledge sharing and

partial operationalization, researchers should ex-
plicitly state the assumptions and known facts used
to form expectations—even if these are not uni-
versally shared—and interpret results relative to
them. Such transparency enables more systematic
inspection of evaluation outcomes, better contextu-
alization of results, and more aligned knowledge
exchange, contributing to the broader democratiza-
tion of scientific understanding.

4 A Purpose-Based View of Evaluation

In the LLM era, evaluation has shifted from measur-
ing generalization to tracking capability, but with-
out accounting for training data and expectations,
such evaluations are difficult to interpret scientif-
ically. As evaluation now serves multiple roles
with differing goals and assumptions, a key source
of confusion is the conflation of these roles. We
distinguish between two primary regimes below.

Evaluation for Scientific Understanding. This
regime aims to advance model design and learning
theory by uncovering what a model has learned and
why it performs as it does. It is inherently white-
box: evaluation is grounded in the relationship be-
tween training data, model architecture, and evalua-
tion tasks, and interpreted through the expectation-
aware framework in Section 3. The goal is not
merely to measure performance, but to explain it
and derive scientific insight. For example, early
instruction-tuning work (Wei et al., 2021) demon-
strates zero-shot generalization in following novel
task instructions.

Evaluation for Capability Tracking. In con-
trast, this regime focuses on measuring what a
model can do in practice, often without reference to
its training data. It is fundamentally black-box: the
model is treated as an opaque system—an “alien
intelligence”—and evaluation asks whether it can
perform tasks such as coding (Merrill et al., 2026),
reasoning (Sun et al., 2025), or end-to-end work-
flows (Xie et al., 2024). This form of evaluation is
particularly prevalent in the LLM era, where train-
ing data are large-scale and partially undisclosed.
Representative examples include benchmarks such
as SWE-Bench (Jimenez et al., 2023) and GPQA
(Rein et al., 2024).

Discussion These regimes answer different ques-
tions: capability tracking asks what models can
do, while scientific evaluation asks what we can
learn from them. Both are essential but require
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different standards and support different claims.
Confusion arises when black-box results are taken
as evidence of generalization, or when white-box
evaluations are judged solely by benchmark per-
formance. A concrete consequence of this distinc-
tion—the changing role of memorization—is dis-
cussed in Appendix A.

5 Implications for Evaluation Practice

These shifts suggest that evaluation should be de-
signed and interpreted with explicit awareness of
its purpose. Scientific evaluation requires training-
aware, white-box designs that support conclusions
about generalization and model behavior, while ca-
pability evaluation should be framed as black-box
measurement, with claims limited to observable
performance. Conflating these regimes risks over-
interpreting results and misaligning evaluation with
scientific claims.

More broadly, evaluation should be interpreted
relative to what a model could plausibly have
learned. Accounting for training data and model
design helps distinguish memorization from gener-
alization and avoid unsupported conclusions about
reasoning or learning. Aligning evaluation purpose,
methodology, and interpretation is essential to keep
evaluation both scientifically meaningful and prac-
tically useful in the LLM era.

Limitations

This paper presents a conceptual framework for
understanding evaluation in the LLM era, but it
has several limitations. First, our purpose-based
taxonomy is intentionally coarse-grained. While
we distinguish between scientific (white-box) eval-
uation and capability (black-box) evaluation, many
important subcategories are not explicitly modeled.
For example, evaluations aimed at probing inter-
nal model representations or behaviors, as well as
meta-evaluation studies that analyze or improve
evaluation metrics, may not fit cleanly into this
binary categorization.

Second, our empirical analysis is limited in
scope. The paper audit is based on a small sample
of papers and simple annotation criteria, and the
trend analysis relies on keyword-based identifica-
tion of evaluation-related work. These analyses are
intended to be illustrative rather than comprehen-
sive, and a more systematic study would be needed
to precisely characterize broader trends in the field.

Finally, our framework emphasizes the role of

training data and expectation in interpreting evalu-
ation results, but in practice, training data for large
language models are often unavailable or only par-
tially disclosed. As a result, applying expectation-
aware evaluation may be challenging in real-world
settings, and further work is needed to operational-
ize this perspective under realistic constraints.

Ethical Considerations

This paper presents a conceptual analysis and in-
volves no human subjects or sensitive data. How-
ever, misinterpretation of evaluation results may
lead to overstated claims about model capabilities
or safety. By advocating for expectation-aware
evaluation and clearer alignment between evalua-
tion purpose and interpretation, this work aims to
support more transparent and responsible use of
evaluation in AI systems.
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A A Consequence of Evaluation
Paradigms: The Changing Role of
Memorization

A direct consequence of the distinction between
white-box (scientific) and black-box (capability)
evaluation is a shift in how memorization is viewed.
In the white-box regime, where evaluation is tied to
training data and generalization, memorization has
traditionally been treated as a confounding factor
to be minimized through careful dataset design. In
contrast, in the black-box regime, where the goal
is to assess what a model can do in practice, mem-
orization becomes a functional capability: large
language models are expected to store and retrieve
substantial amounts of knowledge to support down-
stream tasks.

For example, the 2018 ACL paper “Split and
Rephrase: Better Evaluation and Stronger Base-
lines” (Aharoni and Goldberg, 2018), which we
include in our small-sample audit (Section 2), ex-
plicitly states that “The original data-split is not
suitable for measuring generalization, as it is sus-
ceptible to ‘cheating’ by fact memorization,” and
proposes a revised data split to mitigate this issue.
Such practices were standard prior to the LLM
era. In contrast, this concern is less frequently ad-
dressed today, partly due to limited access to train-
ing data and development details. Nevertheless,
awareness of the memorization–generalization dis-
tinction persists: among the 20 evaluation papers
we sampled from ACL and EMNLP 2025, although
only 3 explicitly discuss the training–evaluation re-
lationship, 8 papers (40%) acknowledge potential
data contamination or memorization and attempt to
mitigate it, for example by constructing evaluation
data from later time periods.

This shift complicates the interpretation of eval-
uation results. Strong performance on knowledge-
intensive benchmarks may reflect either general-
ization or exposure to similar data during training,
and distinguishing between the two is often dif-
ficult when training data are opaque. From the
perspective of expectation-aware evaluation, this
reinforces the need to interpret results relative to
what a model could plausibly have learned. More

broadly, modern evaluation increasingly measures
both learning and knowledge capacity, blurring a
distinction that was central in earlier paradigms of
machine learning.
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