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Abstract

Benchmark scores are used to support claims
about language model capabilities, compar-
isons, and suitability for deployment. The evi-
dence needed for these claims depends on what
is measured, how observations are collected,
and how evaluation shapes model developer
behavior. This tutorial brings together measure-
ment theory, statistical modeling, and mecha-
nism design to examine six common claims in
language model evaluation. Part I introduces
measurement principles for interpreting bench-
mark results and assessing the scope of the
claims they support. Part II examines how eval-
uations shape model developer incentives and
how their design can encourage model improve-
ments that serve diverse user needs. For each
claim, we explain when it can hold, where it
breaks, and how to formulate a better-supported
interpretation. Worked examples and short dis-
cussions connect these principles to practical
evaluation decisions. Participants leave with
practical tools for stating evaluation targets,
selecting relevant evidence, and reporting the
limits of conclusions drawn from benchmark
scores.

1 Description and Learning Outcomes

Benchmarks are a central instrument through which
the NLP community compares language models
and assesses their suitability for use. Yet an ob-
served score and the inference drawn from it are
different objects. “The model gets 87% on this test”
describes performance under a particular protocol.
Claims that a model reasons well, outperforms an-
other model, or is suitable for a deployment setting
require additional evidence. Broad benchmark cov-
erage alone does not establish that the evaluation
measures the intended construct or supports the in-
tended use (Messick, 1995; Raji et al., 2021; Liang
et al., 2023).

This tutorial draws on measurement theory, sta-
tistical inference, and mechanism design to exam-

ine what benchmark results justify and what evalua-
tions reward. We ask when evidence from an evalu-
ation supports its intended use, and how evaluation
design shapes model development. The emphasis
is on drawing defensible conclusions and designing
evaluations that encourage improvements serving
diverse user needs.

The tutorial is organized around six recurring
claims in two parts. Part I: Measurement The-
ory examines construct validity, comparable and
efficient measurement, variation across evaluation
conditions, and deployment relevance. Part II:
Incentive-aware Robust Evaluation examines
how evaluation design can reward progress that
serves users. Across both parts, each claim follows
the same progression: what holds, where it breaks,
and a better-supported claim. We distinguish sam-
pling uncertainty, which can sometimes be reduced
by collecting more observations, from specifica-
tion problems, for which more observations of the
wrong target do not supply the missing validity
evidence.

Learning outcomes. Participants will learn to:
• State the construct, target population, protocol,

and deployment decision behind an evaluation
claim.

• Assess whether benchmark aggregation sup-
ports the named capability.

• Explain how linked calibration and adaptive
item selection support efficient comparisons be-
tween models evaluated on different questions.

• Use response patterns to prioritize item review
and distinguish shared, model-specific, and
item-specific language effects.

• Check whether the evaluated outcome and sys-
tem match the intended deployment, and iden-
tify incentives that can improve scores without
improving that outcome.
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These skills are relevant to benchmark authors,
researchers comparing models, and practitioners
selecting systems. The tutorial emphasizes the con-
ditions under which an evaluation is informative
and the evidence needed to extend its interpretation.
It connects foundational work in psychometrics
with contemporary NLP case studies and economic
models of evaluation.

2 Related Tutorials

The tutorial builds on complementary treatments
of evaluation metrics (Khapra and Sai, 2021),
evaluation practice and reproducibility (Sutawika
and Schoelkopf, 2024), item response theory for
NLP (Lalor et al., 2024), human-centered evalu-
ation (Blodgett et al., 2024), and the science of
benchmarking (Ma et al., 2025). Our organizing
focus is the inference a practitioner wants to draw
from a score. Six concrete claims connect construct
validity, common-scale comparisons, evaluation
conditions, deployment decisions, and incentives,
with worked examples that make their assumptions
and limitations explicit.

3 Target Audience and Prerequisites

The intended audience is CL/NLP researchers, stu-
dents, and practitioners who build benchmarks, re-
port model comparisons, or use evaluation results
to select systems. We assume familiarity with lan-
guage model evaluation and basic probability and
statistics, including averages, variance, and uncer-
tainty. Familiarity with supervised learning and
maximum-likelihood estimation is helpful for the
statistical examples. No prior background in psy-
chometrics or mechanism design is required; item
response theory is introduced through worked ex-
amples. Discussion prompts require no program-
ming setup. Python familiarity is useful only for
optional notebook material.

4 Tutorial Outline

The tutorial follows the sequence in Table 1: 180
minutes of instruction and discussion, with a 30-
minute break between C3 and C4. Corona presents
C1 and C4, Truong presents C2 and C3, and Wang
presents C5 and C6, with 50 minutes per instruc-
tor. Koyejo leads the 15-minute opening and 15-
minute closing. Each claim combines a motivating
example, the relevant measurement or incentive
concepts, and a more defensible interpretation.

Segment Minutes
Opening: evaluation as measurement 15
C1–C3: constructs, scales, language effects 75
Break 30
C4–C6: deployment and incentives 75
Closing synthesis and discussion 15
Total 210

Table 1: Three-and-a-half-hour tutorial schedule: 180
minutes of instruction and discussion and a 30-minute
break.

Opening: Evaluation as Measurement. We mo-
tivate the distinction between an observed score
and a claim about capability or deployment. Exam-
ples of benchmark defects, incomplete reporting,
and cultural assumptions introduce the need to state
what is being measured (Burnell et al., 2023; Singh
et al., 2025). The opening distinguishes sampling
error from specification error and introduces the
six questions below.

4.1 Part I: Measurement Theory

C1: Does averaging benchmark scores ro-
bustly establish a capability? Averaging can
reduce benchmark-specific variation while preserv-
ing what the benchmarks share. That shared com-
ponent need not be the capability named by their
labels. We introduce convergent and discriminant
validity and examine evidence about benchmarks
grouped under capability and safety concepts (Mes-
sick, 1995; Desai et al., 2026; Ren et al., 2024).
An application example considers how coverage
and weights determine what an aggregate health-
care score represents (Bedi et al., 2026; Arora et al.,
2025). Participants learn to ask both whether bench-
marks agree and whether that agreement supports
the intended construct, rather than relying on a
shared label alone.

C2: Can we compare models reliably with fewer
evaluations? Taking a coherent construct as the
starting point, we ask how to compare models
evaluated on different question subsets. Expen-
sive agent trajectories motivate collecting fewer
responses per model. We introduce the Rasch
model as a common scale for model ability and
item difficulty, emphasizing linked calibration as
the basis for comparison. Amortized calibration
and adaptive selection using Fisher information il-
lustrate how to obtain informative measurements
with fewer evaluations (Lord, 1980; Truong et al.,
2025a). We then show how expected response as-
sociations can guide item inspection: correlation-
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based diagnostics in Fantastic Bugs help prioritize
review and uncover benchmark or grading prob-
lems (Truong et al., 2025b). A statistical flag calls
for inspection; it does not establish a flaw on its
own. The takeaway is that a response model can
support efficient measurement and identify ques-
tions worth inspecting, subject to adequate calibra-
tion and model fit.

C3: After translation, are scores still compa-
rable? Observed jailbreak rates vary across lan-
guages, and English is not always the least vulnera-
ble language (Zhang et al., 2026). This empirical
pattern motivates adding language as an evalua-
tion facet. For exposition, we extend C2’s Rasch
model with language effects to distinguish a shared
language shift from model–language and prompt–
language effects. The case study shows that model
families can shift in opposite directions and indi-
vidual prompts can depart substantially from the
shared shift; large differences can persist even for
accurate translations. Participants learn to exam-
ine which aspects of the evaluation contribute to
a score gap before interpreting it as a change in
model safety. Language provides a concrete exam-
ple of how averages can obscure systematic varia-
tion across evaluation conditions.

C4: Does a leaderboard winner fit my prod-
uct? A stable ranking does not by itself establish
that a model meets a deployment requirement, and
model’s ranking can change depending on the com-
ponents it’s paired with in a system. We examine
whether the scored outcome matches the deploy-
ment outcome and whether the evaluated system
matches the system being deployed. Examples con-
sider differences between benchmark success and
task completion (Whitfill et al., 2026; Tonja et al.,
2026), as well as changes to the system through
prompts, tools, or interaction protocols (Feng et al.,
2025; Mizrahi et al., 2024; Liu et al., 2026). As-
sessment of benchmark ontology, content, and form
helps participants articulate which aspects of the
deployment are represented and which are miss-
ing (Corona et al., 2026). Participants learn to spec-
ify a deployment outcome and seek evidence for
that outcome rather than assuming a leaderboard
position answers the product question.

4.2 Part II: Incentive-aware Robust
Evaluation

C5: Is evaluation gaming mostly cheating or
data leakage? We broaden the discussion be-

yond contamination to repeated model releases, op-
timization for evaluated tasks, tailoring to particular
user populations, and selective disclosure of evalu-
ations. These behaviors can arise from following
the incentives an evaluation creates, even without
breaking its rules. Goodhart’s law and mechanism
design provide a language for separating devel-
oper objectives from the outcomes an evaluator
wants to encourage (Goodhart, 1984; Manheim and
Garrabrant, 2018; Wang et al., 2025). Participants
learn to describe how a score could improve while
a relevant capability, population, or deployment
objective is neglected.

C6: Do private, uncontaminated test sets solve
gaming? Private holdouts address some failure
modes, but evaluation design must also account
for adaptation, information asymmetry, and hetero-
geneous preferences. We introduce an evaluator–
developer game and explain how randomized evalu-
ation can change incentives for capability coverage
under explicit assumptions (Dwork et al., 2015;
Truong et al., 2026). Preference leaderboards illus-
trate a second problem: optimizing average user
preference may neglect substantial minority groups.
We discuss how pluralistic rankings can represent
these preferences, with a brief overview of robust
evaluation and counterfactual metrics (Haghtalab
et al., 2026; Khalaf et al., 2026; Wang et al., 2024).
The emphasis is on whether an evaluation rewards
useful model development and supports decisions
across user groups, under the assumptions each
design requires.

Closing Synthesis and Discussion. We combine
the six claims into an evaluation checklist: define
the claim and target population; inspect the items
and scoring; check calibration and variation across
evaluation conditions; seek deployment evidence;
examine incentives; and report item-level responses
and the full evaluation protocol. We briefly discuss
open questions about changing model behavior, val-
idating automated scorers, and testing generaliza-
tion to future tasks. The closing asks participants
what evidence would make a benchmark score use-
ful for their own setting and how they would report
the supported interpretation and its limits.

Reading List. Recommended starting points are
Messick (1995); Desai et al. (2026) for validity;
Lord (1980); Truong et al. (2025a,b) for measure-
ment and item diagnostics; Zhang et al. (2026);
Corona et al. (2026) for evaluation conditions and
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deployment; and Dwork et al. (2015); Wang et al.
(2025); Haghtalab et al. (2026) for incentives and
robust evaluation. The reading list combines foun-
dational work, research by the instructors, and work
by other authors. An expanded bibliography ac-
companies the tutorial materials.

5 Diversity and Accessibility

Linguistic, cultural, and population diversity are
technical concerns throughout the tutorial. C3 ex-
amines how language effects vary across models
and prompts in multilingual safety evaluation; C4
asks whose tasks and deployment contexts an eval-
uation represents; and C6 examines how aggre-
gate preferences can overlook minority user groups.
Benchmarks developed in English-speaking, West-
ern contexts provide motivating examples of a
broader problem: evidence from one setting need
not support the same interpretation in another. The
instructors bring expertise in computer science,
statistics, policy, economics, and measurement.
Discussion prompts require no local software instal-
lation, and publicly available slides and readings
support participation beyond the conference.

6 Tutorial Materials

The tutorial website, https://aimslab.
stanford.edu/tutorial, provides the bib-
liography and a central location for slides and
supplementary resources. The instructional
materials comprise worked examples, discussion
prompts, and the closing evaluation checklist. Any
optional notebooks will be linked from the same
site; they are not required for participation. We
will make the slides and bibliography publicly
available.

7 Ethics Statement

Validity judgments depend on the intended use and
on the perspectives of affected populations. Statis-
tical diagnostics and automated audits can inform
human review but cannot determine cultural appro-
priateness or justify deployment on their own. We
discuss gaming to motivate defenses and make their
assumptions explicit; the same insights could also
inform strategic behavior. Better measurement can
support harmful applications as well as beneficial
ones, so measurement quality does not substitute
for evaluating the acceptability of an application.
Throughout the tutorial, we emphasize uncertainty,

representation, and limits on the conclusions an
evaluation supports.
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Research Grant.

Sanmi Koyejo (Stanford University;
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fessor in the Department of Computer Science
at Stanford University. He leads the Stanford
Trustworthy Artificial Intelligence Research
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and novel evaluation methodologies has been
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NeurIPS, ACL, and UAI Outstanding Paper
Awards, the Presidential Early Career Award for
Scientists and Engineers, a Skip Ellis Early Career
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