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Abstract

Benchmarks for assessing large language
model (LLM) capabilities have been criticized
for a lack of construct validity. Here, we focus
on an often overlooked dimension of a bench-
mark’s validity: namely, the functional map-
ping between a benchmark’s numerical score
and the underlying quantity the benchmark pur-
ports to measure. What licenses the assumption
that equivalent intervals on a scale correspond
to equivalent differences in the underlying capa-
bility? We argue that this question is not merely
theoretical: the form of this mapping (e.g., lin-
ear vs. logarithmic vs. exponential) could and
should influence decisions about deployment
and regulatory policy. Drawing on work from
the history and philosophy of science, we dis-
cuss an analogous problem in the early history
of thermometry termed the problem of nomic
measurement, as well as the epistemic prac-
tices that enabled scientists to overcome these
challenges. We then ask whether a similar pro-
cess of epistemic iteration can overcome this
problem in benchmarking. Despite clear dif-
ferences between temperature and “capabili-
ties” as constructs, we argue that some modest
success could be achievable in the domain of
benchmarking—but that this depends crucially
on the clear articulation of a researcher’s goals
and theoretical commitments.

1 Introduction

Benchmarks designed to assess the “capabilities”
of large language models (LLMs) ostensibly play
an important role in the LLM research and policy
ecosystem: in principle, an LLM’s performance on
a benchmark should influence our inferences about
that LLM’s underlying abilities, as well as our de-
cisions about whether the system is safe to deploy
(METR, 2026). Yet in practice, benchmarks are
a major driver of disagreement and debate; these
debates often center around their construct valid-
ity, i.e., whether they actually measure what they

are designed to measure (Raji et al., 2021; Saxon
et al., 2024; Bean et al., 2025; Wallach et al., 2025;
Weidinger et al., 2025; Salaudeen et al., 2025).

Specific validity critiques include skepticism
about whether behavior on a benchmark gener-
alizes to the complexity of the real world (Raji
et al., 2021; Saxon et al., 2024) and whether the
same task “means the same thing” for humans and
LLMs (Trott et al., 2023; Hu et al., 2025; Ivanova,
2025; Trott et al., 2026). We broadly agree with
these critiques. Here, we focus our attention on
a frequently overlooked dimension of benchmark
validity: namely, whether a benchmark’s numerical
scores can be meaningfully interpreted as reflect-
ing degrees of some underlying capability. Put
another way: what grounds the mapping between
measured performance and the quantity we claim
to be measuring?

2 The Problem of Nomic Measurement

Validating a novel instrument faces a problem of
circularity, which philosopher and historian of sci-
ence Hasok Chang has referred to as the problem of
nomic measurement. Chang (2004, p. 59) writes:

1. We want to measure quantity X .
2. Quantity X is not directly observ-

able, so we infer it from another Y ,
which is directly observable.

3. For this inference we need a law
that expresses X as a function of Y ,
as follows: X = f(Y ).

4. The form of this function f cannot
be discovered or tested empirically,
because that would involve know-
ing the values of both Y and X , and
X is the unknown variable that we
are trying to measure.

Chang (2004) describes this circularity in the
context of thermometry: having established that
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Figure 1: Six hypothetical functional mappings between
a measured capability and the (assumed) “true quantity”.
These scenarios are not intended to be exhaustive.

(say) mercury expands when heated and contracts
when cooled, and having identified the “endpoints”
of this scale (freezing and boiling), how did sci-
entists graduate the intermediate points of the
scale without some independent, external crite-
rion? Most options make unjustifiable assumptions.
For instance, dividing the scale into equal inter-
vals assumes that mercury expands linearly with
temperature. Similarly, the “method of mixtures”
approach—in which intermediate points are trian-
gulated by combining various quantities of frozen
and boiling water and drawing inferences about
the resulting temperature from the ratio of these
respective quantities—assumes (incorrectly) that
the heat capacity of a liquid is constant with respect
to its temperature.

The solution, as discussed in Section 4, ulti-
mately depended on a process of epistemic iter-
ation: rather than seeking a single axiomatic crite-
rion, scientists made progress by iteratively refining
fixed points, instruments, and theoretical assump-
tions in concert. Progress on the problem of nomic
measurement in particular came from a shift in em-
phasis (led by Henri Regnault) towards minimal
empirical criteria, such as determining the com-
parability of different instruments (Chang, 2004).
First, however, we consider the analogous problem
in the construction and design of LLM benchmarks.

3 From Thermometers to LLM
Benchmarks

Suppose a task is designed to assess intermediate
programming ability in Python.1 The task consists

1The arguments below are not specific to programming
ability, and could instead be made about a range of capacities,

of 100 questions with objectively correct answers;
as such, LLM performance can be described on a
scale ranging from 0 (no questions answered cor-
rectly) to 100 (all questions answered correctly).
We can set aside, for now, the question of whether
these items are representative at all of the construct
more generally (Yarkoni, 2022; Saxon et al., 2024;
Raji et al., 2021). Let us assume, instead, the two
criteria cited by Borsboom et al. (2004) for estab-
lishing construct validity: (i) the “true” construct
exists in some form; and (ii) the true construct
bears some causal relation to measured program-
ming ability. Even under these generous assump-
tions, a fundamental problem remains: what are we
licensed to infer about “true” programming ability
from measured programming ability?

As Figure 1 depicts, there are a number of possi-
ble functional mappings between a measurement
and the underlying quantity. This relationship
could be linear (i.e., unit increases in X corre-
spond to linear increases or decreases in Y ), but it
could also be (at minimum): categorical (i.e., some
threshold in X indexes the presence or absence
of Y , but further changes in X do not index fur-
ther variation in Y ); logarithmic (i.e., increases in
X lead to “diminishing returns” in Y ); sigmoidal
(roughly analogous to the categorical relationship);
or even exponential (i.e., unit increases in X corre-
spond to compounding gains in Y ).

These hypothetical functional forms can be made
more intuitive by considering a pair of specific
situations:

a. Model M1 scores 30 and model M2 scores 50
on the programming benchmark.

b. Model M1 scores 50 and model M2 scores 70
on the programming benchmark.

In both situations, the models vary in measured
programming ability by 20 points. Should we infer
that the difference in “true” programming ability
between M1 and M2 is equivalent in (a) and (b)?
As Figure 1 makes clear, this depends on the form
of the relationship between measured and “true”
programming ability. If the relationship is linear,
the intervals are equivalent in (a) and (b). But if
the relationship is logarithmic, the interval in (a)
indicates a larger “true” gap than the interval in
(b)—and the reverse is true of an exponential rela-
tionship. Moreover, if the mapping is categorical,

including Theory of Mind (Hu et al., 2025; Ullman, 2023),
mathematical reasoning, and more.
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all that matters is whether the interval spans the
detection threshold.

Benchmarks might inform practical decisions
about which models are safe to deploy in which
situations, or even which regulatory policies to
craft. For example, suppose X is not measured
programming ability but some “behavior of con-
cern”, such as persuasion ability and propensity
(Jones and Bergen, 2026): stakeholders might (jus-
tifiably) make very different decisions depending
on whether the functional form is linear, logarith-
mic, or exponential.

This dilemma is arguably even more challeng-
ing than the problem faced by scientists work-
ing in thermometry. LLM “capabilities” are
more abstract—and their objective “reality” more
questionable—than temperature; moreover, as we
argue below (Section 5), navigating questions of
validity depends on a clear articulation of one’s
research goals (Larroulet Philippi, 2021). However,
if there is a solution, insights can nonetheless be
drawn from the historical successes of thermome-
try, even if those successes primarily serve to high-
light disanalogies between the situations.

4 Epistemic Iteration: A Way Out?

Clearly, thermometry has achieved remarkable suc-
cess despite numerous challenges: a reliable ther-
mometer can be purchased at a neighborhood phar-
macy, with little thought given to whether this in-
strument provides reliable, valid measurements—
or how its validity was determined. How did scien-
tists overcome the various circularities inherent to
validating a new instrument?

Chang (2004) argues that this success can be at-
tributed to a process termed epistemic iteration (see
also Chang, 2015, 2017). Rather than assuming
measurements must be fully justified or “grounded”
in axiomatic claims, Chang (2004) suggests that
validation proceeds by a series of successive ap-
proximations, in which each stage builds on (but
is not strictly entailed by) the last. This is broadly
consistent with a coherentist approach to episte-
mology, in which individual claims are justified not
in isolation but in reference to a broader “web” of
mutually supportive observations or beliefs.

With respect to temperature specifically, Chang
(2004, p. 47) suggests that thermometry likely fol-
lowed several distinct stages: first, temperature
“measurements” directly reflected bodily sensation
(i.e., sensitivity to hot and cold); second, thermo-

scopes were developed to assess ordinal (but not
numerical) changes in temperature, and were val-
idated with respect to bodily sensation; and third,
numerical thermometers were devised with the use
of fixed points (e.g., the freezing and boiling points
of water) and rigorous comparison of different in-
struments (e.g., Henri Regnault’s work assessing
the comparability of different air thermometers).

Crucially, these stages did not proceed via strict
hierarchical justification. For instance, bodily sen-
sation may have guided the initial validation of
thermoscopes, but was not viewed as the “ground
truth”: indeed, thermoscopes could correct mis-
taken sensory impressions. Similarly, the use of
fixed points was both iterative and contingent: the
boiling point of water was sufficiently stable under
most circumstances to serve as an initial anchor,
but was later shown to depend on a range of exter-
nal conditions (e.g., barometric pressure), which is
why it was eventually displaced by steam tempera-
ture as a superior fixed point.

Progress was not linear. Yet several criteria ap-
pear to have facilitated the success of epistemic
iteration here: first, each stage had a provisional
but functional starting point, which was subject to
improvement; second, scientists made extensive
use of independent instruments for cross-checking
and validating measurements; and third, the under-
lying phenomenon (temperature) was sufficiently
clear and well-defined to recognize when progress
was being made, however incremental.

5 What Are Benchmarks For?

There are, of course, a number of disanalogies
between temperature and LLM capabilities—and
between the practices of thermometry and LLM
benchmarking (or “model metrology” (Saxon et al.,
2024)). Even if one grants the objective existence
of LLM “capabilities”, they are (clearly) less in-
timately linked to direct sensory experience than
temperature, making the initial stage of epistemic
iteration more challenging. Moreover, it is not
clear which “fixed points” (provisional or other-
wise) might be used to anchor a scale. Human
performance (i.e., accuracy or time-to-completion)
is one possibility (METR, 2026), but human behav-
ior is variable (likely moreso than the boiling point
of water), and may not be directly commensurable
with LLM behavior (Trott et al., 2023; Ivanova,
2025); indeed, the fact that construct validity re-
mains a major point of debate within psychome-
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tric research on humans should be an indication
that the use of human baselines—while obviously
advisable—may be more theoretically and empiri-
cally problematic than the use of freezing and boil-
ing points in thermometry.

How much do these disanalogies matter? In our
view, the extent to which the problem of nomic
measurement is actually a problem—and how—
depends crucially on one’s research goal, i.e., the
intended use (theoretical or practical) of a bench-
mark. As Larroulet Philippi (2021) argues, the
validity of a measure cannot be easily disentan-
gled from its explanatory context and its ultimate
purpose: for example, concerns about how the ther-
mometer is “graduated” presumably depend on the
level of precision needed, e.g., whether one needs
to differentiate exact degrees of temperature or sim-
ply rank substances on an ordinal scale. To take a
more relevant example: an evaluation of model ca-
pabilities (e.g., reasoning) could in principle be de-
signed to discriminate finely among individuals at
the upper end of the distribution, or alternatively to
detect meaningful differences in the middle range.
Even holding the functional mapping constant, a
benchmark that discriminates well among frontier
models may be uninformative about differences
among weaker systems, and vice versa. Evaluating
a benchmark’s validity thus requires knowing what
it is being asked to do.

One possible goal is ranking models (e.g., in
terms of their reasoning capacity, or in terms of
their “degree of alignment”). Here, the problem
of “graduating” a benchmark does not need to be
solved. A benchmark merely needs to approxi-
mate the true rank ordering of models, which is
accomplished by all functional mappings in Figure
1 except for the “Null” scenario. Of course, this
goal assumes that such an ordered ranking is in
principle possible, and some scenarios (e.g., the
“Categorical” function) may lead to misleading in-
ferences about relative differences between models
on the basis of an ordered ranking.

Another possible goal is behavioral detection,
e.g., of a capability or dangerous behavior. As with
an ordinal scale, a detector does not need to pro-
vide a fully graduated scale. Instead, it needs to
reliably discriminate between systems that do and
do not exhibit the behavior in question, which re-
quires the identification of a meaningful threshold.
This corresponds to the categorical (and sigmoidal)
mappings in Figure 1.

The third (and most ambitious) possibility is as-

sessing degrees of a capability or construct, analo-
gous to an interval/ratio scale. This is the goal for
which the problem of nomic measurement (Chang,
2004) is most acute: scores must reflect not only
rank order, but meaningful differences in the un-
derlying quantity. Achieving such a goal could be
intractable either because of questionable theoret-
ical assumptions (e.g., it may be inappropriate to
characterize reasoning ability as a quantity) or be-
cause of insufficient external validation criteria (i.e.,
to triangulate the quantity in question). Some work,
however, has attempted to address these challenges
empirically, e.g., identifying the “laws” relating
model properties to benchmark performance (Ka-
plan et al., 2020), or grounding performance with
other criteria (Schaeffer et al., 2025).

These disparate goals, in turn, may serve a vari-
ety of inferential functions. Researchers may be
interested in drawing theoretical conclusions, e.g.,
about the conditions under which certain cognitive
behaviors emerge (Trott et al., 2026; Kouwenhoven
et al., 2026); alternatively, they might be seeking
guidance in crafting policy or forecasting future
changes in LLM capabilities (METR, 2026). The
nature of these broader inferential aims, in turn,
constrains which of the above goals is most appro-
priate. Even within a given inferential function,
one’s level of ambition may vary, e.g., predicting
whether models will eventually pass some critical
capability threshold (detection) vs. predicting the
rate of improvement of some capability (degree).
These distinctions affect the stringency of the mea-
surement problem at play.

Our argument here is not that researchers should
focus on one goal or another. Rather, our view is
that researchers should define and clearly articu-
late their goal, as well as the theoretical commit-
ments undergirding the selection of a particular
benchmark in serving that goal (Alexandrova and
Haybron, 2016). This articulation would not nec-
essarily solve the problem of nomic measurement
(see Section 2), but it would clarify which version
of the problem needs to be resolved (see Section 3).
In some cases, the inferential demands of a research
question may actually be more modest than the im-
plicit assumptions of current benchmarking prac-
tices suggest; in other cases, researchers might re-
alize they should adopt a different—perhaps more
epistemically cautious—vocabulary for describing
measured differences on a scale (e.g., ordinal vs.
numerical).
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