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Abstract
The critique of scalar benchmark rankings
as proxies for model quality is now well-
established (Raji et al., 2021; Wallach et al.,
2025; Bean et al., 2025; Gehrmann et al.,
2021). What the field still lacks is a shared
structural vocabulary for comparing, combin-
ing, and contextualizing metric design choices.
This paper provides that vocabulary: a four-
primitive typology—representation (ϕ), com-
parison (D), aggregation (A), and context
(C)—under which existing metrics (BLEU,
BERTScore, nDCG, LLM-as-judge, calibration
scores, agentic outcome measures) are explicit
parameterizations of a common form. This ty-
pology is paired with a measurement–decision
split: metrics are noisy estimators of latent
constructs, and model selection is context-
dependent Pareto optimization over construct
estimates, not over raw scores. The typology
makes implicit metric assumptions comparable
and debatable rather than hidden inside a single
number.

1 Introduction

A substantial community now agrees that scalar
leaderboard rankings are inadequate proxies for
model quality (Raji et al., 2021; Wallach et al.,
2025; Bean et al., 2025; Gehrmann et al., 2021;
Ethayarajh and Jurafsky, 2022). The problems
are well-documented: metric gaming (Goodhart,
1975), reward-model overfitting (Ouyang et al.,
2022), benchmark contamination, and construct
mismatch (Callison-Burch et al., 2006; Liu et al.,
2023). What this consensus lacks is a unifying
structural vocabulary—a common framework that
makes metric design choices explicit, compara-
ble, and debatable across the diverse metric fam-
ilies used in NLP and AI evaluation. This pa-
per provides that vocabulary. Modern systems
must simultaneously satisfy multiple, often con-
flicting properties—semantic correctness, factual
grounding, helpfulness, safety, robustness—and

the typology proposed here makes the assump-
tions behind each metric family explicit, supporting
deployment-aware model selection and principled
multi-construct evaluation.

2 The Problem: Measurement vs.
Decision

2.1 Construct mismatch

Different metrics measure different constructs.
BLEU approximates n-gram overlap (Papineni
et al., 2002); ROUGE and METEOR emphasize
recall and lexical alignment (Lin, 2004; Banerjee
and Lavie, 2005); BERTScore and MoverScore use
contextual embeddings and similarity (Zhang et al.,
2020; Zhao et al., 2019); COMET and BLEURT
rely on learned scoring functions (Rei et al., 2020;
Sellam et al., 2020); LLM-as-judge scores cap-
ture subjective helpfulness (Liang et al., 2023; Liu
et al., 2023); toxicity classifiers estimate safety risk.
Leaderboards often combine or rank by such met-
rics as if they were commensurate, despite evidence
that they correlate differently with human judgment
across tasks (Callison-Burch et al., 2006).

2.2 Metric gaming (Goodhart’s Law)

When a metric becomes the optimization tar-
get, systems learn to exploit measurement arti-
facts rather than improve the underlying capabil-
ity (Goodhart, 1975). Documented examples in-
clude BLEU-optimized translation producing flu-
ent but unfaithful output (Callison-Burch et al.,
2006), reward-model overfitting in RLHF (Ouyang
et al., 2022), and benchmark contamination reduc-
ing the validity of leaderboard rankings. No single
metric is immune once it is targeted directly.

2.3 Context blindness

Benchmark scores ignore deployment context. Two
models with similar benchmark performance may
differ sharply in suitability for enterprise chatbots,
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safety-critical systems, or low-latency applications.
Evaluation initiatives such as GEM stress the need
for multi-dimensional and setting-aware assess-
ment (Gehrmann et al., 2021), yet practice still
defaults to scalar comparisons.

3 A Four-Primitive Metric Typology

The paper proposes that each metric can be ex-
pressed as a measurement operator built from four
primitives:

Mi(x, y;C) = Ai

(
Di(ϕi(x,C), ϕi(y, C));C

)

(1)
where x is model output, y is refer-
ence/evidence/competitor, and C is context
(task, environment, annotators). The primitives
are:

• Representation ϕ: how outputs are encoded
(e.g., tokens, embeddings, distributions).

• Comparison D: similarity or dis-
tance/divergence between representations
(e.g., n-gram match, cosine, entailment,
learned scoring). The notation D follows
convention for distance or divergence. Proper
scoring rules (Brier, 1950; Murphy, 1973;
Bröcker, 2009) are a principled family of
choices for D when outputs are probabilistic.

• Aggregation A: how signals are combined
(e.g., mean, geometric mean, F1, ranking, ex-
pectation).

• Context C: task, environment, or evaluator;
modifies any stage (e.g., agent trajectories,
human annotator populations).

Context C behaves differently from ϕ, D, and
A: the latter are stages (representation → com-
parison → aggregation), while C conditions the
pipeline (task, query distribution, annotator popu-
lation). This matters for agentic and human-in-the-
loop evaluation, where comparison or aggregation
depends on environment or population.

Table 1 gives five examples; columns ϕ, D, and
A show how the three measurement stages dif-
fer, and C makes context explicit. The following
subsection situates broader metric families in this
scheme.

3.1 Metric families as special cases
Reference-based NLG. BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), METEOR (Baner-

jee and Lavie, 2005) use tokens/n-grams and over-
lap; BERTScore (Zhang et al., 2020), MoverScore
(Zhao et al., 2019) use embeddings and cosine
or optimal transport; COMET (Rei et al., 2020),
BLEURT (Sellam et al., 2020) use learned scoring;
MAUVE (Pillutla et al., 2021) compares distribu-
tions via divergence frontiers. All fit Eq. 1 with
different ϕ, D, A and target related but distinct
constructs (Deng et al., 2021).

Retrieval and RAG. nDCG (Järvelin and
Kekäläinen, 2002), MRR use ranked lists and
relevance; RAG adds faithfulness, groundedness,
answer correctness (Pradeep et al., 2024) via ϕ
(claims/evidence), D (entailment, overlap), A (per-
query mean, worst-case).

LLM-as-judge and preferences. The judge
implements D; aggregation is mean score, win
rate, or ranking. Preference/RLHF uses P (i ≻
j) = σ(qi − qj) (Bradley and Terry, 1952; Ouyang
et al., 2022); latent q is the construct, win-rate or
Elo the estimator.

Factuality and hallucination. FactCC (Kryś-
ciński et al., 2020), FactScore (Min et al., 2023),
NLI-based checks estimate “claim supported by ev-
idence”; they differ in ϕ, D, and A (e.g., sentence
vs. claim-level).

Calibration metrics. Expected calibration er-
ror (ECE) and reliability diagrams measure align-
ment between predicted confidence and empirical
accuracy (Brier, 1950; Murphy, 1973; Bröcker,
2009). Here ϕ maps outputs to predicted probabil-
ity distributions, D compares predicted confidence
to observed frequency (e.g., by binning or kernel
density), A integrates the gap over the confidence
range, and C specifies the task distribution and bin-
ning scheme. Calibration metrics thus fit Eq. 1 and
measure a construct—confidence reliability—that
is orthogonal to, and not captured by, any NLG
accuracy metric.

Agentic and time-horizon evaluation. For
agentic tasks such as tool use, multi-step reason-
ing, and long-horizon planning, ϕ maps trajectories
or action sequences to a structured representation
(e.g., state–action pairs, subgoal completions), D
compares trajectory outcomes to target states or
success criteria, and A aggregates across steps via
discounted sum, worst-case, or task-completion
rate; C encodes environment dynamics, available
tools, and time horizon.

Thus each family is a coherent set of parame-
terizations of the same structural form, targeting
a construct (or a narrow slice of it) with differ-
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Metric ϕ D A C
BLEU tokens n-gram prec. geom. mean ref, task
BERTScore embeddings cosine sim. F1 ref, task
COMET encoder learned score mean source, ref
nDCG ranked docs relevance log discount k, query set
Win-rate outputs preference probability judge, competitors

Table 1: Selected metrics as choices of the four primitives (representation ϕ, comparison D, aggregation A, context
C).

ent measurement models. Unification does not
make metrics equivalent—it makes their assump-
tions comparable.

4 From Metrics to Decisions

Metrics are estimators of latent constructs (e.g., se-
mantic quality, factuality, safety), not the objective
itself (Xiao et al., 2023; Bean et al., 2025; Wallach
et al., 2025). The measurement model is:

Mi ∼ fi(θk) + ϵi (2)

with θk a latent construct and ϵi measurement error
(Eq. 2). Construct estimates θ̂ = g(M1, . . . ,Mn)
combine metric families and reduce reliance on
any single channel (Zhang et al., 2020; Rei et al.,
2020). The combiner g is not prescribed (e.g.,
weighted average, Bayesian posterior, or IRT-style
(Polo et al., 2024; Zhou et al., 2026)); the frame-
work only requires that multiple metrics inform one
construct so that no single channel is optimized in
isolation. Deployment context then defines a utility
vector UC(θ) ∈ RK (one component per tracked
construct) and hard constraints (e.g., safety ≥ τ ).
Model selection becomes:

M∗ = Pareto
{
UC

(
θ̂(m)

)
:

m ∈ M, constraints satisfied
}

(3)

The Pareto frontier M∗ has dimension determined
by the co-domain of UC—that is, by K, the num-
ber of constructs being jointly optimized—not by
the number of hard constraints. When K = 1 and
UC is scalar, Eq. 3 collapses to a single ranking
(the leaderboard special case); multi-construct eval-
uation produces a frontier from which deployment
context selects one operating point.

4.1 Worked examples

Translation. Consider selecting between two
MT systems, A and B, where A scores higher on
BLEU and B scores higher on COMET. Under a

single-metric leaderboard, the choice depends arbi-
trarily on which metric is reported. Under the typol-
ogy, both metrics are estimators of the same latent
construct θsem (semantic fidelity) but with differ-
ent ϕ and D: BLEU uses token n-grams and preci-
sion overlap; COMET uses encoder representations
and a learned scoring function. The construct es-
timate θ̂sem = g(MBLEU,MCOMET,MBERT) com-
bines their signals, reducing dependence on any
single measurement channel (Xiao et al., 2023).
Deployment context C then supplies the utility: a
low-latency production API may weight BLEU-
derived speed proxies more heavily than a human-
evaluation study would.

Summarization with safety constraints. A
Summarization system must jointly satisfy two
constructs: θ1 = factual consistency (estimated
by FactScore (Min et al., 2023) and NLI-based
overlap) and θ2 = abstractive quality (estimated
by ROUGE (Lin, 2004) and BERTScore (Zhang
et al., 2020)). A third construct θ3 = safety enters
as a hard constraint (θ̂3 ≥ τ ). Under Eq. 3 with
K = 2 free constructs, model selection traces a
Pareto frontier in R2; the frontier has dimension
2 because UC = (U1, U2) is two-dimensional—
not because of the safety constraint, which merely
prunes the feasible set. A news-agency deploy-
ment weighting factual consistency heavily selects
a different operating point on that frontier than a
creative-writing assistant would.

5 Implications

Scalar leaderboards are the special case of one con-
struct and one aggregation; the framework makes
that choice explicit. Optimizing inferred constructs
via metric families and context constraints reduces
(but does not eliminate) Goodhart-style overfitting.
The context primitive C accommodates agentic and
human-in-the-loop evaluation, where comparison
or aggregation depends on environment or popula-
tion.

Within the typology, LLM-as-judge methods im-
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plement the comparison operator D, with aggrega-
tion A producing mean scores, rankings, or win-
rates; the judge is therefore part of the measurement
model rather than a standalone metric.

5.1 Practical guidance

The typology translates into four concrete steps for
practitioners.

Step 1: Name the constructs before selecting
metrics. Explicitly list the latent properties being
measured (e.g., semantic fidelity, factual ground-
ing, safety, calibration). This prevents construct
mismatch and makes Goodhart-style optimization
harder, since no single metric maps cleanly onto
multiple constructs. Crucially, the choice of which
constructs to include is itself a normative decision—
selecting “safety” or “helpfulness” as a construct
encodes value judgments about what an AI system
should do; translating such principles into measur-
able operationalizations is the central challenge of
ethical AI practice (Catapang, 2026).

Step 2: Choose metric families, not individ-
ual metrics. For each construct, select a family of
metrics with diverse ϕ and D (e.g., token-overlap,
embedding-based, and learned-scoring metrics for
semantic fidelity). Estimate the construct via a
combiner g—a weighted average suffices for trans-
parency; IRT-style estimation (Polo et al., 2024;
Zhou et al., 2026) increases robustness to item dif-
ficulty. Avoid reducing construct estimation to a
single channel.

Step 3: Specify UC and hard constraints for
the deployment context. Separate the measure-
ment phase (Steps 1–2) from the decision phase.
Document which constructs enter the utility func-
tion, how they are weighted, and which constraints
(e.g., safety thresholds, latency budgets) prune the
feasible set. This makes the Pareto trade-off ex-
plicit.

Step 4: Report context C alongside scores.
Evaluation results are not interpretable without
context: task distribution, annotator population,
prompt template, and evaluation model version.
Specifying C makes results reproducible and en-
ables meaningful cross-study comparison.

6 Discussion

What the typology provides. This paper does
not add another metric to an overcrowded space;
it provides a framework that makes every metric’s
assumptions explicit and comparable. Eq. 1 and Ta-

ble 1 show that NLG (Papineni et al., 2002; Zhang
et al., 2020; Rei et al., 2020), retrieval (Järvelin
and Kekäläinen, 2002), preference/LLM-as-judge
(Bradley and Terry, 1952; Ouyang et al., 2022;
Liang et al., 2023), factuality (Kryściński et al.,
2020; Min et al., 2023), calibration (Bröcker, 2009),
and agentic metrics all instantiate the same pipeline
with different ϕ, D, A, C. Metrics that appeared
incommensurable are now comparable at the level
of their design choices. This is the contribution:
not unification into a single score, but a shared vo-
cabulary that turns implicit metric assumptions into
explicit, debatable choices.

Measurement vs. decision. Metrics are noisy
estimators of constructs (Eq. 2); model selection
is context-dependent optimization subject to con-
straints (Eq. 3). Leaderboards are the special case
K = 1 with a fixed scalar utility; when K > 1 con-
structs are tracked, the choice set is a Pareto fron-
tier in RK , with dimensionality equal to K—the
dimension of the co-domain of UC—not the num-
ber of hard constraints. The framework reframes
“which metric is best” as “what to measure, how
many constructs to track, and how to weight them
for this context,” making implied choices visible.

Bridging traditions and practice. The view con-
nects NLP metric design (Papineni et al., 2002;
Zhang et al., 2020; Rei et al., 2020), benchmark
and meta-evaluation (Gehrmann et al., 2021; Liang
et al., 2023), and latent-construct inference (Zhou
et al., 2026; Bean et al., 2025; Xiao et al., 2023): it
gives a common typology, treats metrics as estima-
tors, and ties measurement to context-dependent
utility. It supports GEM-style meta-assessment
(Gehrmann et al., 2021) without replacing current
practice. In practice it enables comparing metrics
by primitives, composing families for construct
estimation, stating constraints explicitly, and mit-
igating Goodhart-style overfitting. It does not re-
solve value disputes or supply a universal score; it
makes evaluation structure visible for debate, doc-
umentation, and ethical audit—a prerequisite for
translating ethical AI principles into accountable
practice (Catapang, 2026).

7 Conclusion

Evaluation is measurement of latent system prop-
erties followed by context-dependent decision.
The (ϕ, D, A, C) typology (Eq. 1) and the
measurement–decision split (Eqs. 2–3) expose
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the implicit choices inside every metric and ev-
ery leaderboard. The position taken here is un-
ambiguous: evaluation practice must state these
choices openly—construct definitions, metric fam-
ilies, combiner functions, utility weights, and de-
ployment context—so that trade-offs can be de-
bated and reproduced rather than obscured in a
single number.

Limitations

Constructs such as helpfulness or safety are norma-
tive and context-dependent; they are treated here
as population-conditioned latent variables, but the
prior question of which constructs to measure, and
how to operationalize them, is a philosophical and
ethical one that falls outside the typology (Cata-
pang, 2026). The framework does not eliminate
Goodhart’s Law but provides a structure for detect-
ing and reducing measurement bias.
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