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Abstract

We distinguish between two often-conflated uses of datasets: evaluating methods,
which compare algorithms under controlled conditions, and evaluating models,
which assess the capabilities of a fixed model. Method evaluation emphasizes
relative rankings and is robust to model-independent distortions, while model
evaluation requires valid absolute scores and can be biased by flaws like contam-
ination or task mismatch. Using simple formulations and synthetic experiments,
we demonstrate how this conflation can reverse rankings and misrepresent model
capabilities, leading to misleading leaderboards and flawed conclusions about a
model’s true capabilities. We conclude with recommendations for designing and
interpreting state-of-the-art evaluations, grounded in the critical distinction between
methods and models.

1 Introduction

A central ambiguity runs through machine learning evaluation. When a system is tested on a
dataset, are we evaluating a method or a model? This question lies at the core of how benchmarks
are used and interpreted. Consider ImageNet [1]. Evaluating the ResNet architecture [2] on ImageNet
primarily demonstrates the effectiveness of the method (architecture), not necessarily the specific
trained model, which is limited in scope. ResNets remain useful across a variety of learning tasks
and domains [3]. Evaluating a specific ResNet model trained on ImageNet instead tests the fixed
image classification model itself, whose use for new domains, e.g., for medical imaging diagnosis
via transfer learning, is unknown from just the ImageNet scores [4]. The first case evaluates an
algorithmic idea, while the second evaluates a learned model. Conflating the two interpretations of
evaluation leads to confusion about what evaluation results actually mean.

Public benchmarks have driven progress in AI [5–8]. They can be used as instruments for comparing
methods or as measures of model capability. However, failing to separate these uses has led to different
interpretations of the utility of benchmarks. Those focused on technical advances are bullish, viewing
them as engines of reproducible progress [6, 7, 5], while those focused on predicting deployment
performance are bearish, seeing them as poor indicators of real-world capability due to the mismatch
between what benchmarks measure and real-world deployment needs [9], reliability [10], and domain
fit [11]. We argue that large-language-model (LLM) evaluation particularly suffers from this lack of
clarity about what exactly such benchmarks are meant to measure.

We distinguish between evaluating methods and evaluating models (Figure 1). In method
evaluation, the primary goal is to compare algorithms by their relative rankings, where the target is
the method that produced the evaluated model. The model and dataset together form a measurement
instrument of the method’s efficacy. Success means outperforming alternatives under controlled
conditions. When scores shift under benign distortions, like uniform noise, the ordering is preserved,
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Figure 1: Top: Method evaluation relies on relative evidence. Even when the measurement instrument
is noisy (e.g., inconsistent raters), the ranking between methods (Safety RLHF > Standard SFT)
remains robust and reliable. Bottom: Model evaluation relies on capability evidence (absolute scores).
Here, the same measurement flaws (e.g., lack of content validity or static benchmarks) break the
link between the score and the construct, leading to invalid safety claims where high scores do not
guarantee real-world safety.

much like a race where the winner remains the same even if the stopwatch is slightly off. In model
evaluation, the target is the fixed artifact itself, i.e., the model and system it is embedded in. The
absolute score matters because it informs decisions such as safety audits or deployment approvals.
Continuing the analogy, to qualify for the Olympics, it does not matter if you beat the runner next to
you; what matters is whether your absolute time meets the strict standard required to compete. We are
no longer asking “who is faster on this track,” but “exactly how fast is this runner, so we can compare
to a standard,” e.g., to certify that a model’s safety score meets the minimum ‘standard’ to deploy.

Measurement vs. Evaluation. The same measurement process can yield identical scores, but what
we aim to evaluate, and whether the measurement is valid for that purpose, matters most. Measurement
records an outcome such as accuracy or win rate. A measurement instrument is the standardized
procedure (data, tasks, and scoring rules) used to produce a measurement. Evaluation interprets
that outcome relative to a goal. For methods, interpretation is straightforward because rankings are
defined in relation to other algorithms under the same conditions. For models, interpretation is harder
since the score must correspond to the intended construct, the underlying concept or property that
a score is intended to measure, and domain of use. As a result, measurements can be precise yet
misleading when they fail to capture the property of interest.

Model Rankings. Rankings of fixed models on a shared benchmark can serve a practical role [12,
13]. They help with triage, support comparison among alternatives, and provide a coarse marketplace
signal when training pipelines are opaque or irreproducible [14]. However, the scores that produce
these rankings are not necessarily valid measures of the broader capabilities or risks often attached
to them [15]. For example, GPQA [16] scores are sometimes read as evidence of graduate-level
reasoning ability, but may only reflect relative success on the benchmark’s specific question set. A
model with a high rank may only show relative performance under the stated task mix and scoring
rule, but may not establish readiness for a particular downstream deployment context or task. Without
valid scores, other tasks associated with the same assumed capabilities may also not have the same
rankings [17]. Even the best model, with scores higher than human experts, may fail on tasks that one
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Figure 2: We evaluate a set of algorithms, e.g., SVMs, nearest-neighbors, and random forests, on a
binary classification problem to build intuition. Figure 2a shows that method comparisons are robust
under uniform label noise (rankings preserved in expectation). Figure 2b shows that changing task
mix or using model-dependent protocols can alter method rankings. Figure 2c shows that absolute
scores used to evaluate models are misaligned under noise and contamination. Details in Appendix A.

would reasonably expect from a system with graduate-level reasoning, such as correctly counting the
number of ‘r’, in ‘strawberry’. Model rankings aid triage and selection, but they depend on the task
mix and scoring; a model ranking higher might not be meaningful if the scores are invalid evaluations
for the intended use case.

Dual roles of datasets. The same dataset can serve both as a testbed for method comparison and as a
measurement instrument of model properties; the generalizability of claims about the latter is often
more narrow. The LLM era has made these dual roles more explicit. Evaluation now focuses less on
training procedures and more on the properties of released artifacts [18, 19]. As training pipelines
become opaque, benchmarks are increasingly interpreted as signals of commercial status rather than
controlled scientific evidence. Yet, leaderboards persist and blur the line between evaluating methods
and evaluating models [20, 12, 13].

This distinction is not always clear-cut, but it allows AI developers to separate their evaluation
pipelines. Method rankings (relative evidence) are best suited for internal research and iterative
development, where controlled comparisons guide engineering choices. Model evaluation (capability
evidence) is necessary for external validation and deployment, where decisions depend on absolute
validity rather than relative rank. Confusing these purposes leads to overstated capability and
underestimated risk.

Even the best general-purpose model on state-of-the-art benchmarks may be inadequate for many real-
world applications [21]. Evaluations that inform deployment must establish validity, meaning that a
score measures the intended construct [15]. Establishing validity often requires designs beyond static
general-purpose tests, such as uplift studies [22], randomized controlled trials [23], or longitudinal
field evaluations [24]. We conjecture that general-purpose benchmarks remain essential for scientific
progress but are insufficient for assessing use-case–specific readiness in practice.

Contributions.

• We formalize the distinction between evaluating methods and evaluating models by making
the target of claim explicit.

• We derive intuitive results that characterize when rankings are stable or unstable and when
capability claims drawn from those rankings are reliable or misleading, supported by simple
synthetic experiments.

• We offer practical guidance for LLM evaluation, including uncertainty reporting and sensi-
tivity checks, to improve the interpretation and use of benchmark results.

2 Analysis

A key insight is that evaluating methods can be robust to model-independent distortions in a dataset
or metric, such as uniform noise [25, 26]. When any strictly monotonic function remaps scores,

3



orderings among methods often persist. This preserves methodological progress, i.e., ranking of
methods, but it does not preserve claims about the model artifact’s capabilities based on scores.

2.1 Evaluating methods.

Here, the claim is about the relative efficacy of methods. When considering methods, the notion
of a score of efficacy is irregular in practice. In this section, when we evaluate a model, we are
evaluating the method that generated this model. We first explain why simple metric changes need
not alter method ranks.
Proposition 1 (Ranking stability under monotone remaps). Let s(h) be the score of model h generated
by a method of interest, and let g be strictly increasing. Define s̃(h) = g(s(h)). For any hA, hB ,

s(hA) > s(hB) ⇐⇒ s̃(hA) > s̃(hB).

For examples, such transformations include switching perplexity to log perplexity in language
modeling or rescaling human ratings [27]. These transformations preserve ranks even though
numerical gaps change. For method comparison, this property underscores reliability, since the
goal is often to make claims about relative efficacy. For evaluating models, such changes to scores
can obscure the signal one needs for decision making, e.g., when scaling changes the units of the
score and blurs interpretation (Figure 2). Another example of ranking preserving distortion is model-
independent label noise, such as flips at rate η across K classes, where accuracy can contract toward
a constant that depends on η while preserving order.
Proposition 2 (Score contraction under symmetric label noise). Let K≥2 and η∈ [0, K−1

K ) be the
symmetric label-flip rate. For fixed predictions of h, where Acc(·) gives expected accuracy

Accη(h) =
(
1− η − η

K−1

)
Acc(h) + η

K−1 .

Concrete sources of such noise include inconsistent crowd-sourced data or flaky unit tests in code
benchmarks that randomly pass or fail [28]. In these cases, observations often resemble Figure 2a:
rankings are stable while absolute scores shrink. In expectation, rankings remain perfectly conserved.

The stability demonstrated under model-independent perturbations, such as symmetric noise and
metric remaps, reinforces the scientific utility of method evaluation through public benchmarks. It
confirms that observed rank improvements are primarily attributable to the intrinsic methodological
advance rather than external measurement artifacts.

However, not all perturbations are benign; particularly, model-dependent perturbations can affect
method rankings. For instance, selecting items in a benchmark to emphasize specific types of
examples or tailoring the mixture of a benchmark suite to each model artifact can alter the rankings.
For instance, rankings can be reversed when examples are adversarially selected [29].
Proposition 3 (Rank instability under data reweighting). Let sD(h) = E(x,y)∼D[L(h(x), y)]. There
exist D, a reweighting D′, and models hA, hB such that sD(hA)<sD(hB) but sD′(hA)>sD′(hB).

Importantly, this also adversely for evaluating models. Real-world examples of data reweightings
are common. Reweighting can arise when a benchmark shifts emphasis, for instance, from math
to coding, from low-resource to high-resource languages, or from longer to shorter contexts [30].
Other model-dependent factors include hand-tuned prompts, jailbreaks [31], red-team attacks [32],
and interactive tasks. Such dependence often produces ranking instability, as shown in Figure 2b.

2.2 Evaluating models.

Suppose we now fix a model M that we would like to use elsewhere and ask whether its performance
is adequate for an intended use. Absolute scores become central to quantify a property via a score
and make claims about specific capabilities from the score [33]. Validity concerns dominate here
because any systematic mismatch between the test and the concept of interest biases the claim [15, 34].
Proposition 4 (Bias in model evaluation). Let the evaluation distribution be a mixture of valid data
Dclean and flawed data Dflawed with fraction ϵ. If U(M) = E [Perf(M,Dclean)] and Uflawed(M) =
E [Perf(M,Dflawed)], where Perf is a performance score, then

Û(M) = (1− ϵ)U(M) + ϵUflawed(M) = U(M) + ϵ
(
Uflawed(M)− U(M)

)
.
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Having invalid data can bias interpretations of scores. Examples include test contamination, sample
or task, from pre-training corpora or finetuning [35], near-duplicate examples across training and
testing [36], exact-match grading that rewards template copying [37], and reference errors in automatic
judges [38]. Figure 2c shows that both noise and contamination can spuriously favor certain models.

Reliability vs. Validity. Method benchmarking aligns more with reliability, asking whether
evaluations yield stable relative orderings under benign perturbations. Model evaluation aligns more
with validity, asking whether scores capture the intended concept and predict downstream utility.
Reliability is necessary but not sufficient for validity; a stable leaderboard shows reliability, not the
validity of the score. Rank stability primarily diagnoses reliability, whereas bias, contamination, and
concept misspecification threaten validity [15, 39]. Both are required.

A defensible capability claim must specify the concept and target domain, justify the task mix and
scoring rule, report uncertainty, and include checks for concept-irrelevant variance, such as noise,
contamination, and mixture tests. Reliability helps but does not guarantee validity.

Methods on fixed models. Evaluating methods like prompting, decoding, or steering on a fixed
model is common. Here, the target of claims remains the method, and rankings are important to
identify the best method. However, ranking reliability hinges on which base is used since model-
specific quirks can masquerade as method gains. Replicating rankings across diverse models and
reporting the variation is essential.

This distinction clarifies the role of prompting. When the goal is method evaluation (e.g., ’Does
Chain-of-Thought improve reasoning?’), the prompt strategy is the claim target, and relative gains
across models are the signal. When the goal is Model Evaluation (e.g., ’Is GPT-4 safe?’), prompt
sensitivity acts as measurement error. Consequently, model benchmarks that allow per-model prompt
engineering (e.g., ’system prompt optimization’) inadvertently switch the evaluation mode from
assessing the model’s artifacts to evaluating the developer’s prompting method, introducing the rank
instability predicted by Proposition 3.

Our stance is simple: compare methods to guide development and evaluate models to make guide
real-world utility decision-making.

2.3 Experiments.

We present a simplifying intuition of phenomena already observed in LLM evaluations rather than
reproducing them in Section 3. We ground our discussion in a small, reproducible synthetic testbed,
Figure 2. We consider a simple classification task; we train a set of classifiers and evaluate them on a
set of tasks. Under noise applied to evaluation datasets, scores contract toward a constant (Figure 2c)
while method order stays fixed, as predicted (Figure 2a)—notably, the rankings in this result are
not perfect as a consequence of real-world finite sample effects. In expectation, the rankings are
maintained exactly. Reweighting the test-task mix, data contamination, i.e., test set included in
training, and model-dependent changes leads to ranking instability (Figure 2b).

Although for illustrative purposes, these parameters map directly to current evaluation challenges.
Symmetric label noise (η) proxies for inconsistent crowdsourced annotations or flaky code execution
environments, where results stochastically change independent of model capability. Our results show
that while such measurement noise causes score contraction—systematically understating absolute
capabilities, it acts as a benign distortion that largely preserves method rankings. In contrast, data
reweighting shifts composition of leaderboards (e.g., prioritizing coding over chat); as predicted
by Proposition 3, this guarantees rank instability whenever models exhibit non-identical capability
profiles.

3 Related Work

Evaluations in machine learning display a wide spectrum of reliability. In computer vision, new Ima-
geNet test sets reduce overall accuracy yet preserve model rankings [40], implying that measurement
noise and minor distributional drift do not always overturn comparative orderings. Follow-up stud-
ies [41, 25] further confirmed that even under counterfactual contrasting datasets on ImageNet, test
sets yield highly correlated results with the original ImageNet tests. This suggests that method-level

5



progress, improvements shared across architectures in this case, are generalizable even when absolute
scores from model artifacts change. This pattern is consistent with theoretical and empirical analyses
showing that rankings can be robust to model-independent perturbations, such as symmetric label
noise or strictly monotone remappings of the metric [26].

Early work showing ‘accuracy on the line’, where across related distributions, model performance
tends to fall along approximately linear trends [42, 43], suggests that this rank stability might hold
for models too, even though the slope of that relationship depends on the training data and the
kinds of shifts encountered [44]. However, follow-up work shows that this stability of model (rather
than method) rankings only holds when the two tests are very similar; otherwise, the correlation
can be near-zero or negative [11]. Furthermore, when dataset construction alters the weighting of
latent subgroups or the mechanisms underlying the tasks, model ranking stability deteriorates [29],
revealing how benchmark composition can yield misleading conclusions, i.e., aggregation can give
misleading claims about relative capabilities.

These empirical findings motivate a distinction between the robustness of comparisons when con-
sidering methods and the validity of scores when considering models. Rank stability indicates
reliability in assessing methodological progress, what might be called “relative claim.” In contrast,
validity, the extent to which a score measures the intended capability for a fixed model, is a pre-
condition for making capability claims about a fixed system. The persistence of rank correlations
across ImageNet-style tests therefore says more about reliable method benchmarking than about the
capability generalizability of individual models.

Now consider the case of model rankings in large-language-model (LLM) evaluations. Multitask
benchmark design faces an inherent trade-off between diversity and stability: broader task mixtures
capture a wider range of capabilities but make aggregate rankings noisier and more sensitive to
weighting choices [17]. Additionally, contamination and targeted exposure to benchmark tasks
confound comparisons and can spuriously inflate scores [35]. Efforts to standardize data and
equalize fine-tuning, e.g., train-before-test, harmonize rankings across benchmarks [45], yet this
synchronization may primarily reflect shared training distributions and often changes absolute scores,
so it does not by itself establish capability construct validity. Consequently, model rankings face
validity challenges. Without rigorous standardization, they cannot be read as method rankings. Even
when model rankings are stable, this indicates measurement reliability, not necessarily construct
validity; internally consistent scores can still miss intended properties such as reasoning, safety, or
fairness [33, 15, 34].

Taken together, this body of work points toward an emerging “science of evaluation” [8, 46]. Studies
in vision illustrate when and why rankings remain stable under controlled perturbations; work on
LLMs exposes how dataset contamination, aggregation choices, and social interpretation shape what
evaluations measure. Our contribution complements these trends by making the target of claim
explicit: clarifying when an evaluation supports comparative claims about methods versus capability
claims about models. By formalizing this distinction, we connect empirical patterns of rank stability
and validity breakdowns to a coherent measurement framework.

4 Discussion

Our framework clarifies the tension in large-scale evaluation platforms such as HELM [12] and
Chatbot Arena [20]. These platforms provide rankings that, externally, have limited information as
method rankings due to a lack of experimental control and transparency in the methods, nor is there
sufficient validation for what concepts their scores capture. We argue that this evaluation mode is
inherently ambiguous.

Consider Chatbot Arena. While rankings may align with model performance on user query dis-
tributions, the validity of these scores for measuring specific concepts requires further validation.
Specifically, Elo ratings illustrate the risk of interpreting method-style rankings as model evaluations.
As relative measures of win-probability, they fulfill the ‘comparative evidence’ criteria of method
evaluation and are robust to global shifts in judge strictness (Proposition 1). However, because they
are relative, they do not inherently isolate intrinsic capability from the composition of the opponent
pool. A model’s Elo describes its relation to specific peers, not necessarily its mastery of a domain;
thus, treating Elo as a proxy for absolute capability relies on the unverified assumption that the
relative ordering perfectly maps to the intended real-world construct.

6



This confusion between evaluating methods and models complicates benchmark interpretation,
especially when assessing real-world utility. Comparative rankings from method benchmarking
should not be taken as evidence of real-world safety and reliability—assertions that require more
substantial evidence through proper model evaluation. This claim gap explains the discrepancy
between benchmark performance and real-world outcomes. Mistaking high benchmark performance
for real-world readiness can lead to unsafe system deployment, overestimated scientific progress, and
inflated hype cycles. Distinguishing between “method validation” and “capability assessment” is
therefore critical for safe deployment, accurate progress tracking, and responsible communication.

One downstream implication of our discussion is that estimating uncertainty must take different
forms when evaluating methods vs. models. If the goal is to rank order methods, researchers should:
(1) quantify uncertainty over individual method scores, then (2) quantify uncertainty over possible
rank orderings [47]. This generalizes uncertainty estimation of model “win-rates” in head-to-head
comparisons used to claim superiority in chat settings [48]. Evaluating models for absolute capabilities
requires uncertainty quantification over target domain performance, since performance in the target
domain is what we care about (not necessarily the exact benchmark score). However, quantifying
domain shift effects on confidence intervals remains an open problem [49, 50]. Consequently,
translating the confidence intervals on the benchmark score (which are not even regularly reported on
leaderboards) to confidence intervals in the target domain is a difficult and rarely undertaken task.

Beyond Benchmarks for Model Evaluation. Benchmarks alone provide limited evidence for
real-world utility. A high score on a shared dataset may reflect benchmark-specific artifacts rather
than capability for deployment. Model evaluation requires designs beyond static tests, such as uplift
studies [22], prospective studies, or longitudinal field evaluations [24]. These approaches directly
measure whether a model’s traits and behavior in either a carefully controlled environment or in the
intended use case environment. While more costly, such evaluations are essential to establish valid
measurements that support the intended claim, since dataset performance by itself rarely justifies
readiness for high-stakes use.

Limitation. This conceptual separation is sometimes not so black and white in practice. However,
we argue that keeping this distinction when evaluating or interpreting evaluations is critical for reliable
evaluations. Method evaluation may also consider relative differences—e.g., how much better is
this algorithm than another, and whether this relative comparison generalizes [25], but we leave this
aspect for future work.

5 Conclusion

The confusion between evaluating methods and evaluating models is not merely semantic but
represents a fundamental ambiguity in the target of claim. As we have shown, method rankings are
often robust to measurement noise, whereas model capability claims can collapse under the slightest
noise or distribution change. By formalizing this distinction, we move beyond treating benchmarks
as universal yardsticks and toward a mature science of evaluation where relative improvements in
algorithms are clearly separated from absolute claims about the safety and utility of model artifacts.
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A Experimental setup and additional results

We use a small synthetic testbed to illustrate how method comparisons and model assessments can
diverge. All random seeds and hyperparameters are fixed for reproducibility.

Data. Binary classification with d=40 features and two subpopulations z∈{0, 1}. For z=0 (linear),
the first two coordinates are drawn from a correlated Gaussian with means ±(µ, µ) and covariance(

σ2 ρσ2

ρσ2 σ2

)
; the remaining 38 coordinates are N (0, 1). Labels follow the blob assignment with

independent flips at rate 0.12. For z=1 (XOR), we place four Gaussian blobs at (±µ,±µ) with
XOR labels, add a small shift to the first two coordinates, and flip labels at rate 0.22. We inject a
label–correlated nuisance in feature j=3 that helps z=0 and hurts z=1. To control where method
rankings cross under mixture reweighting, we add a linear leak in feature j=2 for z=1 only; its
magnitude is tuned by bisection so that a linear model and a shallow tree cross near the right edge of
the mixture (p⋆≈0.95). We use a fixed 40/60 train/test split.
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Evaluation-time shift. On the test set we invert the spurious correlation in feature j=3, add heavy-
tailed tν=3 noise (scale 0.9) to the first six coordinates, and apply feature dropout (each entry zeroed
with probability 0.10). These shifts make the task meaningfully nontrivial for margin-based methods.

Models. We compare off-the-shelf classifiers with fixed hyperparameters: logistic regression
(C ∈ {0.2, 0.6, 2.0}), linear SVM, RBF SVM (“scale”), RBF SVM with γ ∈ {0.2, 2.0}, decision
trees (depth 1–3), random forests (50 trees / depth 6; 200 trees / depth 10), gradient boosting, and
kNN (k∈{1, 5, 15}). We use StandardScaler inside pipelines when appropriate. For panel (c) we
additionally include 1-NN as a canonical memorizer.

Scoring and ranking. Primary metric is accuracy. At each condition we compute a lexicographic
rank: (i) higher accuracy is better; (ii) ties are broken by lower clean negative log-likelihood; (iii)
remaining ties by model name. Predictions and probabilities on the (clean) test inputs are cached
once and then reused across conditions.

Figure 1a: symmetric label noise. At evaluation time we only flip test labels independently
with rate η ∈ {0, 0.05, . . . , 0.40} while holding predictions fixed. For each η we average over 25
independent flip draws per model. As predicted by the fixed-predictor analysis, scores contract
linearly in expectation (for K=2 classes: Accη(h) = (1 − 2η)Acc0(h) + η) and the expected
ordering is preserved for η<1/2. The bump plot reports ranks vs. η.

Figure 1b: mixture reweighting. Let a0 and a1 be a model’s accuracies on z=0 and z=1. For
mixture proportion p, the weighted score is W (p) = (1− p)a0 + pa1; we sweep p on a uniform grid
and rank models at each p (same tie-breaker). With the tuned leak, a linear method and a depth-2 tree
cross near p⋆≈0.95, yielding a visible rank flip.

Figure 1c: contamination vs. symmetric noise. We contrast two model-assessment perturbations
using a scatter of downstream performance (clean y on test inputs; vertical axis) vs. benchmark
performance under a perturbation (horizontal axis). (i) Contamination: replace a fraction ϕ=0.75
of test pairs (x, y) with randomly drawn training pairs (x′, y′). (ii) Symmetric noise: flip test labels
at η∈{0.2, 0.4} while keeping inputs and predictions fixed. We fit a separate least-squares line for
each perturbation series. Contamination disproportionately benefits memorization (e.g., 1-NN) and
can inflate apparent benchmark performance without reflecting true downstream utility, whereas
symmetric noise contracts scores in a model-independent way and largely preserves relative order.

B Proofs

Conventions. WLOG, we treat s as a score (larger is better). If you use a loss, replace s by −f .
Proposition 2 assumes evaluation-time label flips with predictions held fixed.

B.1 Proposition 1 Ordinal stability under monotone remaps

Proof. If g is strictly increasing, then for any real a, b we have a > b iff g(a) > g(b). Taking
a = s(hA) and b = s(hB) gives

s(hA) > s(hB) ⇐⇒ g(s(hA)) > g(s(hB)) ,

so the ranking is preserved under s̃(h) = g(s(h)).

Proposition 2 (Accuracy under symmetric label noise, in expectation). Let (X,Y ) ∼ D be
a K-class problem, K ≥ 2, and let h : X → {1, . . . ,K} be a fixed predictor (no adaptation to
noise). For η ∈ [0, K−1

K ), define the symmetric-noise channel Nη that, independently of (X,Y ) and
h, replaces Y by Ỹ ∼ Nη(Y ) where

Ỹ =

{
Y w.p. 1− η,

a label drawn uniformly from {1, . . . ,K} \ {Y } w.p. η.

Define the accuracy under noise by

Accη(h) := E(X,Y )∼D EỸ∼Nη(Y )

[
1{h(X) = Ỹ }

]
.
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Then
Accη(h) =

(
1− η − η

K−1

)
Acc0(h) + η

K−1 ,

where Acc0(h) := E(X,Y )∼D[1{h(X) = Y }]. In particular, for K = 2, Accη(h) = (1 −
2η)Acc0(h) + η. Hence for 0 ≤ η < K−1

K the map a 7→
(
1 − η − η

K−1

)
a + η

K−1 is strictly

increasing, so the expected ranking of predictors by accuracy is preserved; at η = K−1
K it collapses to

the constant 1/K.

Proof. Let A = {h(X) = Y }. Conditioning on whether the noise flips the label,

Accη(h) = E
[
(1− η)1{h(X) = Y } + η 1{h(X) = Ỹ }

]
= (1− η)P(A) + η E

[
1{h(X) = Ỹ }

]
.

If A holds, then h(X) = Y and under a flip Ỹ ̸= Y , so P(h(X) = Ỹ |A,flip) = 0. If Ac

holds, then h(X) ̸= Y and, under a flip, Ỹ is uniform over the K − 1 labels not equal to Y , so
P(h(X) = Ỹ |Ac,flip) = 1

K−1 . Thus

Accη(h) = (1− η)P(A) + η
(
0 · P(A) + 1

K−1P(A
c)
)
= (1− η − η

K−1 )Acc0(h) +
η

K−1 .

B.2 Proposition 3 Rank reversals under data reweighting

Proof. Let Dp = (1 − p)D0 + pD1 and let sD(h) = E(x,y)∼D[ϕ(h(x), y)] be a bounded score.
Choose hA, hB such that sD0

(hA) > sD0
(hB) but sD1

(hA) < sD1
(hB). Then

sDp
(h) = (1− p) sD0

(h) + p sD1
(h),

so the difference ∆(p) = sDp
(hA) − sDp

(hB) = (1 − p)∆0 + p∆1 with ∆0 > 0 and ∆1 < 0
crosses zero at a unique p⋆ ∈ (0, 1). Thus, the order flips between any p1 < p⋆ and p2 > p⋆.

B.3 Proposition 4 Bias in model assessment

Proof. Let (X,Y ) be drawn from (1− ϵ)Dclean + ϵDflawed. By total expectation,

Û(M) = (1− ϵ)EDclean [Perf(M)] + ϵEDflawed [Perf(M)] = (1− ϵ)U(M) + ϵUflawed(M).

Equivalently, Û(M) = U(M) + ϵ
(
Uflawed(M)− U(M)

)
, which exhibits the bias term.

Notes. The noise result is for evaluation-time flips with fixed predictions; if training or predictions
adapt to the noise, ranks may change. The reweighting flip requires only mixture linearity and
bounded scores. The model-dependent construction keeps scores bounded and uses the same (x, y),
yet dependence on the evaluated model alone suffices to break ordinal stability.
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