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Abstract

Static, deterministic benchmarks have become the
primary tool for measuring large language model
(LLM) progress, yet growing evidence suggests
they measure memorization rather than genuine
capability. Performance on canonical benchmarks
such as MMLU and GSM8k degrades sharply un-
der semantics-preserving perturbations, including
answer reordering, surface rephrasing, and dis-
tractor addition, revealing brittle pattern matching
rather than robust understanding. We argue this
fragility is not an implementation flaw but a struc-
tural consequence of fixed evaluation sets in the
era of web-scale training. We advocate for dy-
namic, synthetically generated benchmarks con-
structed fresh at evaluation time, making contam-
ination impossible by construction and enabling
principled, reproducible evaluation of genuine
model capability.

1. Introduction

Benchmarks have become the de facto measure of progress
in large language model (LLM) research (Hendrycks et al.,
2021; Cobbe et al., 2021). Leaderboard rankings drive
research directions, inform product decisions, and serve
as proxies for real-world capability (Fourrier et al., 2023;
2024). This reliance rests on a critical assumption: that high
performance on a static benchmark reflects the underlying
skill it is designed to measure.

We argue this assumption is broken. As LLMs are trained on
increasingly vast web-scale datasets, the boundary between
training and evaluation data erodes (Mirzadeh et al., 2025;
Wang et al., 2024a). Static benchmarks, which consist of
fixed question sets with predetermined answers, become
inadvertent training targets. Even without deliberate data
contamination, models tuned to maximize performance on
well-known benchmarks such as MMLU (Hendrycks et al.,
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2021) and GSMS8k (Cobbe et al., 2021) learn to pattern-
match against memorized answer forms rather than develop
genuine understanding (Zheng et al., 2024; Pezeshkpour
& Hruschka, 2023). This paper presents evidence that this
failure mode is already observable, argues that structural
features of static benchmarks make it unavoidable, and ad-
vocates for a shift toward dynamic, synthetically generated
evaluation as the only principled remedy.

2. The Fragility of Static Benchmarks

Multiple-Choice Benchmarks MMLU (Hendrycks et al.,
2021) has become the canonical benchmark for measur-
ing LLM knowledge and reasoning across 57 tasks, yet its
scores are highly sensitive to evaluation artifacts unrelated
to the knowledge being tested. Permuting the order of an-
swer choices causes substantial accuracy drops, with some
models losing over 10 percentage points (Pezeshkpour &
Hruschka, 2023; Zheng et al., 2024), an effect confirmed at
scale (Gupta et al., 2024). Rephrasing questions or intro-
ducing linguistic variation causes further degradation even
when factual content is unchanged (Wang et al., 2024a). The
multiple-choice format itself conflates test-taking heuristics
with the target capability, making it a poor proxy for gen-
uine understanding (Li et al., 2024b). A model with genuine
knowledge should be invariant to distractor ordering; such
sensitivity is the empirical signature of positional bias and
memorization, not understanding.

Mathematical Reasoning Benchmarks GSMS8k (Cobbe
et al., 2021) is the standard benchmark for grade-school
mathematical reasoning, widely used to evaluate chain-of-
thought arithmetic capabilities (Wei et al., 2022). GSM-
Symbolic (Mirzadeh et al., 2025) replaces names and nu-
merical values in GSM8k problems while preserving the
underlying mathematical structure. Performance drops sig-
nificantly across all tested models, with variance increasing
as problem complexity grows. A broader robustness evalu-
ation through GSM-Plus confirms systematic degradation
across diverse perturbation types, including numerical sub-
stitution, question rephrasing, and the addition of irrelevant
clauses (Li et al., 2024a). The mathematical structure is
identical across original and perturbed variants; only the
surface form changes. A model reasoning from first prin-
ciples should solve both equally well. The performance
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gap reveals that models are recovering memorized solution
templates keyed to surface features, not solving the abstract
problem (Mirzadeh et al., 2025; Li et al., 2024a). Both
benchmark types exhibit the same failure mode: high per-
formance on the canonical evaluation form, brittleness to
semantics-preserving variation, invariance to meaning and
sensitivity to form. That this pattern appears independently
across benchmark types, research groups, and model fam-
ilies (Pezeshkpour & Hruschka, 2023; Zheng et al., 2024;
Gupta et al., 2024; Wang et al., 2024a; Mirzadeh et al., 2025;
Li et al., 2024a) suggests it reflects a systematic property of
static evaluation rather than isolated benchmark flaws.

3. Static Benchmarks Cannot Fix Themselves

The structural argument applies to any fixed evaluation set
regardless of domain or difficulty; the same fragility has
been documented in reading comprehension (Jia & Liang,
2017) and leaderboard saturation across benchmark types
confirms it is pervasive (Fourrier et al., 2023; 2024) (see
Appendix A). The natural response to these findings is to
construct harder static benchmarks with stricter contamina-
tion controls. MMLU-Pro (Wang et al., 2024b) attempts
exactly this by expanding the choice set to ten options and
curating harder problems. But this approach treats the symp-
tom rather than the cause.

The fundamental problem is structural: a static benchmark
is a closed dataset. Once its contents enter training pipelines,
even indirectly through web crawls, distillation, or synthetic
data generation, no amount of curation restores its validity
as an unbiased measure (Jacovi et al., 2023; Mirzadeh et al.,
2025; Wang et al., 2024a). Benchmark updates simply reset
the clock; the replacement eventually becomes contami-
nated in turn, a cycle already evident in the rapid saturation
of successive MMLU variants (Fourrier et al., 2023; 2024).

Furthermore, fixed answer sets directly incentivize memo-
rization during fine-tuning. Greedy decoding against a pre-
determined correct answer is, mechanistically, next-token
prediction on memorized text (Mirzadeh et al., 2025; Zheng
et al., 2024). This is not a solvable problem within the static
benchmark paradigm.

4. Dynamic Benchmarks as the Path Forward

We advocate for dynamic benchmarks: evaluation instances
generated fresh at evaluation time from a parameterized
generative process, rather than drawn from a fixed held-
out set. Dynamic generation is contamination-resistant by
construction, since it is not possible to memorize an in-
stance that does not exist until the moment of evaluation (Ja-
covi et al., 2023; Castillo-Bolado et al., 2024). Two exist-
ing benchmarks demonstrate that this is feasible at scale.
RULER (Hsieh et al., 2024) evaluates long-context capabil-

ities through synthetically generated needle-in-a-haystack
and retrieval tasks, with ground truth derived algorithmically
from the generated context. LongReason (Ling et al., 2025)
constructs synthetic multi-step reasoning problems through
context expansion. Both benchmarks produce meaningful,
fine-grained capability signals, providing evidence that syn-
thetic generation does not sacrifice evaluation quality (Hsieh
et al., 2024; Ling et al., 2025).

Beyond contamination resistance, dynamic benchmarks of-
fer structural properties that static benchmarks typically
cannot provide:

* Tunable difficulty. Generative parameters directly con-
trol problem complexity, enabling controlled evaluation
across the capability spectrum (Hsieh et al., 2024; Ling
et al., 2025).

* Verifiable ground truth. Domains with algorithmic an-
swers, symbolic reasoning, code execution, and formal
logic, admit objective correctness without human annota-
tion (Hsieh et al., 2024; Maheshwari et al., 2024).

* Reproducibility via seeding. Dynamic does not mean
irreproducible. Versioned random seeds produce identical
instance distributions for all evaluators, preserving com-
parability without exposing instances in advance (Hsieh
et al., 2024; Castillo-Bolado et al., 2024).

The reproducibility objection to dynamic benchmarks is
therefore an implementation concern, not a principled one:
seeded generation gives every research group the same dis-
tribution while denying any group advance knowledge of
the specific instances. Complementary evidence shows that
dynamic and synthetic evaluation frameworks are both prac-
tically viable and empirically informative across diverse task
settings (Castillo-Bolado et al., 2024; Aluffi et al., 2025; Ma-
heshwari et al., 2024).

5. Implications and Call to Action

The community’s reliance on static benchmarks has pro-
duced a problematic feedback loop: models are optimized
against known evaluation sets, reported scores rise, and the
field interprets this as capability progress (Fourrier et al.,
2023;2024; Wang et al., 2024b). Breaking this loop requires
changing what we measure, not merely how carefully we
measure it. We call for three concrete shifts: benchmark cre-
ators should publish generative procedures alongside fixed
datasets; evaluation frameworks should adopt versioned
seeding as a reproducibility standard; and the community
should prioritize domains with algorithmic ground truth for
initial dynamic evaluation suites. Real-world deployment
does not present models with questions drawn from a fixed
academic dataset, and human preference rankings diverge
substantially from static benchmark scores (Chiang et al.,
2024). Evaluation should reflect that reality.
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A. Summary of Benchmark Fragility Evidence

We focus on MMLU (Hendrycks et al., 2021) and
GSMBS8k (Cobbe et al., 2021) because their ubiquity makes
them the highest-value targets for contamination and the
most extensively studied cases; together they also cover
two distinct evaluation modalities, multiple-choice knowl-
edge and free-form mathematical reasoning, ensuring the
fragility pattern is not an artifact of a single format. Table 1
consolidates the perturbation findings from Section 2. The
perturbations span three qualitatively distinct categories:
positional (answer reordering), linguistic (question rephras-
ing), and symbolic (variable substitution). That substantial
degradation occurs across all three categories, both bench-
mark types, and independent research groups rules out any
explanation specific to a single perturbation strategy, bench-
mark design, or research team. The pattern is systematic.

B. Limitations of Dynamic Benchmarks

Dynamic benchmarks are not a universal solution, and intel-
lectual honesty requires acknowledging their limitations.

Coverage of open-ended tasks. Automatic generation and
verification work best for domains with algorithmic ground
truth, as demonstrated by RULER (Hsieh et al., 2024) and
LongReason (Ling et al., 2025). Tasks requiring subjective
judgment, nuanced argumentation, or creative output are
harder to generate and harder to evaluate without human
involvement; work on LLM-as-judge evaluation shows that

automated scoring of open-ended outputs systematically di-
verges from human judgments (Zheng et al., 2023), making
human-in-the-loop validation necessary in these settings.

Validity of synthetic instances. A generative procedure
may produce instances that are syntactically valid but se-
mantically degenerate, including ambiguous, trivially easy,
or unrepresentative problems. The efficacy of synthetic
data as a reliable benchmark signal is not guaranteed and
requires careful empirical validation (Maheshwari et al.,
2024; Aluffi et al., 2025); the absence of human curation
eliminates contamination but introduces new failure modes
around instance quality.

Comparability across generators. Seeded generation en-
sures reproducibility within a study, but comparing results
across labs using different generators or generator versions
remains non-trivial. Holistic evaluation frameworks have
shown that evaluation decisions, including metric choice,
prompt format, and dataset construction, produce large vari-
ance in reported scores across otherwise comparable sys-
tems (Liang et al., 2022); dynamic benchmarks face the
same risk at the generator level.

C. Static vs. Dynamic Benchmarks: A
Property Comparison

Table 2 organizes the structural properties discussed in Sec-
tion 4 alongside the limitations from Appendix B into a
single reference. Each row captures a dimension along
which the two paradigms differ, making explicit both the
advantages of dynamic evaluation and the trade-offs that
must be managed in practice.

Reading the table as a whole reveals an important asym-
metry. The rows where static benchmarks are structurally
disadvantaged (contamination risk, long-term validity, diffi-
culty control, and ground truth reliability) reflect constraints
that cannot be resolved through improved dataset curation
or harder problem selection; they are consequences of fixing
the evaluation set, not of how carefully it was constructed.
The rows where dynamic benchmarks are currently weaker
(task coverage and evaluation cost) are engineering and
scope challenges that are addressable over time as genera-
tive methods and automated verification mature (Castillo-
Bolado et al., 2024; Maheshwari et al., 2024).

This asymmetry is the core of the position: the limitations
of dynamic benchmarks are tractable, while those of static
benchmarks are structural. The goal is not to abandon static
benchmarks immediately, but to prioritize domains where
dynamic evaluation is already viable and expand from there.
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Table 1. Benchmark fragility under semantics-preserving perturbations. In each case the correct answer is unchanged; performance drops
reveal sensitivity to surface form rather than underlying capability.

Benchmark Perturbation Finding Source
MMLU Answer choice reordering  >10 percentage point accuracy drop; some models  (Pezeshkpour & Hruschka,
show up to 13 pp variation across orderings 2023; Zheng et al., 2024)
MMLU Answer choice reordering  Effect confirmed across a broad range of model fam-  (Gupta et al., 2024)
(scale) ilies and sizes
MMLU Linguistic rephrasing Significant accuracy degradation despite identical ~(Wang et al., 2024a)
factual content
GSMS8k Symbolic  substitution  Consistent performance drop across all tested mod- (Mirzadeh et al., 2025)
(names, values) els; variance increases with problem complexity
GSM8k Numerical, rephrasing, ir-  Systematic degradation confirmed across all pertur-  (Li et al., 2024a)

relevant clauses

bation types

Table 2. Structural comparison of static and dynamic benchmark paradigms across evaluation-relevant properties.

Property

Static Benchmarks

Dynamic Benchmarks

Contamination risk

Reproducibility

Difficulty control

Ground truth

Long-term validity

Task coverage

Evaluation cost

Cross-study comparability

High; fixed instances can enter training corpora
through web crawls, distillation, or synthetic
augmentation (Jacovi et al., 2023)

Exact; all evaluators use identical instances

Fixed at dataset creation; no post-hoc adjust-
ment

Human-curated; subject to annotation noise
and subjectivity

Degrades as models saturate the fixed instance
set (Fourrier et al., 2023; 2024)

Broad, including open-ended and subjective
tasks

Low; fixed corpus evaluated once and reused

High when using the same dataset version

None by construction; instances do not exist
prior to evaluation time

Exact with versioned random seeds; results
require seed and generator version to be pub-
lished (Hsieh et al., 2024)

Tunable via generative parameters; enables
controlled evaluation across capability lev-
els (Hsieh et al., 2024; Ling et al., 2025)

Algorithmic; derived directly from generation
parameters for suitable domains (Maheshwari
et al., 2024)

Maintained; fresh instances generated at each
evaluation

Currently limited to domains with verifiable
ground truth; open-ended tasks require human-
in-the-loop (Zheng et al., 2023)

Higher; generation overhead at each evaluation
run

Requires standardized generators and version-
ing; variance from generator choice is a known
risk (Liang et al., 2022)




