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Abstract

Frontier large language models achieve high per-
formance on many scientific evaluations, yet it re-
mains unclear whether such performance reflects
compositional reasoning or reliance on the con-
ditional distribution of expert-genre prose. We
introduce SCIREVIEW, a benchmark of expert-
authored research-grade passages with naturally
injected, locally plausible but scientifically conse-
quential errors across science, engineering, tech-
nology, and mathematics. The construction pro-
tocol explicitly excludes bare lookup errors, def-
inition rewrites that preserve internal coherence,
and unsupported assertions: a filter that, by de-
sign, leaves only errors whose detection requires
re-deriving claims from local content rather than
retrieving facts. We pair this with an adversar-
ial difficulty calibration in which each task con-
tains errors stratified by the agreement of three
frontier models, yielding a per-item probe of
where the memorization–generalization bound-
ary sits. Evaluating GPT-5.4, Gemini 3.1 Pro, and
Claude Opus 4.6 under five recall metrics crossed
with two false-positive treatments, we find that
rankings invert sharply once false-positive con-
trol is enforced (GPT-5.4 falls from 62% to 10%
Average Recall). This suggests that high recall
in the unpenalized regime can mask reliance on
surface pattern-matching rather than disciplined
re-derivation. We plan on releasing this bench-
mark upon acceptance.

1. Introduction
A central question for the foundations of deep generative
models is what these models actually learn. For deep autore-
gressive language models trained on web-scale corpora, the
question takes a sharp form: when a frontier model produces
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a fluent, technically dressed scientific assessment, is the un-
derlying computation a re-derivation from first principles,
or is it largely a high-fidelity reproduction of the rhetori-
cal and inferential templates that pervade scientific writing
on the public internet? The same question is well-studied
in image diffusion models, where verbatim memorization
of training images (Carlini et al., 2023b; Somepalli et al.,
2023a) and convergence to a shared score function under
data scaling (Kadkhodaie et al., 2024) are both documented.
For autoregressive LLMs, the analogous question—what
part of scientific competence is template recall and what part
is compositional generalization—is harder to operational-
ize because (i) training corpora are typically not disclosed
(Shi et al., 2024; Oren et al., 2024), (ii) public benchmarks
are demonstrably contaminated (Sainz et al., 2023; Roberts
et al., 2024; Yang et al., 2023), and (iii) accuracy on satu-
rated benchmarks is consistent with both memorization and
generalization.

A complementary diagnostic strategy, advanced for exam-
ple by Wu et al. (2024), McCoy et al. (2024), Mirzadeh
et al. (2025), and Dziri et al. (2023), is to design tasks
whose form is in distribution but whose required computa-
tion is not. Counterfactual variants, symbolic perturbations,
and controlled compositional graphs measurably degrade
frontier-model performance, suggesting that current LLMs
solve many compositional problems by reducing them to
“linearized subgraph matching” rather than executing sys-
tematic problem-solving (Dziri et al., 2023).

We introduce SCIREVIEW, a benchmark designed in this
spirit but targeted at a different surface of scientific compe-
tence: the ability to read realistic, expert-authored research
prose and identify embedded conceptual errors that are
locally plausible, scientifically consequential, and genre-
typical. SCIREVIEW is organized around three theoretical
commitments that we argue make it a clean probe of the
template-vs-generalization distinction:

1. Exclusion criteria as a memorization filter. The pro-
tocol explicitly excludes (a) bare lookup errors with no
downstream role, (b) altered definitions where down-
stream logic remains internally coherent, and (c) un-
supported false assertions with no local justification.
Errors that make the passage internally incoherent are
also rejected. The first three exclusions remove failure
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modes that a model with strong factual memorization
could solve via retrieval; the fourth removes failures
detectable by surface coherence checks. What remains
are errors whose detection requires re-deriving a chain
of inference from the local content.

2. Locally-plausible-but-globally-wrong errors stress
pattern-matching. Errors are constructed to preserve
internal coherence—for example, a chemistry passage
in which both a face-assignment step and the resulting
enantiomer label are wrong in a mutually consistent
way. Models that rely on local-coherence heuristics
rubber-stamp the chain; catching the error requires
going against the conditional distribution of the sur-
rounding prose.

3. Adversarial difficulty calibration. Each candidate
task is evaluated against three frontier models. Errors
caught by all three are designated baseline (within
shared template space); errors missed by all three are
designated challenging (beyond shared template space,
requiring compositional re-derivation). This gives
a per-problem signature of where the memorization–
generalization boundary sits for the panel.

We evaluate three frontier autoregressive models: GPT-
5.4, Gemini 3.1 Pro, and Claude Opus 4.6, under a five-
metric × two-FP-treatment scoring framework plus quali-
tative axes. Our principal empirical finding is a sharp in-
version of model rankings between the unpenalized and
FP-penalized regimes: GPT-5.4 leads on unpenalized Aver-
age Recall (62%) but trails on the 0-FP-gated metric (10%),
while Gemini 3.1 Pro retains 45% under penalization. This
inversion illustrates a “memorization-vs-generalization” dis-
tinction: high unpenalized recall is consistent with broad
pattern-flagging that may not survive a selectivity test.

We deliberately frame SCIREVIEW as one diagnostic angle.
It does not measure verbatim training-data memorization
in the sense of Carlini et al. (2023a) or Schwarzschild et al.
(2024), nor does it separate memorization from generaliza-
tion at the level of model weights. What it does measure is
whether a model’s behavior on a class of scientific reading
tasks is consistent with re-derivation from local content, or
is better explained by reliance on the conditional distribution
of expert-genre prose.

2. Related Work
Memorization in large autoregressive models. Memo-
rization has been characterized along several axes. Carlini
et al. (2019; 2021; 2023a) and Nasr et al. (2023) operational-
ize extractable memorization: the verbatim regurgitation of
training sequences under adversarial prompting, including
from production-aligned models. Tirumala et al. (2022)

show that larger models memorize more before overfitting
and forget less, and Biderman et al. (2023) demonstrate that
memorization is partially predictable from smaller-scale
runs. Lee et al. (2022) and Kandpal et al. (2022) link mem-
orization rates to training-data duplication. Zhang et al.
(2023) introduce counterfactual memorization to disentan-
gle rare-content recall from common templated text, and
Schwarzschild et al. (2024) propose Adversarial Compres-
sion Ratio as a behavioral memorization metric. Hartmann
et al. (2023) survey the field and propose a taxonomy that
includes verbatim text, facts, ideas, writing styles, and dis-
tributional properties—a useful reminder that “memoriza-
tion” is multi-faceted and that style memorization in par-
ticular is closely related to the expert-genre prose-pattern
reliance SCIREVIEW probes. Magar and Schwartz (2022)
and Zheng and Jiang (2022) study how training–test overlap
translates to test-time exploitation, finding that exposure
does not always translate to exploitation. SCIREVIEW does
not measure memorization in the verbatim sense; it targets
template-level memorization—the extent to which model
behavior is shaped by the rhetorical and inferential struc-
ture of expert scientific writing—using error injection in
genre-typical contexts as a stress test.

Memorization vs. generalization in deep generative mod-
els. The clearest empirical picture of the gen/mem transi-
tion has been established for image diffusion models. Car-
lini et al. (2023b) showed that diffusion models memo-
rize and emit individual training images; Somepalli et al.
(2023a;b) characterized data replication and copying. On
the other side, Kadkhodaie et al. (2024) showed that as
training-set size grows past a threshold, two diffusion mod-
els trained on disjoint subsets converge to nearly the same
score function, indicating a phase transition driven by induc-
tive biases (geometry-adaptive harmonic representations).
Foundational work by Zhang et al. (2017; 2021) establishes
that deep networks can memorize random labels yet general-
ize on natural data, motivating careful empirical separation
of the two regimes. We emphasize that LLMs and diffu-
sion models are both deep generative models but belong to
distinct families; we do not claim that the diffusion-model
gen/mem transition transfers directly. SCIREVIEW targets a
complementary phenomenon in autoregressive text genera-
tion.

Generalization, extrapolation, and reasoning. A grow-
ing line of work probes the ceiling of LLM compositional
reasoning. Razeghi et al. (2022) show that few-shot numeri-
cal reasoning correlates strongly with pretraining term fre-
quency. McCoy et al. (2024) develop the “embers of autore-
gression” framework: LLMs are systematically more accu-
rate in high-probability task and output regimes even when
probability is irrelevant to correctness. Wu et al. (2024) in-
troduce counterfactual task variants and observe consistent
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and substantial degradation when default task assumptions
are perturbed. Dziri et al. (2023) show that transformers
solve compositional tasks (multi-digit multiplication, logic
puzzles, dynamic programming) by linearized subgraph
matching, with rapid decay as compositional depth grows.
Press et al. (2023) measure a compositionality gap between
sub-question accuracy and integrated multi-hop accuracy
that does not close with scale. Mirzadeh et al. (2025) intro-
duce GSM-Symbolic and observe sharp drops on numerical-
only perturbations of GSM8K, plus large drops from in-
serting irrelevant clauses. Hupkes et al. (2020) provide a
foundational framework for compositional generalization.
SCIREVIEW’s locally-plausible-but-globally-wrong errors
share methodological DNA with these probes: they create
stimuli where the surface form is in-distribution but the
correct response requires going against it.

Benchmarks targeting the gen/mem distinction. Sev-
eral recent benchmarks try to neutralize contamination as
a confound. GSM-Symbolic (Mirzadeh et al., 2025) gener-
ates instances from symbolic templates. DyVal (Zhu et al.,
2024) dynamically synthesizes graph-structured reasoning
tasks. LiveCodeBench (Jain et al., 2024) and LiveBench
(White et al., 2024) continuously update their problem sets
with post-cutoff items. FrontierMath (Glazer et al., 2024)
uses unpublished expert-crafted mathematics problems and
reports very low accuracy from leading models at release,
contrasting with the near-saturation of MATH (Hendrycks
et al., 2021). Humanity’s Last Exam (Phan et al., 2025)
collects expert-vetted Google-proof questions across do-
mains. GPQA (Rein et al., 2024) targets graduate-level
Google-proof biology, physics, and chemistry. BIG-Bench
Hard (Suzgun et al., 2023) isolates the hardest tasks of
BIG-Bench (Srivastava et al., 2023). SCIREVIEW differs
from these in two ways. First, the unit of evaluation is a
research-grade passage with embedded errors, not a ques-
tion with an answer; the task structure is expert reading, not
problem solving. Second, the targeted competence is not
problem-solving accuracy but error detection under selec-
tivity pressure, which is a distinct diagnostic surface for the
gen/mem question.

Data and benchmark contamination. Contamination
work motivates expert-authored, private benchmarks. Sainz
et al. (2023) document widespread contamination and pro-
pose per-benchmark measurement. Golchin and Surdeanu
(2023) propose “time-travel” detection. Oren et al. (2024)
provide statistical guarantees for black-box contamination
detection via exchangeability. Roberts et al. (2024) use
training-cutoff natural experiments to show pre-cutoff vs.
post-cutoff performance gaps on competitive coding prob-
lems. Yang et al. (2023) show that simple paraphras-
ing defeats string-matching decontamination. Magar and
Schwartz (2022) distinguish memorization from exploita-

tion in controlled training. SCIREVIEW’s expert-authored
passages are written de novo for the benchmark and are not
on the public web, mitigating verbatim contamination at
construction time; the FP-penalized scoring further reduces
sensitivity to template-shaped contamination.

Robustness, privacy, and extrapolation benchmarks.
HELM (Liang et al., 2023) measures robustness, calibration,
fairness, and toxicity alongside accuracy. Privacy-extraction
benchmarks descend from Carlini et al. (2019; 2021; 2023a)
and Nasr et al. (2023). The recent consensus is that bench-
mark saturation often reflects template fit rather than ca-
pability gain (Mirzadeh et al., 2025; McCoy et al., 2024).
SCIREVIEW contributes a selectivity-sensitive extrapola-
tion probe by reporting recall under both unpenalized and
FP-penalized scoring; the gap between the two is itself a
diagnostic.

Scientific-reasoning and AI-for-science benchmarks.
Adjacent benchmarks probe AI-for-science capabilities
along complementary axes: SciCode (Tian et al., 2024),
MLE-bench (Chan et al., 2024), PaperBench (Starace et al.,
2025), DiscoveryBench (Majumder et al., 2024), GPQA
(Rein et al., 2024), MATH (Hendrycks et al., 2021), SPOT
(Son et al., 2025), and the broader literature on LLM-as-
judge (Zheng et al., 2023). These largely target task perfor-
mance. SCIREVIEW targets critical reading under condi-
tions designed to dissociate template matching from compo-
sitional re-derivation, with a scoring framework that explic-
itly rewards selectivity. The reproducibility-crisis literature
(Begley and Ellis, 2012; Baker, 2016; Errington et al., 2021)
motivates the practical importance of error detection in sci-
entific writing, but SCIREVIEW should be evaluated as a
foundations-of-generative-models diagnostic rather than as
an AI-for-science deployment benchmark.

3. A Diagnostic Frame for Memorization vs.
Generalization

We frame the diagnostic question as follows. Let pθ(y |
x) be a frontier autoregressive model. For a passage x
containing a set of injected errors E = {e1, . . . , ek}, the
model produces a critique y. Define two stylized strategies
a model might use:

• Template-pattern matching. The critique is shaped
primarily by the conditional distribution of expert-
genre prose given the passage’s surface form. Un-
der this strategy, claims that are grammatically and
rhetorically expected—e.g., a “Clinical Implications”
subsection asserting individual-level inference from
a group-level finding—are passed through, because
the conditional distribution of such prose makes the
assertion locally probable. Errors that disrupt surface
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coherence are flagged; errors that respect surface co-
herence are not.

• Compositional re-derivation. The critique is shaped
by re-deriving claims from local content using a do-
main world model. Under this strategy, errors are
flagged regardless of whether they respect surface co-
herence, provided the underlying derivation contradicts
the model’s inferred chain.

These strategies are not mutually exclusive, any realistic
model interpolates them, but a benchmark that systemat-
ically demands re-derivation, by construction, separates
models that lean more on one strategy from models that lean
more on the other.

Why exclusion criteria matter. SCIREVIEW’s exclusions
remove the failure modes where the two strategies converge
to the same prediction. If an error were a bare lookup
error (e.g., a wrong constant, untouched downstream), a
memorization-rich model would catch it via retrieval; if an
error left downstream logic internally consistent even after
a definitional change, then a re-derivation model would not
flag it (the local logic remains coherent under the rewritten
definition). The protocol therefore concentrates the error
class on cases where compositional re-derivation against the
local prose is required.

Why locally-plausible-but-globally-wrong matters. Er-
rors are constructed so that the sentences immediately adja-
cent to the error remain coherent. In the chemistry example
(Section 7), both the face-assignment step and the final enan-
tiomer label are wrong in a self-consistent way. A coherence-
checking strategy returns no signal; a re-derivation strategy
must regenerate the assignment from the molecular structure
to identify the inconsistency.

Adversarial filter as a panel-relative probe. The 3-
model agreement filter does not certify that an error is
“memorized” or “generalized” by any single model. What
it provides is a calibrated empirical proxy for where the
panel’s shared template space ends. Errors caught by all
three models lie within that shared space; errors missed by
all three lie outside it. This is a panel-relative quantity and
can shift under broader evaluation; we treat the resulting
per-item difficulty distribution as a diagnostic result, not
categorical ground truth.

4. Benchmark Design
Domains. SCIREVIEW spans Science (biology, chemistry,
neuroscience, physics), Engineering (aerospace, biomedical,
civil, chemical, electrical, mechanical, industrial), Tech-
nology (data science, IT), and Mathematics (pure, applied,

Table 1. Excluded error patterns and the diagnostic rationale for
excluding each. The first three classes would be solved by retrieval
or coherence checks; the last is trivially detectable.

Excluded class Why excluded

Bare lookup errors with no
downstream role

Solvable by factual retrieval; con-
flates memorization with detec-
tion

Altered definitions with
internally coherent down-
stream logic

Re-derivation gives no signal un-
der the rewritten definition

Unsupported false asser-
tions with no local justifi-
cation

Detectable by surface-coherence
checks

Errors that render the pas-
sage internally incoherent

Trivially detectable; does not test
the targeted competence

statistics). Tasks are authored and graded within a single dis-
cipline; mixed-discipline tasks are excluded because expert
standards for rigor differ across fields.

Seed texts. Each task is built around an expert-authored,
research-grade passage (∼150–800 words): a proposal ex-
cerpt, methods section, or technical note. Passages are
written de novo by domain experts for the benchmark and
are not drawn from the public literature, mitigating contami-
nation at construction time.

Five construction principles.

1. Expert authorship. Every passage and every error is
produced by a working researcher in the relevant sub-
field.

2. Naturalness. Errors must be natural enough that a
non-specialist working researcher could miss them in
a quick read.

3. Locally-plausible-but-globally-wrong. Errors must pre-
serve local coherence with adjacent claims.

4. Scientific consequence. Errors must materially affect
a downstream conclusion (a numerical value, a causal
claim, an experimental design choice).

5. Compositional re-derivation. Detection must require
composing at least two reasoning steps, not a single
fact lookup.

Exclusion criteria. Table 1 summarises the excluded er-
ror patterns, each motivated by the diagnostic frame of
Section 3.

Adversarial difficulty calibration. Each candidate item
is run against three frontier models. An error caught by all
three is baseline; an error missed by all three is challenging.
Each accepted task contains at least three challenging errors
and at most three baseline errors.
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Quality control. Each candidate task is reviewed and re-
vised by an independent expert who rates it on an ordinal
scale; only items rated “Good” enter the evaluation set.
Common rejected failure modes were (i) errors that were
technically incorrect but did not propagate (lookup errors),
(ii) errors indistinguishable from authorial imprecision, and
(iii) errors that made the passage internally incoherent.

5. Evaluation Methodology
Models. We evaluate three frontier autoregressive models:
GPT-5.4 (OpenAI), Gemini 3.1 Pro (Google DeepMind),
and Claude Opus 4.6 (Anthropic). Each passage is evaluated
four times per model with default sampling temperature.

Matching. Because model responses are free-form cri-
tiques, we use an LLM-based matcher (in the spirit of LLM-
as-judge, Zheng et al., 2023) to determine which expert-
annotated errors each response identified and how many
additional non-errors it flagged. Matcher reliability was
validated on a stratified subsample against domain-expert re-
verification; future updates will also add systematic human
auditing.

Scoring framework. Let M(ri) denote the gold errors
matched by response ri on item i, and FP(ri) the number
of flagged issues not matching any gold error. We report
three recall-style metrics:

AR (Average Recall) = meani
|M(ri)|
|Ei|

,

PR (Perfect Recovery) = Pr
(
|M(ri)| = |Ei|

)
,

MR (Majority Recovery) = Pr
(
|M(ri)| > 1

2 |Ei|
)
.

Each is crossed with two false-positive treatments: uncor-
rected (ignore FPs) and penalized-disqualifying (PD: a run
counts as failure if FP(ri) > 0). An exact-set indicator
combines both:

Exact(ri) = ⊮[|M(ri)| = |Ei| ∧ FP(ri) = 0] . (1)

A penalized-canceling (PC) variant, in which FPs cancel
TPs one-for-one floored at zero, is reported in Section A.

Why FP-aware scoring is the central diagnostic. A
model that achieves high recall by flagging many candidate
issues is, with respect to the gen/mem question, ambiguous:
high recall is consistent with both broad pattern-matching
and disciplined re-derivation. The 0-FP-gated metric re-
moves this ambiguity by rewarding only runs whose flagged
set is exactly correct. The gap between AR and AR-under-
0-FP-gate is therefore the central diagnostic quantity in our
results.

Table 2. Quantitative results on SCIREVIEW. “Standard” ig-
nores false positives; “0-FP gate” disqualifies any run containing a
misidentified error. All numbers in percent; higher is better.

Standard 0-FP gate

Model AR PR MR AR Exact > 1
2

GPT-5.4 62 6 71 10 0 12
Gemini 3.1 Pro 57 0 60 45 0 48
Claude Opus 4.6 46 0 33 24 0 19

Table 3. Qualitative assessment. Helpfulness, correctness, and
alignment are scored on {0, 1, 2} (0 = no issues, 2 = major
issues); lower is better. Overall is a 1–5 Likert scale; higher is
better.

Model Help. ↓ Corr. ↓ Align. ↓ Overall ↑
GPT-5.4 0.60 1.30 0.25 2.65
Gemini 3.1 Pro 0.40 1.30 0.05 3.10
Claude Opus 4.6 0.55 1.55 0.35 2.10

Qualitative axes. In parallel, each response is rated
by a domain-expert reviewer along three ordinal axes—
helpfulness, correctness, and alignment—each on the scale
{0, 1, 2} mapped from {no issues, minor issues, major is-
sues}. Reviewers additionally assign an Overall rating on
a 1–5 Likert scale. We view these as auxiliary diagnostics
rather than headline metrics.

6. Results
Table 2 reports the quantitative results across all scoring
regimes; Table 3 reports the qualitative axes; Table 4 reports
the per-item difficulty distribution on the Good-rated subset.

Three principal findings: (1) Partial criticism is com-
mon; full review is rare. Raw recall is meaningfully above
zero for all models, which is desirable for a benchmark
intended to measure a useful capability rather than impos-
sible puzzle-solving. At the same time, exact-set match
under the 0-FP gate is 0% for every model, and standard
Perfect Recovery is 6% for the best model and 0% for the
others. This is consistent with Son et al. (2025), who find
that no frontier model reliably catches all material errors in
a scientific document.

(2) Rankings invert under false-positive penalization.
GPT-5.4 leads on every uncorrected metric, but once
misidentifications disqualify a run, Gemini 3.1 Pro becomes
the strongest system: its AR drops only 12 percentage points
(from 57% to 45%), compared with GPT-5.4’s collapse of
52 points (62% to 10%). The gap reflects a qualitative be-
havioral difference: GPT-5.4 tends to flag more candidate
errors, which increases recall when false positives are free
but collapses under even a modest precision requirement.
We frame this as the central diagnostic finding: the FP-
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Table 4. Per-item difficulty distribution on the Good-rated sub-
set. Each row gives the number of items containing the indicated
number of challenging or baseline errors.

Errors per item

Class 0 1 2 4 5

Challenging 5 4 3 — —
Baseline 1 5 4 1 1

penalized metric is the one that better tracks selectivity, and
selectivity, in turn, is the behavioral signature most aligned
with the compositional re-derivation strategy of Section 3.

(3) Per-item difficulty is non-degenerate. Table 4 shows
that most items contain at least one challenging error and
most contain at least one baseline error, validating that the
calibration produces diverse per-item gen/mem signatures
rather than uniformly easy or uniformly hard items. Notably,
difficulty estimated during limited single-shot author-side
pre-screening can shift under broader repeated evaluation:
some errors classified as “challenging” during single-shot
authoring were found by at least one model across multiple
independent runs. This argues for calibrating final difficulty
labels against multi-sample evaluation rather than relying
only on one-shot checks during construction.

7. Diagnostic Analysis: What the Errors
Reveal

We highlight three representative error types, each con-
structed under the exclusion protocol of Section 4; each
requires multi-step re-derivation to detect.

Stereochemistry: face assignment composed with abso-
lute configuration. A passage on enantioselective syn-
thesis of β-amino acids (precursors for bioactive peptides)
describes a catalyst–substrate interaction and reports the
resulting absolute configuration. The passage contains two
errors: it places the catalyst on the endo face of a bicyclic
substrate (the correct face is exo) and reports the product
as the (1S, 6R) enantiomer (the correct stereochemistry
is (1R, 6S)). The two errors point the same “wrong” di-
rection, so the passage remains internally consistent. A
coherence-checking strategy returns no signal; detection
requires re-deriving the three-dimensional geometry of the
reaction and applying CIP priority rules to the product, then
composing the two steps to identify the inconsistency. We
frame this as a probe of compositional re-derivation, not as
a memorization test.

Neuroscience: group-to-individual scope shift. A neu-
roimaging study on brain plasticity in patients with painful
diabetic peripheral neuropathy reports a group-level associ-
ation in its Results, then asserts in a “Clinical Implications”

subsection that the findings can be deployed as validated
individual diagnostic tools. The error preserves all sur-
face coherence, because grant-style “Clinical Implications”
prose is grammatically and rhetorically primed to make ex-
actly such forward-looking claims; the group-to-individual
inferential leap is a long-standing methodological hazard
(Poldrack et al., 2017). Detection requires going against the
conditional distribution of the surrounding genre.

Mathematical physics: extrapolating to extremality. A
passage on black-hole dynamics asserts that Price’s law
of late-time decay extends to the full Reissner–Nordström
family. The claim silently fails at extremality, where van-
ishing surface gravity removes the red-shift effect that sta-
bilises perturbations in the sub-extremal regime; in this
regime, transverse derivatives of a linear scalar field fail
to decay along the horizon—the Aretakis instability (Are-
takis, 2015). Adjacent prose remains coherent because the
algebraic manipulation is performed correctly given the (in-
correct) extrapolation. Detection requires tracking surface
gravity through the limit and identifying that a fundamental
parameter goes to zero.

Across these cases, a pattern emerges: frontier models fail
most consistently on errors that require (a) tracking a latent
physical or mathematical parameter through a chain of rea-
soning, (b) distinguishing levels of analysis, or (c) noticing
when plausible-sounding domain rhetoric is logically discon-
nected from the evidence. We emphasise that calling these
tasks “compositional re-derivation tasks” is a description of
the construction protocol, not a claim that any specific model
failure on any specific item is caused by memorization. The
correct empirical claim is that the aggregate behaviour of
models on this class of tasks differentiates strategies that
pay attention to the local-prose conditional distribution from
strategies that re-derive from local content.

8. Discussion
The empirical inversion of model rankings between unpenal-
ized AR and 0-FP-gated AR (Table 2) is the key diagnostic
result. It shows that “ability to flag scientific errors” is not a
single scalar capability and more importantly, that the rank-
ing under the more selectivity-sensitive metric is the one
that better tracks the kind of careful, re-derivation-grounded
behaviour expected from a non-template-driven reviewer.

We resist the strong claim that this inversion proves GPT-5.4
is “more memorizing” or Gemini 3.1 Pro is “more gen-
eralizing.” A cleaner statement is as follows: under the
construction protocol of Section 4, the FP-penalized metric
is a more demanding measure of re-derivation-grounded
behaviour, because indiscriminate flagging is heavily penal-
ized, and the model that wins under that metric is the one
whose flags align more closely with the gold compositional
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errors.

The wider implication for foundations of deep generative
models is that benchmark design strongly couples with the
capabilities one is measuring. Single-metric leaderboards
conflate strategies that should be distinguished. SCIRE-
VIEW’s two-axis scoring (recall × FP treatment) is one
concrete instance of a more general design principle: a
benchmark intended to probe the gen/mem boundary should
report metrics whose ranking can dissociate strategies, not
just metrics whose magnitudes track aggregate performance.

9. Conclusion
SCIREVIEW is a diagnostic benchmark designed to dissoci-
ate template-pattern matching from compositional scientific
reasoning in large autoregressive generative models. Its con-
struction protocol: expert authorship, exclusion of trivial-
lookup and definition-rewrite errors, locally-plausible-but-
globally-wrong error injection, adversarial difficulty calibra-
tion concentrates the evaluation on cases where composi-
tional re-derivation against the local conditional distribution
of expert-genre prose is required. Across three frontier
models, model rankings invert sharply between unpenalized
recall and 0-FP-gated recall (GPT-5.4 62%→10%; Gem-
ini 3.1 Pro 57%→45%; Claude Opus 4.6 46%→24%), re-
vealing that high recall is consistent with strategies that
the more selective metric does not reward. We frame
SCIREVIEW as one diagnostic angle on the memorization–
generalization question: specifically, the distinction be-
tween template-prose pattern matching and compositional
re-derivation, and contribute it to the broader effort, ex-
emplified by GSM-Symbolic, counterfactual benchmarks,
FrontierMath, LiveBench, and contamination-aware eval-
uation, to design benchmarks whose metric structure can
dissociate strategies rather than only rank magnitudes. We
plan on releasing this benchmark upon acceptance to make
it easier to evaluate frontier models on this axis of scientific
review capability.

Broader Impact
This paper aims to advance the foundations of deep genera-
tive models by providing a more discriminating evaluation
framework for autoregressive LLMs. Designed primarily
as a diagnostic, the benchmark is intended to sharpen the
empirical separation between memorization-aligned and
generalization-aligned behaviour. We explicitly recommend
that frontier models not be deployed as unsupervised re-
search auditors on the basis of SCIREVIEW performance
alone.
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A. Penalized-Canceling (PC) Scoring
For completeness, we report a third false-positive treatment: penalized-canceling (PC), where the count of correctly
identified errors is reduced by the number of misidentified errors, floored at zero.

Table 5. Penalized-canceling results. Higher is better. All numbers in percent.

Metric GPT-5.4 Gemini 3.1 Pro Claude Opus 4.6

AR–PC 29 51 33
PR–PC 0 0 0
MR–PC 17 52 19

The PC ranking agrees qualitatively with the PD (0-FP-gate) ranking (Gemini 3.1 Pro best, Claude Opus 4.6 worst), but the
semantics of “subtracting” one error count from another are ambiguous: a run with four correct identifications and four
misidentifications is not obviously equivalent to a run with zero of each. We therefore emphasize PD in the main text and
include PC for readers interested in rank-stability.

Tolerance variant. One additional variant we considered was allowing up to two misidentified errors before penalization.
This was not adopted because it conflates error-identification quality with writing-quality feedback: model-flagged “errors”
that are not expert-listed may still surface genuine ambiguities in the author’s writing. We plan to address writing-quality
feedback as a separate benchmark axis.

B. Full Example: Mathematical Physics
Passage excerpt. “Let us now turn the charge on and consider the full Reissner–Nordström (RN) family which admits a
black hole (we take Q > 0 and a = 0). To further simplify the discussion, we will consider from now onwards that the
initial data on N1 are in fact compactly supported (and hence trivially conformal). Aretakis and collaborators rigorously
showed in 2016 that Price’s law extends to these spacetimes.”

Expert-annotated error. The statement that Price’s law applies to the full RN family is wrong because this family
contains the extremal case (|Q| = M , surface gravity κ = 0), for which the decay behaviour along the event horizon differs
qualitatively. Price’s law in the form stated applies to sub-extremal RN; in the extremal case, transverse derivatives of a
linear scalar field fail to decay along the horizon (the Aretakis instability; see Aretakis (2015)).

Why the error is subtle. In the sub-extremal regime, positive surface gravity produces a red-shift effect at the horizon that
stabilises perturbations. A reader who does not track the surface-gravity parameter through the phrase “full RN family” can
miss that the claim extrapolates sub-extremal intuition into the extremal regime, where the stabilising mechanism disappears.

C. Full Example: Chemistry
Passage context. The passage discusses synthetic methods for accessing enantiomerically enriched β-amino acids used in
bioactive peptide synthesis, where metabolic stability, potency, and safety profiles are highly enantiomer-selective.

Errors.

1. “. . . catalyst resided on the endo face of the bicyclic substrate, despite the cyclohexane portion being oriented toward
the sterically cumbersome carbocyclic portion of the succinimide.” Correct: the catalyst resides on the exo face.

2. “. . . delivering methyl (1S,6R)-6-((methoxycarbonyl)amino)cyclohex-3-ene-1-carboxylate.” Correct: the product is
the (1R, 6S) enantiomer.

Why the errors are subtle. The face assignment and the absolute configuration together determine the enantiomer of the
final product; both errors point the same “wrong” direction, so the passage remains internally consistent and the downstream
chemistry description is self-coherent. Catching this requires tracking the three-dimensional geometry of the reaction and
re-deriving stereochemical labels rather than reading them as asserted.
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D. Full Example: Neuroscience
Passage context. A study on brain plasticity in patients with painful diabetic peripheral neuropathy (PDN) reports
group-level neuroimaging differences between PDN patients and controls.

Error. “These findings highlight the importance of deploying neuroimaging biomarkers as validated individual diagnostic
tools in PDN diagnosis and monitoring.”

Why the error is subtle. The phrase appears in a “Clinical Implications” subsection, where speculative, forward-looking
claims are grammatically and stylistically expected. In grant applications, abstracts, and promotional writing, such claims
are common and often tolerated; models pretrained on this genre may be biased to read them as part of the normal register
rather than as logical overreach. The group-to-individual inferential leap is a long-standing methodological hazard in
neuroimaging (Poldrack et al., 2017) with direct patient-safety consequences if accepted at face value.
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