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Abstract

Question answering (QA) systems should re-
main stable across meaning-preserving vari-
ations of the same problem. Earlier robust-
ness work showed brittleness to local lexical
perturbations, such as synonym replacement,
word swaps, insertions, and deletions. Revis-
iting this robustness axis for LLMs, we find
that high-performing models are now compar-
atively stable to such edits. However, this
stability does not extend to discourse-level
rewrites: answer-preserving transformations
that alter a question’s structure and presenta-
tion while preserving its intent and gold answer.
Across reasoning-focused QA benchmarks,
these rewrites induce substantially larger per-
formance drops than local perturbations. They
also change how models fail: using a compact
failure taxonomy and Total Variation distance,
we show that discourse-level rewrites systemat-
ically redistribute error types, revealing distinct
failure regimes. Our results suggest that lo-
cal lexical perturbations remain useful, while
discourse-level rewrites provide a complemen-
tary and stronger diagnostic signal for evaluat-
ing reasoning stability in QA LLMs!.

1 Introduction

Robust question answering (QA) systems should
remain stable across meaning-preserving variations
of the same problem. Much of the robustness liter-
ature has tested this requirement through local lex-
ical perturbations, such as synonym replacement,
token insertion, word swaps, and deletions, as pop-
ularized by EDA (Wei and Zou, 2019). Robustness
and adversarial-augmentation toolkits similarly op-
erationalize meaning preservation through token-
level noise and localized edits (Wei and Zou, 2019;
Morris et al., 2020; Wang et al., 2021). These
perturbations exposed brittleness in earlier NLP
systems , but our experiments suggest that DLRs
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provide a complementary and stronger diagnostic
signal: local edits typically leave both accuracy and
failure profiles close to the original baseline.

We identify a different robustness axis:
discourse-level brittleness. Unlike local perturba-
tions, which test tolerance to isolated token or span
changes, discourse-level rewrites test whether a
model preserves the same reasoning when a prob-
lem’s semantic constraints are reorganized, simpli-
fied, made more complex, embedded in a benign
context, or presented in a different clause order.
These rewrites alter how the question is structured
and presented while preserving its intent and gold
answer. They also correspond to naturally occur-
ring reformulations in conversational QA-style data
(Appendix M), making them a relevant robustness
test rather than merely a synthetic stress test.

We evaluate this robustness axis by contrast-
ing local lexical perturbations with discourse-level
rewrites (DLRs): answer-preserving question-level
transformations generated along interpretable axes
while keeping the task, semantic constraints, and
gold answer fixed (see Appendix Table 3 for ex-
amples). To reduce artifacts from automatic gen-
eration, we treat rewrites as candidates rather than
ground truth, and validate semantic consistency
and label invariance before evaluation; Appendix G
reports audit statistics and filtering rates, and Ap-
pendix J discusses residual LLM-as-judge circular-
ity risks. Across multiple reasoning-focused QA
benchmarks and widely used LLMs, we observe
a consistent pattern: relative to local lexical per-
turbations, discourse-level rewrites induce larger
performance drops and measurable differences in
the types of errors models make. Importantly, this
does not imply that local edits are uninformative;
rather, they test a complementary dimension of
robustness.

Beyond accuracy, we ask how models fail, not
just how often. We annotate incorrect outputs
with a compact taxonomy of five reasoning fail-
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ures: Heuristic Short-Circuiting, Premise Rejec-
tion, Hyper-Granularity Trap, Multi-step Reason-
ing Collapse, and Numerical Calculation Error
(see Section 6.1 for formal definitions). We then
quantify rewrite sensitivity by measuring how
the failure-mode distribution shifts from the base-
line using Total Variation distance. We find that
discourse-level rewrites do not merely increase
error rates; they systematically redistribute error
types, revealing distinct failure regimes.

The contributions of this work are fourfold:
(1) We identify discourse-level brittleness as a
distinct robustness axis for QA LLMs, showing
that local lexical perturbations remain useful,
while discourse-level rewrites provide a comple-
mentary and stronger diagnostic signal and induce
larger performance drops. (2) We introduce a con-
trolled evaluation framework for answer-preserving
discourse-level rewrites, enabling direct compar-
ison with local perturbations under fixed seman-
tics and validated label invariance. (3) We go
beyond aggregate accuracy by analyzing failure
modes and using Total Variation distance to quan-
tify how rewrites redistribute model errors. (4) We
include an initial mitigation study showing that
fine-tuning on discourse-level rewrites improves
LLM robustness.

2 Related Work

Prior work has studied robustness to local textual
perturbations, such as synonym replacement, inser-
tion, deletion, word swaps, and adversarial edits
(Wei and Zou, 2019; Morris et al., 2020; Wang
et al., 2021). These methods exposed brittleness in
earlier NLP systems and remain useful baselines,
but they primarily test tolerance to token or short-
span noise. Our results suggest that DLRs are
additionally diagnostic for QA-focused LLMs: lo-
cal edits typically keep accuracy and failure profiles
closer to the original baseline than DLRs.

A related line of work studies prompt sensitivity,
showing that LLM behavior can vary under differ-
ent instructions, templates, formatting choices, or
semantically similar prompt variants (Sclar et al.,
2024; Mizrahi et al., 2024; Chatterjee et al., 2024;
Cao et al., 2024; Zhu et al., 2024). Our setting
differs in the object of variation: we keep the task
instruction, answer space, and evaluation protocol
fixed, and rewrite the QA instance itself.

Closest to our setting are studies of irrelevant
or distracting context in QA and mathematical

reasoning, including adversarial distractors and
irrelevant-context benchmarks such as GSM-IC
and GSM-DC (Jia and Liang, 2017; Shi et al., 2023;
Yang et al., 2025). These works show that irrele-
vant information can degrade performance. We
study a broader family of answer-preserving DLRs,
where irrelevant information is just one case along-
side simplification, increased linguistic complexity,
question reordering, and clause movement.

Recent neighboring work develops answer-
preserving robustness tests for different transfor-
mation regimes. MathRobust-LV (Kirtane et al.,
2025) studies linguistic variations in mathematical
reasoning, such as changes to names, contexts, and
variables while preserving the numerical structure.
LogiQAte (Borah et al., 2026) focuses on logic-
preserving obfuscations for controlled reasoning
tasks, and MaSTer (Hou et al., 2026) provides an
automated framework for generating robustness
variants of mathematical problems. In contrast, our
work targets discourse-level rewrites for QA more
broadly, across multiple benchmark and model fam-
ilies, and explicitly compares these rewrites against
local perturbations under semantic-equivalence val-
idation.

Thus, while prior work establishes brittleness to
local perturbations, prompt variation, and irrele-
vant context, we study a broader family of answer-
preserving DLRs and analyze both accuracy degra-
dation and failure-mode redistribution.

3 Discourse-Level Rewrite Families

To probe robustness beyond token-level noise,
we study DLRs: semantics-preserving question
rewrites that alter style, readability, benign con-
text, or discourse structure while keeping the intent
and correct answer fixed. For each original ques-
tion, an LLM rewrites only the surface form while
preserving all semantic conditions and required rea-
soning. We generate one variant per example for
five DLR families: Add Irrelevant Information,
which adds benign distracting details; Language
Harder, which increases linguistic complexity or
formality; Language Simpler, which uses simpler
vocabulary; Question Reordering, which changes
the order of question components; and Clause Re-
versal, which moves subordinate clauses while pre-
serving semantic relations. These families define
a controlled taxonomy for discourse-level rewrites
in QA settings, where the semantic target is well
specified and answer preservation can be validated.
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They are a starting point that can be adapted to
other task families, rather than a task-agnostic ex-
haustive taxonomy.

We generate DLRs using OpenAl o4-mini. To
minimize semantic drift, we use: (1) prompt con-
straints requiring preservation of intent, constraints,
and correct answer; (2) a GPT-40-mini equivalence
screening for each (original, rewrite) pair,
with non-equivalent pairs routed to human correc-
tion; and (3) a human audit of judge reliability and
generator adherence. Details and examples are pro-
vided in Appendices C and G. For implementation
details and model selection please see Appendix F.

4 Experimental Setup

4.1 Datasets

We evaluate on five reasoning-focused QA bench-
marks: ARC-C (Clark et al., 2018), BIG-
MATH (Albalak et al., 2025), DROP (Dua et al.,
2019), GPQA (Rein et al., 2024), and MMLU-
PRO (Wang et al., 2024). Together, they span sci-
ence, mathematics, discrete reasoning, expert-level
QA, and multitask reasoning, with both multiple-
choice and open-ended formats. Dataset statistics
are provided in Appendix D. All datasets are aug-
mented with both DLRs and local techniques using
the same filtering procedure described in Section 3.

4.2 Models

We evaluate six contemporary LLMs: Llama-3.3-
70B, DeepSeek-R1, Kimi-K?2 Thinking, Phi-4,
GPT-5, and the more recent GPT-5.2. We selected
them as high-performing, general-purpose systems
that span key design axes: open vs. closed access,
model scale, and different instruction-tuning and
reasoning paradigms, including deliberation-style
models. This set is intended as a representative, not
exhaustive, sample of contemporary QA-capable
LLMs; all models are evaluated using their default
configurations. The original model set reflects the
systems available when the paper was written; GPT-
5.2 was added when it became available.

4.3 Evaluation Protocol

We benchmark DLR against local perturbation
baselines: EDA (Wei and Zou, 2019), and back-
translation (Sennrich et al., 2016), which serves as
a general rewrite baseline. All models use Chain-of-
Thought (Wei and et al., 2022) , producing a brief
reasoning trace followed by a final answer (App E);
scoring uses only the final answer. We first apply

Exact Match after deterministic answer extraction,
and use an auxiliary LLM judge only when strict
matching fails. Implementation details and valida-
tion are provided in Appendix I.

5 Main Results

Table 1 reports accuracy for six contemporary
LLM:s on five reasoning-focused QA benchmarks
under three input conditions: the original ques-
tions (Baseline), local perturbations (Local), and
our discourse-level, semantics-preserving rewrites.
The main pattern is consistent across models and
datasets: DLRs cause substantially larger accuracy
drops than local perturbations. A paired, one-sided
permutation (sign-flip) test on per-example correct-
ness confirms this effect is statistically significant
(overall< 107%).

The DLR-local performance gap cannot be ex-
plained solely by overfitting to the benchmarks’
exact wording. Answer-preserving local pertur-
bations should also disrupt memorized wording,
yet they produce substantially smaller accuracy
drops. This suggests that the larger degradation
under DLRs reflects additional brittleness to dis-
course organization and information presentation.

Moreover, the DLR-over-local degradation pat-
tern is consistent across all evaluated models. In
a separate rewrite-generator ablation, the same
pattern also holds for GPT-5 and Phi-4 when
the rewrites are generated by a different rewrite
generator, suggesting that the observed effect is
not specific to the original rewrite generator (Ap-
pendix F.2).

6 The Nature of Reasoning Shifts

We show that DLRs reduce accuracy, and we next
study how models fail. We conduct an LLM-
assisted error analysis (See Appendix H for the
rigorous human in the loop validation) and find
that DLRs do not merely add noise; they system-
atically shift the distribution of reasoning failures.
We focus on GPT-5, the most used model in our
pool, and we duplicate the analysis for Phi-4 and
Kimi-K2-Thinking to test whether the same qualita-
tive DLR vs. local contrast holds across additional
models (Appendix K). Unless stated otherwise, the
model-specific patterns and deltas reported below
refer to GPT-5.
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Model Model # Param. Augmentation ARC-C Big-Math-RL DROP GPQA MMLU-Pro
70B Baseline 97.18 £0.18 82.50 £ 0.30 90.12£0.22 5048 £0.60 68.99 £ 0.42

Llama-3.3-70B Local 9592 +£020 79.11 £0.32 8642+ 026 47.88£0.62 68.35+£ 042
DLR 92.63 +0.24 76.51 + 0.34 82.03 £ 0.30 43.10 £ 0.65 62.11 £ 0.48

671B Baseline 8491 £0.25 68.2540.39 93.55+0.18 71.38+0.34 85.71+0.24

DeepSeek-R1 Local 83.31 £0.26 68.54 +0.39 8641 +0.22 69.99 +0.35 84.52+0.25
DLR 77.09 £ 0.30 63.67 £ 0.41 79.82£029 64.26 £0.38 77.00 £ 0.30

1T+ Baseline 86.09 £0.24 8500+ 0.26 9320+£0.18 7524 +£0.32 86.46 + 0.42

Kimi-K2-Thinking Local 84.15+£0.25 81.624+0.28 88.00£0.21 7225+0.34 8524042
DLR 81.83 £ 0.27 80.72 +0.29 80.74 029 65.57 £ 0.37 83.91 £ 0.48

14B Baseline 96.28 £ 0.60 81.15+0.80 75.61 £0.95 54.15+1.23 69.18 £1.00

Phi-4 Local 94.84 +£0.73 80.54 +£0.83 73.98 £0.98 50.89 £ 1.23 68.84 £ 1.00
DLR 92.54 +0.80 77.66 +0.90 62.67 = 1.20 47.56 £ 1.16 66.18 £+ 1.03

Baseline 97.00 £ 0.11 86.10 +0.23 91.94 +£0.25 8746+ 025 8642+0.23

GPT-5 Undisclosed Local 96.02 £0.13 8420+ 0.24 89.19 £0.28 84.72£ 027 85.86=£0.23
DLR 92.26 £0.17 76.78 £ 0.28 82.58 £ 0.34 79.99 £ 0.30 82.06 £ 0.25

Baseline 97.40 £0.10 88.30+0.21 93.54 £0.22 88.96 £ 024 87.82+£0.22

GPT-5.2 Undisclosed Local 96.68 +0.12 86.85 +0.23 91.29 £0.26 86.76 £0.26 87.34 £0.22
DLR 93.65 + 0.15 80.60 + 0.27 85.64 = 0.32 82.66 = 0.29 84.12 £ 0.24

Table 1: Accuracy (%) under Baseline, Local, and DLR inputs; larger DLR drops indicate discourse-level brittleness. Values
are reported with 95% Wilson confidence intervals computed over evaluation examples.

6.1 Error Taxonomy

We label incorrect outputs using a compact,
behavior-based taxonomy that identifies where rea-
soning fails. Heuristic Short-Circuiting denotes
reliance on surface cues or familiar templates in-
stead of the stated constraints (e.g., computing a
rote mean while ignoring exclusions). Premise Re-
jection covers cases where the model dismisses
or alters the given setup and solves a different
problem. Hyper-Granularity Trap refers to over-
attention to minor or irrelevant details that derail
the intended solution. Multi-step Reasoning Col-
lapse occurs when a multi-step solution begins
correctly but breaks down mid-way due to miss-
ing steps, contradictions, or derailments. Numeri-
cal Calculation Error captures purely operational
arithmetic or unit mistakes despite a correct plan.
Other / Misc is a residual category rather than a co-
herent failure mechanism, it captures absent, inco-
herent, or truncated reasoning, unsupported answer
selection, compound failures without a uniquely
identifiable primary cause, and rare idiosyncratic
eITors.

6.2 Behavioral Shifts and Failure Regimes

To quantify how much an augmentation changes
how a model fails, we represent the error profile as
a probability vector over categories and compute
the Total Variation (TV) distance to the baseline:

1
TV(PbaSS7 Paug) = 5 Z'Pbase(c) - Pﬂ“g(c)|
ceC

where C is the set of error categories. Intuitively,

TV measures the minimum probability mass that
must be “shifted” to transform the baseline error
distribution into the augmented one. Higher TV
therefore reflects a regime shift in failure behavior.
The full table and per-augmentation breakdowns
are reported in Appendix K.

Local perturbations induce comparatively mod-
est shifts in the error profile, largely reallocat-
ing mass toward Heuristic Short-Circuiting with
smaller and less structured changes to other cat-
egories as can be seen in Table 10. In contrast,
DLRs yield larger and more category-concentrated
shifts. For GPT-5, several discourse-level rewrites
exceed 20 TV points (e.g., Language Simpler), and
different transformation families reliably activate
distinct failure regimes: structural rewrites (ques-
tion reordering, clause reversal) sharply increase
Multi-step Reasoning Collapse, while style changes
and benign context injection more often amplify
Heuristic Short-Circuiting or Premise Rejection.

These distribution shifts correspond to inter-
pretable model-specific patterns (see Appendix K).
Simplification increases short-cutting (A+15.9%)
and also raises Multi-step Reasoning Collapse
(A+5.8%), consistent with effort miscalibration
under “easy-looking” phrasing. Structural rewrites
disrupt planning, producing pronounced spikes in
Multi-step Reasoning Collapse (Question Reorder:
A+13.5%; Subordination Reversal: A+412.4%)
alongside increases in Premise Rejection and/or
Hyper-Granularity. Adding irrelevant but be-
nign context increases Heuristic Short-Circuiting
(A+13.2%) while reducing Multi-step Reasoning
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Model Data Base-DLR Raw SFT DLR SFT

LLaMA-3.3-70B  Big-Math 76.51£0.34 82.30+0.28 84.20+£0.29

DROP 82.03£0.30 90.02+0.25 93.12+0.29
DeepSeek-V2-Lite Big-Math 48.940.70 53.6+£0.60 55.2+0.63
DROP 42.0+£1.00 49.14+1.22 51.0£1.30
Phi-4 Big-Math 77.66+0.90 82.15+0.79 83.85+0.78
DROP 62.67+1.20 74.61+1.02 76.21+1.11
GPT-4.1-mini Big-Math  62.2+£0.60 69.0£0.55 71.2+0.56
DROP 75.0£0.40 85.8£0.94 87.2+0.97

Table 2: Accuracy (%) under DLR inputs with fine tuning.

Collapse (A—11.0%), suggesting a shift from de-
railment to premature, pattern-driven answering.
Finally, harder language primarily elevates Premise
Rejection (A+4.9%) with little change in Multi-
step Reasoning Collapse (A+0.3%). Overall,
DLRs don’t merely scale error rates; they change
which failure mode dominates, indicating sensitiv-
ity to discourse-level presentation cues.

6.3 Mitigating Discourse-Level Brittleness

To test whether DLR brittleness can be reduced,
we fine-tune available models on original train-
ing examples augmented with DLR variants. We
compare three settings: Base-DLR, the unmodi-
fied model evaluated on DLR inputs; Raw SFT,
supervised fine-tuning on original training exam-
ples only; and DLR SFT, supervised fine-tuning
on original examples plus their DLR variants. As
shown in Table 2, DLR SFT improves over Raw
SFT across all model—dataset pairs. These results
suggest that fine tuning on targeted DLR augmenta-
tions is a promising mitigation for discourse-level
brittleness, although broader mitigation strategies
remain future work. Detailed training specifica-
tions, data splits, and adversarial fine-tuning results
are provided in Appendix P and Appendix Q.

7 Conclusions

We show that QA LLMs are comparatively sta-
ble to local lexical perturbations but remain brit-
tle to answer-preserving discourse-level rewrites.
Across reasoning benchmarks and widely used
LLMs, DLRs induce larger performance drops
and systematically redistribute failure modes, es-
pecially under structural rewrites such as reorder-
ing and clause movement. These findings sug-
gest that robust QA evaluation should include con-
trolled discourse-level rewrites alongside canoni-
cal prompts and token-level noise. Future work
should broaden rewrite families, strengthen seman-
tic validation, and develop more robust mitigation

methods for discourse-level brittleness.

8 Limitations

Scope of augmentations. Our DLR fami-
lies cover common, interpretable rewrite axes
(style/readability, benign context injection, and dis-
course structure), but they do not span all real-
world variations (e.g., heavy paraphrase, cross-
lingual or code-mixed rewrites, and typos). Thus,
our conclusions apply to these controlled families
rather than to all naturally occurring phrasing.

Model and task coverage. We study a repre-
sentative set of QA-oriented LLMs and reasoning
benchmarks, but results may differ in other settings
(e.g., retrieval-augmented QA, tool-using agents,
long-context tasks, or domain-specific QA). This
focus is by design: controlled QA benchmarks iso-
late discourse-level rewrite effects without intro-
ducing additional confounds from retrieval quality,
tool selection, or multi-step agent behavior. Ex-
tending discourse-level rewrite evaluation to RAG
and agentic tool-use is a direction for future work.

Model-assisted validation. Our rewrite genera-
tion and semantic-equivalence filtering use LLM-
based components to support large-scale evaluation.
Although we reduce circularity through determinis-
tic judging, manual audits, and human inspection
of accepted examples, residual judge bias remains
a potential risk. This approach should be used with
strict human-in-the-loop validation (we discuss our
process thoroughly in Appendix H), particularly
when extending DLR to new domains, datasets, or
rewrite families. Appendix J discusses this risk in
detail.
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B Discourse-Level Rewrite Examples

Aug. Type Augmented Question

Original Input  How do plants grow in dense forests if
sunlight is limited?

Add Irrelevant How do plants, which provide oxygen

Info (II) to the atmosphere, grow in dense forests
if sunlight is limited?

Language By what mechanism does vegetation

Harder (LH) sustain development within canopy-

covered biomes provided that solar ra-
diation is restricted?

Language Sim-
pler (LS)

How do plants get big in thick woods
when there isn’t much sun?

Question Re-
ordering (QR)

In dense forests, how do plants grow if
sunlight is limited?

(Fronting Modifier)
Clause Re- If sunlight is limited, how do plants
versal  (CR)  grow in dense forests?

(Fronting the Logic)

Table 3: Illustrative example generated using DLR

C Augmentation Errors and Manual
Filtering

To validate the automated semantic equivalence
screen, we conducted a manual audit of over 150
canonical-rewrite pairs that were labeled equiva-
lent by GPT-40-mini. The humans were instructed
by the same prompt as the LLM. Each pair was
independently annotated by two human annotators
following a shared equivalence guideline. We re-
port inter-annotator agreement using Cohen’s
(0.789) and raw accuracy (99.3%), indicating high
reliability of the automated equivalence judgments
on accepted cases.

While the vast majority of generated DLRs pre-
serve the original question’s semantics, a small frac-
tion of rewrites were found to violate our invariance
assumptions and were therefore either rerouted for
modification or excluded. These cases constitute a
negligible portion of the dataset and were identified
through a combination of automated screening and
manual inspection.

We observe three recurring failure modes:

* Answer Injection (66%): the rewriting
model answers the question instead of produc-
ing a paraphrase, effectively collapsing the
task into a solved statement.

* Null Rewrite (23%): the output reproduces
the original question verbatim or with only
superficial formatting changes, failing to in-
troduce a meaningful DLR.

e Context Loss (11%): essential constraints
or background information from the original
question are removed or altered, rendering the
rewritten question ambiguous or unanswer-
able.

All such cases were discarded prior to evalua-
tion.

D Dataset

We report our results over 110K samples from the
collection of domains we define in section 4.1. The
composition of this dataset is as follows: We ran-
domly collect 5K samples from each of our dataset
collection. GPQA includes only ~ 1.2K samples,
and for this dataset we evaluate all available in-
stances without resampling. As a result, estimates
derived from GPQA exhibit wider confidence inter-
vals than those from larger datasets, reflecting its
smaller effective sample size. Overall we have
> 22K samples where each of them was aug-
mented in each of the DLR techniques, amounting
to 110K samples overall.

E Answer Inference Implementation

Prompt description. Chain-of-Thought Answer-
ing instructs the model to explicitly reason step
by step before producing a final answer. The final
answer must be presented on a separate line, in this
format ### {answer}.

# System Prompt

- You are given a question that requires

— reasoning.

- Carefully reason through the problem step by
< step before answering.

- Do not skip intermediate reasoning steps.

- Use clear and explicit logical reasoning to
— reach the solution.

- After completing the reasoning, output the
— final answer on a new line.

- The final answer must be presented in a new
— 1line in the following format: ### {answer}
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- Do not include any additional text after the
— final answer.

# Example

Question:
"There are 3 pufferfish in the market.
How many pufferfish are in the market?”

Reasoning:

The question states that there are 3

— pufferfish in the market.

No additional changes or operations are

— required.

Therefore, the total number of pufferfish is
— 3.

#H## 3

F Question Augmentation process

F.1 Model Selection

We generate the DLRs using OpenAl 04-mini, cho-
sen for its strong quality—cost tradeoff and reli-
able instruction following. To ensure that DLR
preserve the original question’s meaning and an-
swer, we apply safeguards to minimize semantic
drift: (1) explicit prompt constraints that require
preserving the question’s intent, constraints, and
correct answer; (2) an automated semantic screen
using GPT-4o0-mini as an equivalence judge for
each (original, rewrite) pair, where any pair
deemed non-equivalent is routed to human annota-
tors for correction before inclusion; and (3) a hu-
man audit that evaluates both the equivalence-judge
reliability and the DLR generator’s adherence to
meaning preservation. Details of the augmentation
and validation process, along with representative
examples of observed failures, are provided in Ap-
pendix G and Appendix C respectively.

F.2 Rewrite-Generator Ablation

To test whether the DLR-over-local degradation
pattern is an artifact of using a smaller OpenAl
rewrite model, we use the larger non-OpenAl
Kimi-K2 model to perform the rewrites under the
same validation protocol and evaluate the resulting
rewrites on GPT-5 and Phi-4. The results can be
seen in Table 4.

Across both rewrite generators, local perturba-
tions produce smaller accuracy regressions than
DLRs, showing that the DLR-over-local degrada-
tion pattern is not an artifact of using a smaller
OpenAl rewrite model.

F.3 Augmentation Prompts

Shared component. All augmentation prompts
in this work share the same base instruction.
This component enforces semantic preservation,
option consistency, and self-contained rewriting,
while delegating the actual transformation to the
augmentation-specific rules below.

# System Prompt

- You only rewrite the user's content.

- Do not answer the question or provide any
— solution.

- Rewrite the entire user input into a

— self-contained input without omitting any
— information.

- Preserve the original meaning and the

— correct answer.

- Keep all answer options (if any) present and
« in the same order.

- The output must be a full rewritten version
— of the original input and must not assume
< any prior context.

F.4 Question Reordering

Augmentation description. Question Reordering
changes the surface order of question components
while preserving semantics and the answer.

# Required Augmentation (extends Shared Base
— Prompt)

- Reorder the components of the question while
< maintaining its original meaning and
< answer.

# Example

Original:
"There are 3 pufferfish in the market.
How many pufferfish are in the market?”

Rewritten:
"How many pufferfish are in the market, given
— that there are 3 pufferfish available for
— sale?”

F.5 Clause Reversal

Augmentation description. Clause Reversal
moves subordinate clauses to different positions
while keeping identical semantics.

# Required Augmentation (extends Shared Base
— Prompt)

- Rewrite the question by moving subordinate
— clauses to different positions while
< preserving meaning.

# Example
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Model Rewrite Generator Augmentation = ARC-C  Big-Math-RL DROP GPQA MMLU-Pro
GPT-5 o04-mini Baseline 97.00 £0.11  86.10 £0.23 91.94 +0.25 87.46 £0.25 86.42 +0.23
GPT-5 o04-mini Local 96.02 +£0.13 84.20 £0.24 89.19 +0.28 84.72 +0.27 85.86 +0.23
GPT-5 o04-mini DLR 92.26 +£0.17 76.78 £0.28 82.58 +£0.34 79.99 £0.30 82.06 +0.25
GPT-5 Kimi-K2 Baseline 97.00 +£0.11  86.10 £0.23 91.94 +0.25 87.46 +£0.25 86.42 +0.23
GPT-5 Kimi-K2 Local 95.74 £0.14 84.61 £0.24 88.73 +£0.29 85.10 £0.27 85.58 +0.24
GPT-5 Kimi-K2 DLR 92.71 £0.17 7593 £0.29 83.12 +0.33 79.41 £0.30 82.44 +0.25
Phi-4  04-mini Baseline 96.28 £0.60 81.15 £0.80 75.61 £0.95 54.15 £1.23 69.18 £1.00
Phi-4  0o4-mini Local 94.84 +£0.73 80.54 £0.83 73.98 £0.98 50.89 £1.23 68.84 £1.00
Phi-4  04-mini DLR 92.54 +£0.80 77.66 £0.90 62.67 £1.20 47.56 £1.16 66.18 +1.03
Phi-4  Kimi-K2 Baseline 96.28 +£0.60 81.15 +0.80 75.61 £0.95 54.15 £1.23 69.18 £1.00
Phi-4  Kimi-K2 Local 95.12 +£0.71  80.01 £0.84 74.46 +£0.97 50.37 £1.23 69.10 £1.00
Phi-4  Kimi-K2 DLR 92.06 +£0.82 7821 £0.89 61.94 +1.20 48.11 +£1.17 66.44 £1.03

Table 4: Rewrite-generator ablation by dataset. We compare performance under rewrites generated by 0o4-mini and
Kimi-K2 using the same augmentation and evaluation protocol. Across both rewrite generators, local perturbations
produce smaller accuracy regressions than discourse-level rewrites. Confidence intervals are 95% Wilson intervals.

Original:

"There are 3 pufferfish in the market because
— the vendor restocked this morning.

How many pufferfish are in the market?”

Rewritten:

"Because the vendor restocked this morning,
< there are 3 pufferfish in the market.
How many pufferfish are in the market?”

F.6 Language Simpler

Augmentation description. Language Simpler
rewrites the input using simpler, more accessible
language while preserving meaning and answer.

# Required Augmentation (extends Shared Base
— Prompt)

- Rewrite the question using simpler
— vocabulary and clearer phrasing while
— preserving meaning.

# Example

Original:
"There are 3 pufferfish in the market.
How many pufferfish are in the market?”

Rewritten:
"There are 3 pufferfish at the market.
How many pufferfish are there?”

F.7 Language Harder

Augmentation description. Language Harder
rewrites the question using more complex or for-
mal phrasing. If a modified word appears in the
answer options, it must be updated consistently.

# Required Augmentation (extends Shared Base
< Prompt)

- Rewrite the question using more complex and
— formal language while preserving meaning.

# Example

Original:
"There are 3 pufferfish in the market.
How many pufferfish are in the market?”

Rewritten:

"Within the confines of the marketplace, there
< exist three individual specimens of

— pufferfish.

What is the total number of pufferfish present
— in this market environment?”

F.8 Add Irrelevant Information

Augmentation description. Add Irrelevant Infor-
mation injects unrelated or esoteric details that do
not affect the solution path.

# Required Augmentation (extends Shared Base
— Prompt)

- Add unrelated or descriptive details that
< increase length but do not affect the
< answer.

# Example

Original:
"There are 3 pufferfish in the market.
How many pufferfish are in the market?”

Rewritten:

"In a seaside market filled with the sound of
< waves and colorful coral decorations,
there are 3 pufferfish available for sale.
How many pufferfish are in the market?”

F.9 Backward Translation (via German)

Augmentation description. Backward Translation
paraphrases a question by translating it into an in-
termediate language and then translating it back
to English, while preserving the original meaning,
constraints, and correct answer. In this work, we
use German as the pivot language.

59106



# Required Augmentation (extends Shared Base
< Prompt)

- Translate the input question from English

— into German.

- Preserve all factual content, constraints,
— and numerical values.

- Do not add, remove, or infer information.

# Example

Original:
"There are 3 pufferfish in the market.
How many pufferfish are in the market?”

Translated (German):
"Es gibt 3 Kugelfische auf dem Markt.
Wie viele Kugelfische sind auf dem Markt?”

# Required Augmentation (extends Shared Base
— Prompt)

- Translate the German question back into

— English.

- Preserve the original meaning and answer.

- The output should be fluent English but may
— differ lexically from the original.

# Example

German:
"Es gibt 3 Kugelfische auf dem Markt.
Wie viele Kugelfische sind auf dem Markt?”

Rewritten (English):
"There are 3 pufferfish at the market.
How many pufferfish are there at the market?”

G Augmentation Validity

To ensure the question was not augmented beyond
preserving the initial question and its answer we
employ an LLM (GPT-40-mini) at temperature O as
a step in our quality-insurance process. Below you
can find the prompt we used as a system prompt,
which was also used as the prompt to the human
annotators.

# Task: Determine whether the augmentation
— affected the core logic or solvability of
— the question

You will compare a base question with its
augmented version and decide whether the
augmentation changes the underlying
problem or its correct answer.

NN

## Augmentation Type Applied
augmentation_tag

## Base Question
base_question

## Augmented Question
augmented_question

## Instructions
Decide if the augmentation **affected the core
— logicxx*.

Return *x*NOT affected** if the augmented

< question is still *the same problem* with
— the *same correct answer*, including:

- Meaning-preserving rephrasing or paraphrase
- Added background/context that does not

— change constraints

- Reordered information that preserves the

< same relationships and requirements

Return **IS affected*x if the augmentation
— changes the problem in a way that could
< change the correct answer or make it not
— well-defined, including:

- Added/removed/modified constraints,

< quantities, or conditions

- Altered relationships between entities or
< steps required to solve

- Introduced ambiguity, contradiction, or
— missing information that makes the

< question unclear or unsolvable

**Qutput exactly one label:** “NOT affected”
— or “IS affected”.

Augmentation Type Accuracy K

EDA Random Deletion (eda_rd) 0.94 0.884
EDA Random Insertion (eda_ri) 0.92 0.863
EDA Random Swap (eda_rs) 0.99 0.865
EDA Synonym Replacement (eda_sr) 0.99 0.844
Back Translation 0.99 0.862
Add Irrelevant Information 0.99 0.797
Question Reordering 0.99 0.797
Language Harder 0.99 0.797
Language Simpler 0.98 0.719
Clause Reversal 0.97 0.737

Table 5: Inter-annotator agreement by augmentation
type. Accuracy is reported as the average agreement
between annotators.

Dataset Accuracy K

DROP 0.97 0.738
Big-Math 0.97 0.717
GPQA 0.98 0.745
MMLU-Pro 0.99 0.853
ARC-C 0.97 0.739

Table 6: Inter-annotator agreement by dataset. Accuracy
is reported as the average agreement between annota-
tors.

H Sequential Human Audit of
LLM-as-Judge Components

Several stages of our pipeline use an LLM as a
judge to support large-scale evaluation. These in-
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Validator Comparison Agreement K

GPT-40-mini vs. Kimi-K2-Thinking 97.33%  0.824
Inter-Human annotator 2 99.33%  0.789
Kimi-K2-Thinking vs. Human consensus 96.00%  0.842

Table 7: Cross-validator and human-reference agree-
ment for semantic-equivalence validation. Agreement
denotes the percentage of original-rewrite pairs as-
signed the same binary validity label, and Cohen’s
accounts for chance agreement.

clude semantic-equivalence validation of rewrit-
ten questions, answer resolution after deterministic
extraction fails, mistake binning into failure cate-
gories, and annotation of naturally occurring DLR
patterns in conversational data. Since exhaustively
validating every LLM judgment is infeasible at the
scale of our experiments, we estimate the reliability
of each LLM-judge component using a sequential
human audit.

Audit unit. For each LLM-judge component j,
we define a population of judged items of size
N;. The audit unit depends on the component:
an original-rewrite pair for semantic equivalence,
a model response for answer resolution, an incor-
rect response for mistake binning, and a conversa-
tional user message for DLR-realism annotation.
We sample items uniformly at random from each
component, and where relevant, stratify by dataset,
augmentation family, or predicted label to avoid
masking category-specific failures.

For each audited item, we define a binary agree-
ment variable:

xU) =

7

1 agreement,
0 disagreement.

The estimated accuracy of the LLM judge for com-
ponent j is

where n; is the number of manually audited items.

Stopping rule. We use a sequential Wilson
confidence-interval audit. Human annotations are
collected in batches, and after each batch we com-
pute a Wilson 95% confidence interval for p;. Sam-
pling stops once the interval half-width is at most
€ = 0.03, meaning that the estimated judge accu-
racy is within approximately +3%.

For z = 1.96, the standard-normal critical value
for a two-sided 95% confidence interval, the Wil-
son interval is:

Clos(pj) = Cj £ hy,

where
L 2
_Pit e
Jj = 22
1—1—”7_

and

- 5:(1 — b 52
hj=——7% Bil pj)+—2.
1+7T,- n; 4nj

The stopping criterion is therefore:

hj < 0.03.

Finite-population correction. When sampling
without replacement from a finite population, the
variance can be adjusted using the finite-population
correction:

N — n.;

FPC; =,/ —2—2.
Ci N;—1

For our largest judged population, N ~ 110,000.

Even with n = 150, this gives:

110,000 — 150

FPC =
¢ 110,000 -1

~ 0.9993 ~ 1.
Thus, for our audit sizes, the uncertainty is gov-
erned primarily by the absolute number of audited
examples n;, not by the fraction n; /N;. This justi-
fies using fixed audit-size stopping criteria rather
than auditing a fixed percentage of the dataset.

Example: semantic-equivalence judge. For
semantic-equivalence validation, we audited n =
150 original-rewrite pairs. The observed agree-

ment was: 149
p = — = 0.993.
P= 150
The resulting Wilson 95% confidence interval is

approximately:
Clgs ~ [0.963,0.999],
with half-width:
h =~ 0.018.

This satisfies the stopping rule A~ < 0.03. There-
fore, the semantic-equivalence judge has an esti-
mated accuracy of 99.3%, with uncertainty below
the target 3% threshold.
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LLM- Audit unit Manual Criterion
judge audit size
compo-
nent
Semantic- Original—- n=150; h <
equivalence rewrite  pair P~ 0.99 0.03
valida- judged as
tion preserving

or changing

the  original

problem
Answer Model re- n>165; h <
resolu- sponse P~ 0.98 0.03
tion after requiring
extrac- judge-based
tion answer resolu-

tion after exact

matching fails
Mistake Incorrect n>215; h <
binning model response  p ~ 0.95 0.03

assigned to a

failure  cate-

gory
DLR re- Conversational n > 388; h <
alism an- user message p~ 0.90 0.03
notation  labeled for

DLR-style

patterns

Table 8: Human audit plan for LLM-as-judge compo-
nents. Each component is audited independently us-
ing a sequential Wilson 95% confidence interval. The
required audit size depends on the observed agree-
ment rate: higher agreement requires fewer samples
to achieve the same +3% precision. The reported n
values are the minimum sample sizes needed under the
corresponding observed agreement assumptions.

Reporting convention. For each LLM-as-judge
component, we report the observed agreement rate,
the Wilson 95% confidence interval, and the final
human audit size. Cohen’s « is reported separately
when multiple human annotators are used, since
it measures human—human annotation reliability
rather than LL.M-judge accuracy.

I Answer Check

We employ a robust method to evaluate the model’s
accuracy across a variety of formats:

Two-Stage Accuracy Evaluation. Our evalua-
tion follows a two-stage protocol to ensure robust-
ness to answer formatting while maintaining strict
correctness.

We first attempt deterministic answer extraction
by normalizing the model output (case-folding;
stripping punctuation and whitespace) and map-

ping common variants (e.g., “Option C”, “(c)”, “an-
swer: c”) to a canonical option label. If a valid
label is extracted, it is scored using Exact Match
against the gold answer.

For outputs that fail strict matching—such as
missing labels, multiple conflicting options, or
implicitly stated choices—we apply an auxiliary
LLM-based judge. The judge is given the origi-
nal question, the gold answer, the list of choices
(when applicable), and the model response, and
determines whether the response unambiguously
corresponds to a single option. If so, the inferred
label is used for scoring; otherwise, the answer is
marked incorrect.

We use GPT-40-mini as the judge with deter-
ministic decoding (temperature = 0). To validate
this step, we conduct a human audit of over 165
randomly sampled judge-resolved cases, annotated
independently by two annotators. This audit yields
Cohen’s k = 0.89 and a judge accuracy of 98%,
indicating high reliability of the judge-based reso-
lution.

For reproducibility we share the system prompt
used below:

# Task: Answer Resolution

You are given a question, the gold answer,
< optional answer choices, and a model
— response.

Do not solve the question from scratch. Decide
— only whether the model response
— unambiguously matches the gold answer.

## Question
{question}

## Answer Choices
{answer_choices}

## Gold Answer
{gold_answer}

## Model Response
{model_response}

## Instructions

Mark correct if the response clearly gives the
< same answer as the gold answer, allowing
— harmless formatting differences such as:

- "C", "(C)", "Option C", or the text of

— option C;

- equivalent wording for free-form answers;

- equivalent numerical formatting, such as

— "1000" and "1,000".

Mark incorrect if the response gives a

— different answer, multiple conflicting
— answers, no final answer, an ambiguous
< answer, a refusal, or an answer to a
— different question.
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If choices are provided, infer the selected
< option only when the response clearly
— corresponds to exactly one option.

Return ONLY valid JSON:

{
"is_correct”: true or false,
"resolved_answer”: "...",
"match_type": "exact_option” |
— "inferred_option” | "free_form" |
< "numeric” | "incorrect” | "ambiguous”
}

I.1 Discarded Quantities During DLR
Generation

We report the rejection rate for each DLR family
during the generation and filtering process. A gen-
erated augmentation was rejected if it failed the
validation criteria, e.g., if the judge determined that
the rewritten instance did not preserve the original
semantic conditions or gold answer.

DLR Family Rejection Rate (%)
Add Irrelevant Information 5.8
Language Harder 34
Language Simpler 3.1
Question Reordering 2.6

Clause Reversal 2.7
Average 3.52

Table 9: Rejection rates during DLR generation and
validation, reported overall by DLR family.

J LLM-as-Judge Circularity Risk

Because both rewrite generation and semantic vali-
dation use LLLMs, our pipeline may inherit shared
model biases: a validator may accept rewrites
that preserve the generator’s interpretation rather
than the true task semantics. We mitigate this
risk by treating generated rewrites as candidates
rather than ground truth, applying explicit equiv-
alence prompts, routing rejected or ambiguous
cases to human review, and auditing accepted pairs
with independent annotators. This does not elim-
inate circularity entirely, so the reported results
should be interpreted as robustness under vali-
dated model-assisted rewrites rather than under
fully human-authored reformulations. Direct cross-
validator comparison yields 97.33% agreement
(k = 0.824) between GPT-40-mini and Kimi-K?2-
Thinking, while Kimi-K2-Thinking agrees with
human consensus on 96.00% of pairs (x = 0.842);
full results are reported in Table 7.

K Failure Pattern Analysis

We find that Phi-4 exhibits the same qualitative
trend as GPT-5 under prompt perturbations, see
table 10. DLRs still induce larger behavioral shifts
than local EDA-based edits—but the structure of
the resulting failure redistribution differs. While
GPT-5 is representative of frontier models in ex-
hibiting prompt-dependent concentration into spe-
cific failure modes, Phi-4 responds to the same
perturbations with a more diffuse reallocation of
error mass. Kimi-K2-Thinking shows the same
qualitative contrast: DLRs induce larger shifts than
local perturbations, while the specific redistribution
across failure categories remains model-dependent.

As shown in Table 11, Phi-4’s structured er-
ror categories (e.g., Heuristic Short-Circuiting,
Multiple-Step Collapse) shift only moderately on
average, whereas the dominant effect of both lo-
cal and DLRs is a consistent increase in the resid-
ual Other-misc category (up to A+6.5% under
DLR). This pattern is also evident in the raw per-
augmentation analysis (Table 10), where individual
perturbations induce localized fluctuations with-
out triggering a systematic collapse into a single
reasoning pathology.

Importantly, Other-misc is a residual category
rather than a coherent failure mechanism. It cap-
tures cases whose observable outputs do not sup-
port reliable attribution, including absent, incoher-
ent, or truncated reasoning, unsupported answer
selection, compound failures without a uniquely
identifiable primary cause, and rare idiosyncratic
errors. Accordingly, Phi-4’s increase in Other-misc
indicates that DLRs more often produce degenerate
or unclassifiable responses, rather than consistently
activating a single reasoning pathology. Where
the output supports a specific attribution, such as
structural misparsing, hallucinated facts, or answer-
format violations, we assign the corresponding ex-
plicit category.

Table 10 includes the full decomposition to our
failure categories of the chosen representative mod-
els: Kimi-K2-Thinking, GPT-5, and Phi-4.

L. LLM Error Analysis Prompt

For reproducibility purposes and future clarity we
include the prompt used in error taxonomy analy-
sis:

## Failure Category Definitions
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Augmentation Heuristic SC | Premise Rej. | Hyper-Gran. | M.S. Collapse | Numeric Calc. | Other-misc
Kimi-K2-Thinking

Baseline 4173 (- ) 178 ( = ) | 314 ( - ) 2291 ( - ) 366 (- ) 2678 ( - )
Random Deletion 46.18 (+4.45) 3.11 (4+1.33) | 3.82 (+0.68) 20.06 (—2.85) 3.08 (—0.58) 23.75 (—3.03)
Random Insertion 49.57 (47.84) 1.22 (—0.56) | 243 (—0.71) 20.81 (—2.10) 2.84 (—0.82) 23.13 (—3.65)
Random Swap 45.08 (43.35) 294 (4+1.16) | 2.51 (—0.63) 21.14 (—1.77) 3.02 (—0.64) 2531 (—1.47)
Synonym Repl. 4781 (+6.08) | 231 (+0.53) | 2.88 (—0.26) | 20.72 (—2.19) | 337 (—=0.29) | 2291 (—3.87)
back_translation 42.66 (4+0.93) 1.92 (+0.14) 3.04 (—0.10) 22.33 (—0.58) 3.78 (40.12) 26.27 (—0.51)
Add Irrelevant Information 52.57 (+10.84) 0.72 (—1.06) 4.12 (4+0.98) 14.18 (—8.73) 1.83 (—1.83) 26.58 (—0.20)
Language Harder 47.46 (+5.73) 518 (4+3.40) | 2.24 (—0.90) 23.17 (40.26) 1.82 (—1.84) 20.13 (—6.65)
Language Simpler 5476 (4+13.03) | 0.51 (—1.27) | 4.03 (+0.89) 27.24 (+4.33) 1.53 (—2.13) 11.93 (—14.85)
Question Reordering 38.27 (—3.46) 4.61 (4+2.83) | 4.81 (+1.67) | 33.02 (4+10.11) 2.72 (—0.94) 16.57 (—10.21)
Clause Reversal 3448 (—7.25) | 1.03 (—0.75) | 473 (+1.59) | 3221 (+9.30) | 2.04 (—1.62) | 2551 (—1.27)
Phi-4 |

Baseline 3770 (- ) 262 (- ) 628 ( - ) 2723 ( - ) 681 ( - ) 1937 ( - )
Random Deletion 33.53 (—4.17) 3.07 (4+0.45) | 5.68 (—0.60) 26.75 (—0.48) 6.16 (—0.65) 24.81 (45.44)
Random Insertion 34.89 (—2.81) 3.16 (4+0.54) | 528 (—1.00) 26.24 (—0.99) 8.67 (+1.86) 21.76 (42.39)
Random Swap 33.19 (—4.51) 336 (4+0.74) | 5.22 (—1.06) 28.65 (+1.42) 4.16 (—2.65) 25.42 (+6.05)
Synonym Repl. 34.62 (—3.08) 3.07 (40.45) | 5.61 (—0.67) 26.33 (—0.90) 6.91 (40.10) 23.46 (+4.09)
back_translation 36.62 (—1.08) 298 (+0.36) | 6.02 (—0.26) 26.74 (—0.49) 7.21 (40.40) 20.43 (+1.06)
Add Irrelevant Information 31.06 (—6.64) 1.04 (—1.58) 8.70 (+2.42) 24.84 (—2.39) 642 (—0.39) 27.95 (48.58)
Language Harder 34.65 (—3.05) | 1.98 (—0.64) | 7.92 (+1.64) | 24.75 (—2.48) | 5.94 (—0.87) | 24.76 (+5.39)
Language Simpler 3232 (—5.38) 1.01 (—1.61) | 4.04 (—2.24) 32.32 (45.09) 4.04 (—2.77) 26.27 (4+6.90)
Question Reordering 41.47 (+3.77) 4.63 (+2.01) | 526 (—1.02) 15.38 (—11.85) 8.79 (+1.98) 24.47 (+5.10)
Clause Reversal 35.21 (—1.49) 048 (—2.14) | 5.26 (—1.02) 24.18 (—3.05) 6.59 (—0.22) 28.28 (+8.91)
GPT-5 |

Baseline 46.03( - ) 136 ( - ) 262( - ) 18.40( - ) 399( - ) 27.60 ( - )
Random Deletion 52.03 (+6.0) 5.66 (+4.3) 4.32 (+1.7) 14.40 (-4.0) 2.79 (-1.2) 20.80 (-6.8)
Random Insertion 59.23 (+13.2) 0.66 (-0.7) 1.32 (-1.3) 15.84 (-2.6) 1.98 (-2.0) 20.97 (-6.7)
Random Swap 52.34 (+6.3) 4.11 (+2.8) 1.32 (-1.3) 15.21 (-3.2) 2.30 (-1.7) 24.72 (-2.9)
Synonym Repl. 55.64 (+9.6) 2.83 (+1.5) 2.40 (-0.2) 15.41 (-3.0) 3.17 (-0.8) 20.55 (-7.1)
Irrelevant Info 59.26 (+13.2) 0.00 (-1.3) 3.70 (+1.1) 7.41 (-11.0) 0.00 (-4.0) 29.63 (+2.0)
Language Harder 56.25 (+10.2) 6.25 (+4.9) 0.00 (-2.6) 18.75 (+0.3) 0.00 (-4.0) 18.75 (-8.9)
Language Simpler 61.90 (+15.9) 0.00 (-1.3) 4.76 (+2.1) 24.24 (+5.8) 1.01 (-2.9) 8.09 (-19.5)
Quest. Reorder 42.11 (-3.9) 5.26 (+3.9) 5.26 (+2.6) 31.87 (+13.5) 3.30 (-0.7) 12.20 (-15.4)
Subord. Reversal 36.84 (19.2) 0.00 (-1.3) 5.27 (+2.6) 30.77 (+12.4) 1.10 (-2.9) 26.03 (-1.6)
back_translation 47.20 (+1.17) 1.55 (+0.19) 2.50 (-0.12) 17.90 (-0.50) 4.20 (+0.21) 26.65 (-0.95)

Table 10: Error distribution per augmentation tagfor Kimi-K2-Thinking, Phi-4, and GPT-5, with A relative to the
model-specific baseline.
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You are analyzing failures in a model’s The model begins with a plausible reasoning
— reasoning. — plan but fails during the multi-step
For each *xincorrect** response, assign — solution process. The failure may involve
< *%onex* category based on the reasoning — skipping an intermediate step, losing
< behavior. — track of earlier constraints, introducing
— a contradiction, misapplying a condition,
### Heuristic Short-Circuiting — or following the rewritten structure in a
The model skips reasoning and jumps directly <s way that derails the intended reasoning.
< to an answer via pattern matching or a
— template. Reasoning is extremely short or ### Numerical Calculation Error
< absent. The model follows the correct reasoning
— strategy but makes an arithmetic,
### Premise Rejection counting, unit-conversion, comparison, or
The model refuses the task by claiming the < numerical computation error. Use this
< question is impossible, ill-defined, or — category only when the plan is
— lacks information, often with pedantic < substantively correct and the main failure
— Jjustification. — 1s operational rather than conceptual.
### Hyper-Granularity Trap ### Other (reason_name)
The model over-complicates the problem using Free-text explanation for failures that do not
— dense jargon or unnecessary sub-mechanisms, — fit the above categories. Explain the
— obscuring or replacing the correct logic. — failure clearly.
##H# Multi-step Reasoning Collapse Select the category that best explains xxwhyxx
— the reasoning failed, not merely that it
— failed.
# Qualitative Failure Analysis Prompt




A tation [ Kimi-K2-Thinking Phi-4 GPT-5
° | Baseline | Local [ DLR | Baseline | Local [ DLR | Baseline | Local [ DLR

Heuristic SC 41.73 |47.16 (+5.43)|45.51 (+3.78)| 37.70 [34.06 (—3.64)|34.94 (—2.76)| 46.05 |54.81 (+8.76)|51.27 (+5.22)
Premise Rej. 1.78 | 2.40 (40.62) | 241 (4+0.63) | 2.62 |3.17 (+0.55) | 1.83 (—0.79) | 1.32 | 3.31 (4+1.99) | 2.30 (+0.98)
Hyper-Gran. 3.14 291 (—0.23) | 3.99 (+0.85) | 628 | 545 (—0.83) | 6.24 (—0.04) | 2.63 |234 (—0.29) | 3.80 (+1.17)
M. S. Collapse | 22.91 [20.68 (—2.23)[25.96 (+3.05)| 27.23 [26.99 (—0.24)|24.29 (—2.94)| 1842 |[15.21 (—3.21)|22.61 (+4.19)
Numeric Calc. | 3.66 | 3.08 (—0.58) | 1.99 (—1.67) | 6.81 6.48 (—0.33) | 6.36 (—0.45) | 3.95 |256 (—1.39)| 1.08 (—2.87)
Other-misc 26.78 |23.78 (—3.00)|20.14 (—6.64)| 19.37 |23.86 (4+4.49)|26.35 (+6.98)| 27.63 [21.76 (—5.87)|18.94 (—8.69)

Table 11: Aggregated error distribution for Local (EDA) vs. DLRacross Kimi-K2-Thinking, Phi-4, and GPT-5.

Values shown are Absolute Value (A relative to baseline).

You are performing qualitative failure
analysis of an LLM.

The error must belong to **onex* of the
< predefined categories above.

—

## Augmentation Applied
augmentation_tag

## Question
question

## Expected Baseline Response
gold_answer

## Model Response
response

Return **ONLY valid JSONx* with the following
— fields:

- “error_analysis™: A short explanation (one
concise sentence) describing what went

< wrong and why it fits this error category.
If relevant, connect the failure to the
augmentation type.

- “error_category : One of the predefined
categories above (or “Other”, in which
case specify the reason).

—

—

—

—

—

If the answer is *xcorrect*x*, return empty
strings for all fields and ~false™ for
“put_in_paper’.

—

—

M Artificiality of Discourse-Level
Rewrites

To address the concern that our DLRs may not
reflect how users naturally phrase questions, we
performed an additional realism analysis compar-
ing our DLR families against naturally occurring
reformulations in QA-style conversational datasets,
namely WildChat and Imsys-chat-1m. We anno-
tated each sample using GPT-4.1-mini for whether
it matches each DLR category. We manually val-
idated >400 randomly sampled annotations and
found the annotator to be over 90% accurate. For
reproducibility considerations we include the used
prompt as below:
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You are given a user question or
« instruction from a real conversational
— dataset.
Your task is to determine whether the message
contains any of the following
— Discourse-Level Rewrite (DLR) patterns.

—

A DLR pattern refers to a discourse-level

— property of how the question is phrased,
organized, or contextualized.

The task is multi-label: more than one
category may apply to the same message.

—
—

Classify the message using the following
— categories:
1. Irrelevant Information:

message contains extra details, background
information, examples, constraints, or
context that are not necessary for

answering the main question.

113
[0}

2. Language Harder:

The message uses more complex, formal,
technical, indirect, or syntactically
dense phrasing than necessary. This
includes long clauses, abstract wording,
or unnecessarily difficult formulation.

R

3. Language Simpler:

The message uses simplified, informal,

< underspecified, conversational, or

— compressed language. This includes short
— phrasing, casual wording, or simplified

— restatement of a more complex question.

4. Question Reordering:

The message presents information in a
non-standard order, such as giving
constraints before the main question,
placing the main request at the end, or
rearranging the usual order of problem
details.

reritd

5. Clause Reversal:

The message contains reversed or contrastive
— clause structure, such as ~“if not X, then
— Y'', ““instead of X, do Y'', ““unless X'',
< ““rather than X'', or other formulations
— where the logical relation is expressed

— through reversal, negation, or contrast.
For each category, answer true if the pattern
< 1is present and false otherwise.

Be conservative: mark a category as true only
< when the pattern is clearly present.




Return only valid JSON in the following
— format:

{
"irrelevant_information”: true/false,
"language_harder”: true/false,
"language_simpler”: true/false,
"question_reordering”: true/false,
"clause_reversal”: true/false,
"brief_rationale”: "One short sentence
— explaining the decision.”

}

Message:
[USER MESSAGE]

The resulting category frequencies seen in Ta-
ble 12 show that the DLR patterns are not purely
artificial, but occur frequently in real user-facing
conversational data:

DLR Category Fraction
Irrelevant Information 0.384
Language Harder 0.623
Language Simpler 0.257
Question Reordering 0.1685
Clause Reversal 0.2325

Table 12: Fraction of naturally occurring conversational
samples matching each DLR category.

We further evaluate whether the augmented ques-
tions introduce an artificial fluency shift by mea-
suring perplexity. Following common practice,
we compute perplexity using the Transformers li-
brary with a GPT-2 model fine-tuned via SFT on a
training split of the natural conversational datasets
mentioned earlier. We then evaluate perplexity on
both the original unaltered questions and the DLR
questions.

Perplexity is defined as:

T
1
PPL(ZL‘LT) = exp _T Zlog Pg(ibt | .Z'<t) y
t=1

where z1.7 = (x1,...,27) is the tokenized in-
put sequence of length 7', and Py(x; | z<¢) is the
probability assigned by the model with parameters
0 to token x; given its preceding context.

As seen in Table 13 the augmented questions
have perplexity comparable to the original test split.
Together with the prevalence analysis on WildChat
and Imsys-chat-1m, this suggests that our DLR
categories capture realistic reformulation patterns
observed in natural user interactions, rather than
introducing purely synthetic or unnatural artifacts.

Split PPL |
Unaltered questions (test set) 15.01 £ 2.20
DLR-augmented questions 16.06 + 1.50
PPL per DLR type

Add irrelevant information 18.5179 £ 1.005
Baseline 1547+ 1.72
Language harder 18.91 £ 1.53
Language simpler 13.43 £1.30
Question reordering 14.67 £ 1.70
Clause reversal 14.69 + 1.60

Table 13: Perplexity comparison between original ques-
tions and DLR questions. Lower is more fluent.

N Full Results

We share the full model performance on each in-
dependent augmentation type and each dataset for
further research. This can be seen in Table 14.

O Failure Mode Examples

This appendix provides concrete examples for each
failure category used in our manual error analy-
sis. For each category, we briefly summarize the
defining behavior and reference the corresponding
figure containing representative failure cases.

Multi-step Reasoning Collapse. As illustrated
in Fig. 1, Multi-step Reasoning Collapse occurs
when the model initiates a plausible reasoning tra-
jectory but degrades mid-way. Typical symptoms
include missing steps, inconsistent intermediate
conclusions, or matching the user’s simplified un-
dertone at the expense of correctness. These fail-
ures often arise under DLR that subtly change dis-
course structure, leading the model to abandon or
shortcut its original reasoning path.

Hyper-Granularity Trap. Fig. 2 shows exam-
ples of the Hyper-Granularity Trap, where the
model over-focuses on unnecessary distinctions
or introduces spurious sub-structures. Instead of
solving the intended problem directly, the model
re-segments concepts, double-counts categories, or
applies irrelevant combinatorial operations, ulti-
mately producing incorrect answers despite other-
wise valid reasoning primitives.

Premise Rejection. In Premise Rejection
(Fig. 3), the model implicitly challenges or alters
the problem setup introduced by the question.
Added contextual details trigger reinterpretations
that cause the model to discard the original
premise, reject all answer options, or solve a
different problem than the one posed.
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Model Augmentation ARC-C Big-Math-RL-Verified DROP GPQA MMLU-Pro

back_translation 80.20 66.16 82.03 66.96 84.70
eda_rd 87.85 69.23 86.64 68.20 84.25
eda_ri 78.70 69.51 87.09 72.49 85.15
eda_rs 84.82 68.61 88.00 72.49 83.80
eda_sr 85.00 69.20 88.30  69.82 84.70
DeepseekR 1 Add Irrelevant Information ~ 78.43 61.56 7778  64.71 78.50
Language Harder 68.89 61.78 69.67 62.70 74.00
Language Simpler 75.93 67.54 73.67  65.90 77.50
Question Reordering 77.59 64.55 88.00 64.53 77.00
Clause Reversal 84.62 62.94 80.00 63.44 78.00
Aggregate rows
baseline 84.91 68.25 93.55 71.38 85.71
DLR 77.09 63.67 79.82  64.26 77.00
local 83.31 68.54 86.41  69.99 84.52
back_translation 82.91 80.99 84.38  69.18 85.61
eda_rd 86.50 82.99 87.14 7290 84.98
eda_ri 83.89 79.53 90.00  72.80 84.56
eda_rs 84.57 82.60 88.38  73.08 87.16
eda_sr 82.86 82.00 90.10  73.31 83.91
KimiK2thinking Add Irrelevant Information ~ 86.21 80.43 80.88 6291 82.02
Language Harder 82.65 82.81 77.55 61.95 83.21
Language Simpler 78.21 71.83 85.00 67.79 85.53
Question Reordering 82.10 86.73 76.92  68.02 84.31
Clause Reversal 80.00 81.82 83.33  67.20 84.46
Aggregate rows
baseline 86.09 85.00 9320 75.24 86.46
DLR 81.83 80.72 80.74  65.57 83.91
local 84.15 81.62 88.00 7225 85.24
back_translation 94.18 77.70 84.33 4556 68.07
eda_rd 95.68 77.50 88.00  49.60 69.32
eda_ri 96.49 79.23 87.14  48.70 68.15
eda_rs 93.25 79.13 86.50  46.90 67.13
eda_sr 100.00 82.00 86.14  48.65 69.10
Llama3.370B Add Irrelevant Information ~ 96.00 77.14 78.57 4332 62.48
Language Harder 92.50 78.95 75.76  41.62 60.71
Language Simpler 86.11 75.51 85.71 4451 63.24
Question Reordering 90.91 82.05 80.00 43.60 62.52
Clause Reversal 97.62 68.89 90.11 4247 61.61
Aggregate rows
baseline 97.18 82.50 90.12  50.48 68.99
DLR 92.63 76.51 82.03 43.10 62.11
local 95.92 79.11 86.42 47.88 68.35
back_translation 93.71 78.93 68.32  49.35 70.07
eda_rd 100.00 81.87 7546  48.10 68.42
eda_ri 96.25 82.31 7429  50.63 68.35
eda_rs 91.43 79.00 76.40 5243 68.83
eda_sr 92.80 80.60 7546  53.94 68.52
Phi4 Add Irrelevant Information ~ 92.50 77.42 63.55 49.20 66.62
Language Harder 88.75 78.06 60.76  47.03 64.91
Language Simpler 93.55 78.52 64.52  50.29 67.54
Question Reordering 91.08 76.16 60.87 49.42 66.88
Clause Reversal 96.84 78.15 63.64 41.85 064.94
Aggregate rows
baseline 96.28 81.15 75.61  54.15 69.18
DLR 92.54 77.66 62.67 47.56 66.18
local 94.84 80.54 7398  50.89 68.84
back_translation 95.26 78.34 83.86 82.12 87.31
eda_rd 95.76 84.33 88.00 83.20 85.24
eda_ri 96.31 85.67 90.00 86.24 85.56
eda_rs 96.67 86.26 93.08 85.34 85.87
eda_sr 96.34 86.40 91.00 86.72 85.33
opt-5 Add Irrelevant Information ~ 96.82 68.00 79.80 80.21 83.20
Language Harder 87.95 74.70 77.04 78.38 81.00
Language Simpler 96.44 75.62 82.69 81.50 82.40
Question Reordering 86.94 72.02 77.14  80.81 82.10
Clause Reversal 94.17 73.55 81.25 79.03 81.60
Aggregate rows
baseline 97.00 86.10 91.94 87.46 86.42
DLR 92.26 76.78 82.58 79.99 82.06
local 96.02 84.20 89.19 84.72 85.86

Table 14: Full model performance per augmentation type per dataset.
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Heuristic Short-Circuiting. Fig. 4 illustrates
Heuristic Short-Circuiting, where the model relies
on surface-level cues or prior expectations instead
of the provided evidence. In these cases, discourse-
level rewrites remove or obscure a critical fact, and
the model fills the gap with plausible but unsup-
ported assumptions, leading to confident yet incor-
rect answers.

P Mitigation Experiment Setup

To evaluate whether the observed degradation
can be mitigated, we add two fine-tuning base-
lines. We split the 110K original questions into
70%/15%/15% train/validation/test splits. For each
training question, we generate five semantically
equivalent DLR variants after the split, ensuring
that validation and test examples remain unchanged.
In the SFT on all DLRs setting, each original train-
ing example is therefore augmented with five DLR
variants, yielding six training instances per exam-
ple. Models are fine-tuned using standard super-
vised fine-tuning with the causal language model-
ing objective. For mitigation, we use finetunable
models for which supervised fine-tuning access is
available. We also compare against an adversarial
fine-tuning baseline that selects difficult training
examples using uncertainty-based hard-example
mining (See Appendix Q), DLR-based augmenta-
tion consistently improves performance across all
model—dataset pairs and outperforms both raw SFT
and adversarial fine-tuning, indicating that targeted
DLR provide an effective mitigation for this failure
mode.

Q Full Mitigation Results

Table 15 reports the complete mitigation results
by model and dataset. The compact table in the
main paper shows only part of these results across
finetuning methods, while this appendix Table 15
preserves the full per-dataset comparison.

We compare five settings. Base Model Per-
formance evaluates the original pretrained model
on the unmodified test set. Base Model on DLR
Dataset evaluates the same model on the discourse-
level rewrite (DLR) version of the test set, mea-
suring the robustness drop induced by answer-
preserving discourse-level changes. SFT on Raw
Dataset fine-tunes the model only on the original
training examples. SFT on all DLRs fine-tunes
the model on the original training examples to-
gether with all generated DLR variants. Since each

training question is paired with five DLR variants,
this setting exposes the model to both the original
formulation and multiple semantically equivalent
discourse-level reformulations. Finally, Adv. Fine-
tuning on Raw 1s an adversarial fine-tuning baseline
that selects difficult examples from the raw training
data, without adding DLR variants.

R Additional Technical Details

R.1 Artifacts and Intended Use

This work uses existing QA benchmarks and cre-
ates derived discourse-level rewrite (DLR) variants.
The source benchmarks are ARC-C, BIG-MATH,
DROP, GPQA, and MMLU-Pro, which are used
only for research evaluation of QA robustness and
are allowed under their distribution license. The
created artifact consists of DLR-augmented QA ex-
amples. Each rewrite is generated from an existing
benchmark item and is intended to preserve the
original task, semantic constraints, answer space,
and gold answer. The artifact is intended for study-
ing robustness to meaning-preserving reformula-
tions, analyzing model failures, and training or eval-
uating QA models under controlled discourse-level
variation.

R.2 Models Used

Model sizes are reported in Table 1 when publicly
available. For closed-source models whose param-
eter counts are not disclosed, we report them as
undisclosed.

Closed-model calls were run through Azure
OpenAl in Azure Al Foundry using the Azure
OpenAl vl API. We used the deployed model
versions available at the time of the experi-
ments: gpt-5 (2025-08-07) for GPT-5 evalua-
tion, o4-mini (2025-04-16) for DLR generation,
and gpt-4o0-mini (2024-07-18) for semantic-
equivalence validation and answer-resolution
checks.

All models were used with the default provider
configuration associated with the corresponding
deployed model version, unless explicitly stated
otherwise in the relevant appendix. The total API
budget for closed-model inference, DLR genera-
tion, and LLM-as-judge validation was approxi-
mately $1,000.

R.3 Annotation Participants

Human annotations were conducted by volunteers
from varied backgrounds. Before annotation, vol-
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Model Dataset Base Model Base Model SFT on SFT on Adyv. Finetuning
ode atase Performance on DLR Dataset Raw Dataset all DLRs on Raw
DeepSeek-V2-Lite Big-Math 52.7 + 0.61 48.9 £0.70 53.6 +0.60 55.2 1 0.63 54.4 £ 0.61
DROP 48.1 +1.15 42.0 £1.00 49.1+1.22 51.0+1.30 50.6 £ 1.43
Phi-4 Big-Math 81.15+ 0.80 77.66 +0.90 82.15+0.79 83.85 + 0.78 82.85+ 0.81
DROP 75.61 £0.95 62.67+1.20 74.61+1.02 76.21 £+ 1.11 74.51 4+ 1.20
LLaMA-3.3-70B  Big-Math 82.50 £ 0.30 76.514+0.34 82.30 +0.28 84.20 £+ 0.29 83.20 +0.31
DROP 90.12+0.22 82.03+0.30 90.024+0.25 93.12 +0.29 92.324+0.33
GPT-4.1-mini Big-Math 67.1 £ 0.51 62.2 £+ 0.60 69.0 £ 0.55 71.2 4+ 0.56 70.0 £ 0.58
DROP 85.9 £0.87 75.0 £ 0.40 85.8+0.94 87.2+0.97 86.5 £ 1.23

Table 15: Full mitigation results across models, datasets, and fine-tuning settings. Values report accuracy with
the corresponding uncertainty. The best result in each model—dataset row is shown in bold. Fine-tuning on all
DLR variants yields the strongest performance in every setting, showing that DLR-based augmentation improves

robustness beyond both raw supervised fine-tuning and adversarial fine-tuning on raw examples.

Figure 1: M. S. collapse

Explanation: Model matches user’s undertone and replies in much simpler terms which leads to a less accurate response.

MMLU-PRO ( language_simpler) CHallucinated Constraint)

Original Question

What is the minimum time a stretch should be held for?
Options: (A) 2-3 min. (B) 30-50 s. (C) 0-10s. (D) 1-2
min. (E) 10-30 s. (F) 60 s. (G) 80-90 s. (H) 50-60 s.

Augmented Question

How long should you hold a stretch at least?

Options: (A) 2-3 min. (B) 30-50s. (C) 0-10s. (D) 1-2
min. (E) 10-30 s. (F) 60 s. (G) 80-90 s. (H) 50-60 s.

Explanation: reordering the question made the question start with the outcome then propose the options. The model answered
in the same order where it discusses air-pollution then finding from its own answer the chosen answer. Doing this it missed in

reasoning over other sources that could have changed its answer (as in the baseline case).

( ARC-C ( question_reordering ) (Prediction Flip)

Original Question

What is the greatest contributor to air pollution in the
United States?

Options: (A) factories (B) automobiles (C) power plants
(D) burning waste

Augmented Question

Of the air pollution in the United States, what is its largest
source of the ones below?

Options: (A) factories (B) automobiles (C) power plants
(D) burning waste
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Figure 2: Hyper-Granularity Trap

Explanation: The model overcomplicated a simple answer possibly due to match user’s jargon. Correct: humans have 12 pairs
of ribs (7 true + 5 false, including 2 floating) = 24 total ribs. Instead, the model incorrectly re-categorized the ribs, introduced
confusing sub-counts, and double-counted pairs as "7+7+3+3" to get 20 pairs (40 ribs). Its mistake is not a lack of reasoning but
an unnecessary, incorrect re-segmentation and double-counting of categories, i.e. over-complicating the problem and producing
erroneous internal bookkeeping.

MMLU-PRO ) ( language_harder ) (Prediction Flip)

Original Question

How many ribs are there in the human body?
Options: (A)42 (B)24 (C)18 (D)36
(E)40 F28 (G)22 (H)30

Augmented Question

What is the total number of rib bones present within the
anatomical structure of the human organism?

Options: (A) Forty-two  (B) Twenty-four

(C) Eighteen (D) Thirty-six

(E) Forty  (F) Twenty-eight

(G) Twenty-two  (H) Thirty

Explanation: The model over-counted by multiplying the correct answer (540) by 6! = 720 to get 388,800. This extra factor
likely came from incorrectly applying the "unique cars" constraint twice. Once at the start when setting up the problem and again
at the end by permuting cars within lanes, even though their order is fixed by arrival sequence. The model added an irrelevant
permutation step instead of recognizing the order was already determined.

BIG-MATH ( irrelevant_info ) (Logic Error)

Original Question

Six cars pull up to a red light, one at a time. At the light,
there are three lanes... How many ways can the cars stack
up so that all three lanes are occupied?

Note that... the cars are distinguishable, but pull up to the
intersection in a fixed order.

Augmented Question

In a bustling city intersection where the aroma of street
food wafts through the air, six distinct cars approach a red
traffic light sequentially. The intersection features three
lanes...

The task is to determine the number of possible arrange-
ments... such that each lane is occupied by at least one
car... Note that each of the cars is unique.
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Figure 3: Premise Rejection

Explanation: The model incorrectly focused on the added detail "works hard to chop down," treating the mechanical energy of
chopping as part of the answer sequence. It failed to recognize that chopping is just the method of harvesting, not part of the
photosynthesis-to-burning energy transformation being asked about. This caused it to reject all options as incorrect.

( ARC-C ) (add_information ) (Refusal / Logic Error)

Original Question

A person cuts down a living oak tree. The person burns the
wood... to boil water. Which sequence correctly orders
the energy transformations...?

Options: (A) light energy — chemical energy — thermal
energy (B) thermal — chemical — light (C) chemical —
mechanical — electrical (D) electrical — mechanical —
chemical

Augmented Question
A person works hard to chops down a living oak tree and

... to heat water. Which sequence correctly describes the
energy changes...?

Options:

(same as above)

Figure 4: Heuristic Short-Circuiting

Explanation: ID: 2751
DROP Cirrelevant_info) (Hallucination / Missing Info)
Original Question

The First Division... proceeded northward... A total of
10,000 Korean troops guarded the city against the 30,000
advancing Japanese...

How many more Japanese troops were there than Korean
troops?

Augmented Question

In the historical context of the late 16th century... The
city was defended by 10,000 Korean troops... [The text
describes the First and Third Divisions having 10,000 and
20,000 respectively joining forces but omits the specific
number 30,000].

Considering the troop numbers, how many more Japanese
troops were there than Korean troops?
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Figure 5: Numerical Calculation Error

Explanation: ID: 1829

( DROP )( language_harder (Numerical Calculation Error)
Original Question

The ages of New Haven residents are distributed as fol-
lows: 25.4% are under 18, 16.4% are from 18 to 24,
31.2% are from 25 to 44, 16.7% are from 45 to 64, and
10.2% are 65 years of age or older.

‘What percentage of the population is not 65 years of age
or older?

Augmented Question

The demographic composition of New Haven residents is
partitioned as follows: 25.4% are younger than 18, 16.4%
fall between 18 and 24, 31.2% are between 25 and 44,
16.7% are between 45 and 64, and 10.2% belong to the
65-or-older age category.

What percentage of the population does not fall within the
65-or-older category?

unteers were informed that their judgments would
be used for research validation and reported only
in aggregate. Participation was voluntary, and pro-
ceeding with the annotation task was treated as
consent to use their annotations for this purpose.
For each task, annotators were given the exact
same written instructions used by the correspond-
ing LLM judge. The tasks were text-only and re-
quired annotators to judge benchmark questions,
model outputs, or rewrite pairs according to the
provided prompt. No personal information was
collected from annotators.
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